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fluctuation of point-source plumes based on PIV-POD method
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a b s t r a c t

For an enclosed space like an industrial plant where devices and equipment generate a large amount of heat,

the fluctuation characteristics of thermal plume become more crucial. This paper aims to study the unique air

distribution of the point-source plume by shutting down all valves in a thermostatic chamber. 250 consecutive

instantaneous flow fields (in each zone) were measured by a two-dimensional particle image velocimetry (PIV)

system at a sampling frequency of 3 Hz to quantify the air distribution of the plume. Based on the experimental

data, the indoor instantaneous velocity and vorticity fields were analyzed, and the transient velocity fluctuation

characteristics of typical points were discussed. The fluctuation periods of the plume at different heights were ini-

tially estimated. Through the proper orthogonal decomposition (POD) analysis, the dominant coherent structures

in complex instantaneous flow fields were excavated, and the turbulent kinetic energy of coherent structures was

calculated. In addition, POD analysis provided a new method for validating and improving transient numerical

simulation models.

1. Introduction

Human spend 80% [1] of their lifetime indoors, and more than 70%

[2] of their work is done in a relatively closed space. Therefore, indoor

air quality (IAQ), especially the huge health effects caused by the ex-

posure of suspended particles, has attracted more and more attention

[3,4]. Most industrial plants are closely designed, and the ambient tem-

perature is controlled by centralized air-conditioning systems. The huge

heat generated by equipment in plants will cause metalworking fluid to

diffuse in the space in the form of oil mist, meanwhile, the dust will

also float with airflow, which all endanger human health and the sta-

bility of equipment, and even lead to economic losses and environmen-

tal pollution [5–7]. For enclosed spaces, complex and unstable plume

formed by heat dissipation of heat source does affect the distribution

of indoor airflow. Hence, studying the transient characteristics of flow

field, including the behaviors and physics of thermal plumes, is critical

to improving the indoor air quality of industrial plants.

Previous scholars, through numerical simulations and experimental

measurements, have done some studies of the air distribution of indoor

thermal plumes, most of which focused on steady-state flow fields, as

they are more convenient to obtain results that can guide the optimiza-

tion of indoor environment. Morton et al. [8] established the classical

plume theory, and subsequent researches are based on this to enrich

and correct the plume theory [9–11]. However, indoor flow field often

cannot maintain a steady state. The transient fluctuation characteris-
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tics of complex and irregular turbulence structures of plume cannot be

reflected by the time-averaged data. Hence, simulation researchers uti-

lized unsteady turbulence models, such as the Large Eddy Simulation

(LES) model and the transient RANS model, to reveal the instantaneous

flow field distribution. Dhotre et al. [12] presented the gas-liquid flow

in large scale bubble plumes using LES and RANS models, and found

the axial gas velocity exhibited the Gaussian profiles and plume spread-

ing. Grafsrønningen et al. [13] studied buoyant plume forming above a

heated horizontal cylinder by large eddy simulation and compared with

experimental data, and found there was a significant difference between

the experimental and numerical results. Gao et al. [14] investigated con-

vective instability process of thermal plume driven by hydrothermal ex-

halation through LES model, and tested sensitivity of eddy viscosity,

maximum plume rise height and vortex intensity to heat flux, rotation

rate and background stratification. These results also gave a valuable

reference for the design and optimization of indoor airflow distribution

compared to the time-averaged flow field data.

However, the results of numerical simulations must be validated by

experimental data to ensure their reliability. Particle Image Velocime-

try (PIV), a new velocity measurement tool that can be used to measure

global flow field distribution, is the most appropriate technique for re-

vealing transient characteristics of thermal plumes with relatively lower

velocity and significantly unstable behaviors [15]. Grafsrønningen et al.

[16] studied the characteristics of flow fields above an uniformly heated

horizontal cylinder in water, and the results presented the mean and
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Fig. 1. Thermostatic chamber: (a) the schematic of the experimental platform; (b) the photograph of the thermostatic chamber.

Table 1

Main components of the experimental platform.

Number Composition Number Composition Number Composition

1○ Heat source 2○ Electric rails 3○ CCD camera

4○ Nd:Yag laser 5○ Articulated delivery arm 6○ Cross section

fluctuating velocity fields for a range of Rayleigh numbers. Yin et al.

[17] studied fundamental large-scale flow patterns in triple building

plumes and vortex moving tendencies during the transition processes,

and found the flow pattern diversity was mainly driven by unstable

heat source wall flows. Li et al. [18] investigated the air distribution

of individual human thermal plumes in a cabin without ventilation, and

observed multi-scale characteristics of both time and intensity of the

instantaneous velocity fields.

For the analysis of coherent structures in complex flow fields, proper

orthogonal decomposition (POD) has proven to be an effective method

for identifying the dominant turbulent structures of flow fields from var-

ious instantaneous airflow distributions [19]. The basic principle of POD

is to describe the nonlinear phenomenon in a linear way. Its mathe-

matical basis is the Karhunen–Loève decomposition (KLD) theory [20].

Lumley [21] firstly introduced POD into turbulence research. The “snap-

shot” method proposed by Sirovich [22] is the mainstream method for

analyzing flow fields through POD method. POD analysis can be used

to validate the transient CFD model by comparing turbulent structures

calculated from numerical results and PIV data, especially for the large-

eddy simulation (LES) model [23–25]. Yin et al. [26] studied multi-scale

coherent structures existing in different flow patterns of triple interact-

ing plumes, and identified hierarchical four-scale flow structures that

were independent of the flow patterns.

In this research, a series of consecutive instantaneous flow field of a

single point-source plume in an enclosed space were captured using a

high-power 2D-PIV system. The PIV system was built in a thermostatic

chamber [27], and the measurement range was divided into three zones

in the vertical direction limited by the performance of the CCD camera

and the laser. According to the experimental data, the energy transfer

process of the plume vortices and the velocity fluctuation characteristics

of the typical points were analyzed, and the main coherent structures

of the instantaneous flow fields were identified by the POD method. By

analyzing the transient fluctuation characteristics of the thermal plume,

the phenomenon that contaminant diffusion caused by large heating

equipment in industrial plants can be tackled, and a valuable reference

for the optimization design of indoor airflow distribution can be pro-

vided.

2. Methods

2.1. Experimental platform

The experiment was carried out in a thermostatic chamber with an

independent temperature control system, as shown in Fig. 1. Table 1

illustrates the main components of the experimental platform. The wall

temperatures (floor, side walls, roof) and air temperature were con-

trolled by the thermostatic chamber and maintained at approximately

14 °C. The heat source was used a lawn light to simulate a point-source

plume. A low-voltage tungsten halogen lamp wick was used for easy re-

placement and high safety (requiring the corresponding transformer).

The interior wall facing the shot was covered with black curtains to

minimize background noise. Since this paper is part of the indoor flow

field studies based on PIV technology, the layout of the chamber are not

repeated here. In the previous study, a high-power 2D-PIV system was

established in the air scale model, and the jet diffusion under the action

of heat source was analyzed and evaluated [27]. This paper focused on

the transient fluctuation characteristics of a single thermal plume. The

experimental process needed to ensure that the indoor flow field was

stable and undisturbed, so all valves of air supply nozzles, air return,

and air exhaust were closed. The power of the lawn light was consistent

with our previous study, the flow field distribution of the interaction be-

tween jet and plume [27], and was set at 100 W. At this power, the heat

source and the indoor air could generate sufficient temperature differ-

ence to entrain the surrounding air to drive the plume upwards. It took

at least two hours before the indoor environment reached a steady state.

2.2. 2D-PIV system

In this experiment, a high-power 2D-PIV system was used to measure

a single thermal plume in the thermostatic chamber, which consisted of

a cross-frame TSI CCD camera with a resolution of 2048 × 2048 pixels

and Beamtech Vlite500 Nd:Yag lasers with a maximum pulse energy of

500 mJ at a wavelength of 532 nm. The laser beam passed through the

TSI zoom lens to generate a light sheet with a thickness of 1–3 mm in

the measured region. The TSI synchronizer sent a signal to the laser and

the CCD camera to match the pulse time of the laser with the exposure

time of the camera to ensure the their synchronous work.

Unlike the flow field with supply air and return air, this experiment

was in an enclosed space without ventilation, so the tracer particles

could achieve good measurement results over a relatively long period.

In this experiment, the fog liquid was followed by the glycerol mixture

used in the previous experiment [27], and the seeding concentration

produced by the fog machine could be maintained at a constant level

for about 25 min. After the fog was released, there would be 10–15 min

waiting for the flow field to stabilize again. The density of glycerin

droplet was 1.083 g/cm
3
, and the mean diameter was about 1.5 μm.

The flow field was measured by PIV system before the start of the

experiment. It took 10 min for uniform diffusion of particles, and the
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Fig. 2. Division of sub-regions in the cross section.

measurement time was 150 s with the sampling frequency of 1 Hz.

The results showed that the maximum particle diffusion velocity was

0.003 m/s, which was much lower than the rising speed of the thermal

plume, so it was considered that particles would not affect the actual

measurement results.

Limited by the performance of the camera lens and laser, in this in-

vestigation, the flow field was divided into three sub-regions in the verti-

cal direction, each with a size of 400 mm × 400 mm, and the entire flow

field was obtained by splicing, as shown in Fig. 2. In order to reveal the

transient characteristics of the plume at different heights, 250 consec-

utive instantaneous velocity fields were measured in each region with

a sampling frequency of 3 Hz and a total measuring time of over 80 s.

Due to the finite resolution of CCD camera and the limited scattering effi-

ciency of fog particles, the maximum field of view (FOV) for a single shot

was restricted to about 0.16 m
2
. PIV image analysis was performed by

TSI INSIGHT
TM

4G software. First, the background subtraction was used

to reduce the background noise of raw images. Then, the velocity vectors

in the particle images were extracted using the Fast Fourier Transform

Algorithm. These images were processed by the adaptive correlation al-

gorithm to obtain the time-averaged flow field of each sub-region, and

the global flow field can be obtained by image stitching. These flow field

data were vector points arranged in matrix form, and the measurement

results needed to be further analyzed by Tecplot 360 software. The final

size of the interrogation window was set to 64 × 64 pixels, the overlap

of adjacent sub-regions was 30%, and the spatial resolution of all FOVs

was 260 μm/pixel. The cross-frame time depended mainly on the maxi-

mum airflow velocity and the interrogation window size in the shooting

area. In this experiment, the optimum cross-frame time was 1000 μs at

a maximum flow rate of 0.4 m/s, and 1500 μs at 0.25 m/s.

2.3. Uncertainty analysis

PIV measurement cannot evade experimental measurement error,

which was usually divided into two categories: systematic error and

statistical error. Systematic error is caused by a variety of factors,

like the seeding concentration, particle tracking behavior, background

noise, image distortion, random displacement error, etc. These sources

of error do not independently affect the accuracy of the system. After

Fig. 3. Consecutive instantaneous flow fields: (a) velocity fields; (b) vorticity fields.
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Fig. 4. Positions of typical points in the time-averaged velocity field.

processing by the 2D-PIV application, the systematic error can be con-

trolled within 3%. The statistical error for PIV applications is mainly

generated by random sampling. Assuming that the sampling error of

uncorrelated PIV data is normally distributed, the Central Limit Theo-

rem [28] can be used to estimate the standard random sampling error.

The random sampling error is defined by the following equations:

𝑆(𝑈 ) = 1
√
𝑁

⋅
𝑍𝛼

2
⋅
𝑢
′

𝑈
(1)

𝑢
′ =

√√√√ 1
𝑁

𝑛∑

𝑖=1
𝑢
2
𝑖

(2)

Where S(U) is the random sampling error, Z𝛼/2 is the variable related

to the confidence level, N is the number of samples, U is the local air

velocity, and u’ is the root mean square of local air velocity. For a 95%

confidence level, the estimated random sampling error (250 samples)

for the air velocity of 0.4 m/s was 9.3%–11.5%, which resulted in an

absolute velocity error of less than 0.035 m/s.

2.4. POD analysis

The POD analysis in this paper used the “snapshot” method. This

is a method of decomposing a complex flow field into several basic

eigen-modes. Then, these basic modes are analyzed individually to ob-

tain the primary and secondary structures of the raw flow field. “Snap-

shot” method refers to taking each PIV instantaneous field as a separate

snapshot of the flow field. The POD analysis is based on a series of con-

secutive snapshots at the same location in the flow field. The calculation

process of the “snapshot” method is briefly described as following:

The first step is to calculate the time-averaged velocity field of all n

snapshots as the 0th mode of the POD. Then, all snapshots are respec-

tively subtracted from the 0th mode to obtain the fluctuating velocity

vector components vi. According to the arrangement given by Eq. (3),

a matrix V containing the fluctuating velocity components of all snap-

shots can be constructed. Through Eq. (4), an autocovariance matrix R

Fig. 5. Instantaneous V-velocity of three typical points: (a)

Point A; (b) Point B and (c) Point C.
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Fig. 6. Relative energy of the first 25 POD modes with different numbers of

snapshots in (a) Zone 1, (b) Zone 2 and (c) Zone 3.

can be constructed.

𝑉 =
[
𝑣1 𝑣2 ⋯ 𝑣𝑛

]
(3)

𝑅 = 𝑉 𝑇
𝑉 (4)

On this basis, by solving the eigenvalue problem, the “optimal” or-

thonormal basis 𝜑k of the autocovariance matrix can be obtained, and

Fig. 7. Energy accumulation in modes in different zones.

𝜑k corresponds to the POD mode, as shown in the following equation:

𝜑𝑘 =
∑𝑛

𝑖=1 𝑣𝑖Φ
𝑘

𝑖

∑𝑛

𝑖=1 𝑣𝑖Φ
𝑘

𝑖

(5)

where Φ𝑘
𝑖

represents the kth element value of the eigen-vector Φi corre-

sponding to the ith eigenvalue 𝜆i. The eigenvalue represents how much

energy is contained in the corresponding POD mode. Therefore, the

eigenvalues are ordered according to their sizes, 𝜆1 > 𝜆2 > ⋯ > 𝜆𝑛−1 >

𝜆𝑛 = 0, so 𝜑1 corresponding to 𝜆1 is the Mode 1 with the highest energy

content. If each mode is considered to represent a particular turbulent

structure, then Mode 1 represents the most energetic coherent structure

in the turbulent flow.

3. Results and discussion

3.1. Instantaneous flow fields

Fig. 3 presents the five sequential instantaneous distributions of ve-

locity magnitude and vorticity of the point-source plume in Zone 2 with

an adjacent time interval of 1 s to characterize a complete plume vor-

tex rise. Through the observation of 250 consecutive instantaneous flow

fields, it could be see that the development of the plume was not a

steady-state process, but the plume consisted of a series of rising vor-

tices. Since the 2D-PIV system was used in this experiment, the tran-

sient velocity could only be processed into components in the X and Y

directions. In the actual shooting, there should be 3969 vectors in each

instantaneous flow field. In order to make a clear display, only one of

the two vectors was shown in each direction. The vorticity can describe

the local rotation of the vortex, as defined by the following equation:

𝜔 =
𝜕𝑈𝑦

𝜕𝑥
−
𝜕𝑈𝑥

𝜕𝑦
(6)

Different from continuous smooth time-averaged flow fields, instan-

taneous flow fields have complex unsteadiness and intermittent. Taking

Zone 2 as an example, the plume structures at different times were sig-

nificantly different and exhibited unstable self-oscillation phenomenon

during development (Fig. 3(a)). It indicated that the plume caused in-

stability of its own flow structures when entraining the surrounding air

by shearing, called the Kelvin–Helmholtz instability [29]. The flow fluc-

tuation would further develop into discrete vortices, which alternated

in both sides of the plume in a very random manner. Fig. 3(b) depicts

the distribution of the instantaneous vorticity fields, which could further

analyze the generation law of the spatial vortex structures. There were

discrete vortex sequences rotating counterclockwise and clockwise on

the left and right sides of the plume, respectively. And these instanta-

neous vortex structures also verified the theory of energy cascade that
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Fig. 8. Typical POD modes of fluctuating flow fields in different

Zones: (a) Zone 3; (b) Zone 2; (c) Zone 1.
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Table 2

Variances of 250 consecutive samples.

A B C

Var-u (m/s) 0.0061 0.0061 0.0064

Var-v (m/s) 0.0105 0.0131 0.0142

turbulent energy was transferred from the large vortex to the small vor-

tex. During the development of the plume, the entrainment and vortices

in the lower flow field directly affected the upper field, and the tur-

bulent energy was continuously transmitted until the energy was grad-

ually dissipated. However, the aggregation and separation of vortices

were strongly random, and the multiple scales and intensities of tran-

sient vortices were unpredictable.

3.2. Periodic fluctuation

Fig. 4 depicts the time-averaged velocity fields of a single point-

source plume in the thermostatic chamber. The global flow field was

composed of three sub-regions, and the data of each zone was taken

from 250 consecutive instantaneous velocity fields with a sampling fre-

quency of 3 Hz and a sampling time of over 80 s. The three positions

A, B, and C on the centerline of the plume were selected as the obser-

vation points of the instantaneous velocity, and adjacent points were

separated by 300 mm. In order to compare the fluctuation characteris-

tics of different typical points, the variances of velocity components of

250 consecutive samples in the X and Y directions were calculated (as

shown in Table 2). The results showed that the velocity change in the X

direction of three typical points was smaller than that in the Y direction,

which meant the fluctuation of the plume was mainly generated in the

Y direction, and the fluctuation increased with the height of the plume.

Therefore, the velocity component of the three typical points in the Y

direction within 80 s was observed, as shown in Fig. 5.

Fig. 5 depicts the variation in velocity magnitude over time for dif-

ferent typical points. With the height of plume rising, the average ve-

locity of the typical points decreased and the fluctuation period became

larger. It was because that the plume gradually consumed the energy

carried by vortices during the upward development. The fluctuations

of the three points A, B, and C increased in turn, which indicated that

the lower part of the plume was relatively more stable than the upper

part. During this period, the typical points exhibited strong fluctuations

and were highly random, so there was no specific fluctuation period.

However, through larger fluctuating trend observation, the fluctuation

periods of three points A, B, and C could be estimated in ranges of 1–2 s,

2–4 s, and 4–6 s, respectively. Hence, reliable time-independent statis-

tics should take into account the periodic fluctuations of instantaneous

flow fields.

3.3. POD analysis

The independence of the sample needs to be examined first to de-

termine the optimal sample size (sample-independent amount) prior to

POD analysis [30]. As a typical axisymmetric plume, the turbulent struc-

tures of point-source plume has some unique features. The test for sam-

ple independence can further provide a reference about the sample size

for POD analysis based on PIV measurements. In this investigation, there

were 250 consecutive snapshots in each sub-region, and 5 sample sizes

(n = 10, 25, 50, 125, 250) were sampled with equal intervals from the

total snapshots.

Fig. 6 shows the effect of different sample sizes on POD mode energy

distribution in each region. When the sample size was 10, the turbulent

kinetic energy cannot be effectively allocated to the finite modes, result-

ing in higher energy of each mode. Observing the three zones, after the

sample size reached 125 snapshots, the energy of each mode no longer

changed, and the energy distribution tended to be reasonable. Hence,

125 snapshots were the optimal sample size and could guarantee the

accuracy of the results in this study.

At the optimal sample size, 125 snapshots, Fig. 7 compares the en-

ergy accumulation of POD modes in each region. The turbulent kinetic

energy contained in the first few modes accounted for the vast majority

of the entire flow field, and Zone1 had a slower energy accumulation

than the other two zones. Mode 1, occupied 16.1%, 16.0%, 13.1%, and

the first 25 modes contributed 65.2%, 70.9%, 69.1% of the total energy

of the entire flow field in Zones 1–3, respectively, and to capture 90%

of the total energy, the number of required POD modes were 74, 67 and

68. Therefore, when reconstructing an instantaneous flow field, more

modes are needed in Zone 1, which indicates that the turbulent struc-

ture in the lower part of the plume is more complicated and the energy

content is relatively lower.

Although POD is a mathematical analysis method, the first few

modes often have practical physical meanings, which help to analyze

and excavate the dominant mechanism in complex transient fluctuation

structures [31,32]. Fig. 8 depicts typical POD modes of instantaneous

flow fields in Zones 1–3, respectively, where the velocity profiles are

significantly different from the time-averaged flow fields. The results

showed that as the plume developed upwards, the coherent structures

gradually expanded, which was consistent with the time-averaged ve-

locity fields, that is, the plume developed conically by entraining the

surrounding air. In general, the fluctuating velocity magnitude of the

coherent structures in Zone 1 was larger and the energy content was

higher, which was also in line with the theory of energy cascade that tur-

bulent kinetic energy was transmitted from the lower part to the upper

part. Specifically, the first two modes illustrated that the main coherent

structure of the plume consisted of two vortices in opposite directions.

Modes 3–5 showed the coherent structures with relatively high energy

content in the instantaneous flow fields, which appeared in a very ran-

dom manner, reflecting the convergence and separation of vortices, and

the center of the vortex had the highest turbulent kinetic energy. Modes

10, 20, 50 represented components of relatively lower energy levels and

higher fluctuation frequencies, reflecting the highly random character-

istic of the turbulent structures.

4. Conclusions

In this investigation, a series of consecutive instantaneous flow fields

in a thermostatic chamber were measured by a high-power 2D-PIV sys-

tem. The instantaneous velocity and vorticity fields of a single point-

source plume were analyzed through continuous measurement of 250

snapshots. The plume exhibited complex unsteadiness and intermittent.

There were a variety of discrete vortex structures in the instantaneous

flow field. Multi-scale vortices were randomly coalesced and separated,

and the turbulent kinetic energy was transmitted from the large to small

vortices. The velocity fluctuation of the three typical points at differ-

ent heights were used to represent the fluctuation characteristics of the

plume. The fluctuation periods were estimated for 1–2 s, 2–4 s and 4–

6 s from lower to upper parts. The increase in the fluctuation period

was accompanied by a decrease in the plume intensity, which was con-

sistent with the theory of energy cascade transferring turbulent energy.

The POD analysis was based on measured PIV data. For this experiment,

125 snapshots were the recommended optimal sample size. Comparing

the POD mode energy distribution of plume at different heights, Zone

1 had a slower energy accumulation than the other two zones, which

indicated that the turbulent structures of the lower plume was more

complicated and the energy content was relatively lower. Finally, the

coherent structures were excavated to further reveal the dominant vor-

tex structures of the point-source plume. In addition, this study provided

a new idea for the validation and improvement of transient CFD models.
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a b s t r a c t

Thermal energy storage technologies play a significant role in building energy efficiency by balancing the mis-

match between renewable energy supply and building energy demand. The absorption thermal energy storage

(ATES) stands out due to its high energy storage density (ESD), high coefficient of performance (COP), low charg-

ing temperature and wider application flexibility. A hybrid compression-assisted ATES (CATES) using ionic liquid

(IL)-based working fluids is investigated to address the problems of the existing ATES cycle. Models for mixture

property and cycle performance are established with verified accuracies. Four ILs ([DMIM][DMP], [EMIM][Ac],

[EMIM][DEP], and [EMIM][EtSO
4
]) are compared with H

2
O/LiBr. Results show that the CATES effectively avoid

the crystallization, decreases the circulation ratio, lowers the charging temperature, and improves the COP/ESD.

H
2
O/[DMIM][DMP] has the highest COP and performs better than H

2
O/LiBr with generation temperatures above

86 °C, while H
2
O/[EMIM][EtSO

4
] shows the highest COP with generation temperatures below 75 °C. Among the

H
2
O/IL mixtures, H

2
O/[EMIM][Ac] shows the highest ESD with generation temperatures above 86 °C, otherwise

H
2
O/[EMIM][EtSO

4
] shows the highest. The optimal compression ratio is 1.6–2.8 for H

2
O/[DMIM][DMP] under

the generation temperatures of 90–70 °C with the maximum COP of 0.758–0.727. The ESD increases significantly

with the compression ratio.

1. Introduction

Building energy efficiency plays an important role in mitigating

the global warming problems due to the huge energy consumption

in building sector, which accounts for 20–40% of the total energy

use [1]. Among the building energy use, heating, ventilating and air-

conditioning (HVAC) is typically the largest contributor. Renewable en-

ergy and waste heat have attracted increasing interests for improving the

HVAC energy efficiency. However, most of the existing renewable/waste

energy systems suffer from the mismatch (in terms of timing and inten-

sity) between these intermittent energy sources and time-variable build-

ing loads. This mismatch will discount the energy saving potentials of

renewable/waste energy systems. To address this issue, different ther-

mal energy storage (TES) technologies have been proposed to balance

the energy supply from renewable/waste energy sources and the energy

demand of buildings [2].

Depending on the principles of energy storage, the TES systems are

classified into sensible TES (e.g., heat storage in water, soil, and aquifer),

latent TES (e.g., cold storage in ice and cold/heat storage in phase

change materials, PCMs), and thermochemical TES (e.g., cold/heat stor-

age via chemical reaction, solid adsorption, and liquid absorption pro-

cesses) [3]. Different TES systems differs a lot in the energy storage

density (ESD), the coefficient of performance (COP) and the applica-

E-mail address: weiwu53@cityu.edu.hk

ble charging temperature. Comparing the existing TES technologies,

the sensible TES suffers from low ESDs (small capacity of temperature

change), while the latent TES has low COPs (low chilled water tempera-

tures for ice storage) or slow charging/discharging processes (low ther-

mal conductivities of PCMs). Among the thermochemical TES systems,

the solid adsorption TES typically yields low COPs, while the chemical

reaction TES usually requires a high charging temperature (minimum

of 200 °C) [4]. Therefore, the liquid absorption thermal energy storage

(ATES) stands out owing to its better comprehensive performance, i.e.,

relatively high ESDs, relatively high COPs, and relatively low charging

temperatures. An additional advantage of the ATES systems is that the

charged energy can be discharged in various forms including cooling,

heating and dehumidification, offering a wider flexibility in applications

than most TES systems.

Working fluids greatly affect the performance of the ATES systems.

The H2O-based [5,6] and NH3-based [7] solutions have been commonly

studied, with the former featuring high COPs and ESDs, and the lat-

ter suitable for sub-zero cold storage. Comparisons of the mass-based

ESDs of different working fluids under a heat source of 180 °C revealed

that NH3/H2O showed the highest ESD (95 Wh/kg) for low-temperature

cold storage (an evaporating temperature of −20 °C) while NaOH/H2O

yielded the highest ESD (260 Wh/kg) for normal-temperature cold stor-

age (an evaporating temperature of 5 °C) [8]. Comparisons of the ESDs,

https://doi.org/10.1016/j.enbenv.2019.11.001
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Nomenclature

B second virial coefficient, cm
3
/mol

Cp heat capacity, J/(mol K)

CR compression ratio

f circulation ratio

h mass-based enthalpy, kJ/kg

H mole-based enthalpy, J/mol

m mass flow rate, kg/s

p pressure, kPa

Q heat exchange rate, kW

R universal gas constant, J/(mol K)

T temperature, K, °C

V volume, cm
3
/mol, m

3

W power rate, kW

x liquid mass fraction

X liquid mole fraction

Y vapor mole fraction

𝛼, 𝜏 adjustable parameters

𝜂 efficiency

𝛾 activity coefficient

Φ correction factor

𝜌 density, kg/m
3

Abbreviations

ATES absorption thermal energy storage

CATES compression-assisted ATES

COP coefficient of performance

ESD energy storage density

HVAC heating, ventilating and air-conditioning

IL ionic liquid

NRTL non-random two liquid

PCM phase change material

TES thermal energy storage

VLE vapor-liquid equilibrium

[DMIM][DMP] 1,3-dimethylimidazolium dimethylphosphate

[EMIM][Ac] 1-ethyl-3-methylimidazolium acetate

[EMIM][DEP] 1-ethyl-3-methylimidazolium diethylphosphate

[EMIM][EtSO4] 1-ethyl-3-methylimidazolium ethylsulfate

Subscripts and Superscripts

a absorber

c condenser, compressor

e evaporator, electricity

g generator

i species index, isentropic, ideal

L liquid

mix mixing

p pump

r refrigerant

s saturation, strong, solution

w weak

COPs, charging temperatures, economics, and corrosion of different

working fluids for long-term solar heat storage indicated that H2O/LiCl

had high ESD and COP but was too expensive; H2O/KOH had low cost

and high ESD but was too corrosive; H2O/CaCl2 was inexpensive but suf-

fered from low ESD, with H2O/LiBr being the best choice considering

different factors comprehensively [9]. However, most of the aqueous

salts have a risk of crystallization when the concentration is too high

or the temperature is too low in the storage tank. Although some re-

searchers studied the feasibility of three-phase ATES with crystallization

[10,11], the accumulated solid crystal might be difficult to dissolve (es-

pecially for long-term storage), affecting the composition of the working

fluid and the sustainability of the ATES cycle.

Table 1

Basic information of different ILs.

Abbreviation Full name Molecular

Formula

Molecular

weight

[DMIM][DMP] 1,3-dimethylimidazolium

dimethylphosphate

C7H15N2O4P 222.18

[EMIM][Ac] 1-ethyl-3-methylimidazolium

acetate

C8H14N2O2 170.21

[EMIM][DEP] 1-ethyl-3-methylimidazolium

diethylphosphate

C10H21N2O4P 264.26

[EMIM][EtSO4] 1-ethyl-3-methylimidazolium

ethylsulfate

C8H16N2O4S 236.29

The literature review indicated that the current ATES suffers from

crystallization of the conventional working fluids, limiting the ESD and

system reliability. In addition, the charging temperature of the conven-

tional cycle (minimum of 80 °C) cannot be further decreased while main-

taining a satisfactory efficiency. To maximize the ATES’s contribution to

energy saving, a hybrid compression-assisted ATES (CATES) cycle us-

ing ionic liquids (ILs) as novel working fluids is proposed in this work.

Although the current prices of ILs are still high, they are expected to

decrease as the market and industry develop.

The ILs have been intensively investigated due to their negligible va-

por pressure, good stability and high solubility with various refrigerants

[12]. The introduction of ILs greatly enriches the family of absorption

working fluids, including H2O/IL, NH3/IL, alcohol/IL, HFC/IL, HFO/IL

and CO2/IL [13–16]. However, the current studies on IL-based working

fluids are all conducted for absorption chillers or heat pumps, with lit-

tle research on ATES systems. The only study on ATES using IL-based

working fluid is from our previous work [17], which compares the dy-

namic charging and discharging behaviors of a basic ATES cycle. As for

the compression-assisted absorption cycle, it has been widely used to

improve the cycle performance by integrating an auxiliary compressor

after the evaporator to increase the absorption pressure or before the

condenser to decrease the generation pressure [18,19]. This technique

has been applied to different cycles (single-effect, multi-effect and GAX

(generator absorber heat exchange)) [20–22] for different applications

(cooling and heating) [23,24]. However, there is little research on ATES

integrated with auxiliary compression, i.e., the proposed CATES cycle.

Although the initial cost will be increased, it is still economic due to

the significant performance improvement contributed by the auxiliary

compression.

The proposed hybrid CATES can be charged at much lower temper-

atures with high COPs and to more concentrated solutions with high

ESDs. The hybrid CATES will be compared with the basic ATES to eval-

uate the performance improvement. Different IL-based working fluids

will be investigated to identify the best-performing alternative.

2. Methodology

The H2O/IL mixture property model is first introduced, then the

CATES thermodynamic model is briefed, and finally the models are val-

idated or verified by the results for relevant references.

2.1. Property method of the H2O/IL mixtures

We have compared 14 H2O/IL mixtures with adequate experiment

data, using the circulation ratio as an indicator. Among the 14 ILs,

[EMIM][Ac], [EMIM][DEP] and [EMIM]EtSO4] show the lowest circu-

lation ratios in most conditions (Fig. 1). In addition, [DMIM][DMP] has

also been wide investigated in absorption cooling systems. Therefore,

based on our preliminary screening, four ILs are chosen for further de-

tailed analysis, as listed in Table 1.

The non-random two liquid (NRTL) activity coefficient model is used

to describe the vapor-liquid equilibrium (VLE) behavior, which are used

to calculate the pressure, temperature or concentration from two of the
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Fig. 1. Circulation ratios of different H
2
O/IL

working fluids (T
a
=T

c
=40 °C, T

e
=5 °C).

Table 2

Adjustable parameters of the NRTL model for H
2
O/IL mixtures.

IL 𝛼 𝜏
0
12 𝜏

1
12 𝜏

0
21 𝜏

1
21

[DMIM][DMP] −0.086 −4.442 −3283.680 3.644 −645.872

[EMIM][Ac] 0.233 −15.891 8395.751 −2.828 −952.830

[EMIM][DEP] 0.070 21.710 −1999.990 −6.694 −1999.990

[EMIM][EtSO4] 1.499 3.674 −1301.384 1.347 −906.562

three parameters [25]:

𝑌
𝑖
𝑝Φ

𝑖
= 𝑋

𝑖
𝛾
𝑖
𝑝
𝑆

𝑖
(𝑖 = 1, 2), (1)

Φ
𝑖
= 𝑒𝑥𝑝

[
(𝐵

𝑖
− 𝑉

𝐿

𝑖
)
(
𝑝 − 𝑝

𝑆

𝑖

)
𝑅𝑇

]
(2)

where Xi and Yi are the liquid and vapor mole fractions; index 1 and

2 represent H2O and IL, respectively; Y1 is 1 due to the neglected IL

concentration in the vapor phase; p is the mixture pressure, kPa; 𝑝
S
i is

the saturated vapor pressure, kPa; 𝛾 i is the activity coefficient; Φi is the

correction factor; Bi is the second virial coefficient, cm
3
/mol; 𝑉

L
𝑖

is the

saturated molar liquid volume, cm
3
/mol.

The activity coefficients of the H2O/IL mixtures are calculated by

Eq. (3)–(6) [25]:

ln𝛾1 = 𝑋
2
2

[
𝜏21𝐺

2
21(

𝑋1 +𝑋2𝐺21
)2 + 𝜏12𝐺12(

𝑋2 +𝑋1𝐺12
)2

]
(3)

ln𝛾2 = 𝑋
2
1

[
𝜏12𝐺

2
12(

𝑋2 +𝑋1𝐺12
)2 + 𝜏21𝐺21(

𝑋1 +𝑋2𝐺21
)2

]
(4)

𝐺12 = exp
(
−𝛼𝜏12

)
, 𝐺21 = exp

(
−𝛼𝜏21

)
(5)

𝜏12 = 𝜏
0
12 +

𝜏
1
12
𝑇

, 𝜏21 = 𝜏
0
21 +

𝜏
1
21
𝑇

(6)

where 𝛼, 𝜏
0
12, 𝜏

1
12, 𝜏

0
21 and 𝜏

1
21 are adjustable parameters which are re-

gressed from experimental data [26–29]. The regressed adjustable pa-

rameters of the four selected mixtures are presented in Table 2.

The enthalpies of the H2O/IL mixtures are calculated by Eq. (7)–(9)

[29]:

𝐻 = 𝑋1𝐻1 +𝑋2𝐻2 + Δ𝐻mix (7)

𝐻2 =
𝑇

∫
𝑇0
𝐶p, ILd𝑇 +𝐻0 (8)

Table 3

Coefficients of heat capacities and densities of selected ILs.

IL C
0

C
1

D
0

D
1

[DMIM][DMP] 292.135 0.321 1434.6 −0.619

[EMIM][Ac] 149.38 0.497 1119.6 −0.674

[EMIM][DEP] 348.016 0.607 1314.2 −0.576

[EMIM][EtSO4] 242.318 0.472 1259.5 −0.680

𝐻mix = −𝑅𝑇 2
[
𝑋1

(
𝜕𝑙𝑛𝛾1
𝜕𝑇

)
𝑝,𝑋

+𝑋2

(
𝜕𝑙𝑛𝛾2
𝜕𝑇

)
𝑝,𝑋

]
(9)

where H1 and H2, are respectively the enthalpies of liquid H2O and IL,

J/mol; ΔHmix is the mixing enthalpy, J/mol; T0 is the reference temper-

ature (273.15 K); H0 is the reference enthalpy at the reference tempera-

ture, J/mol; R is the universal gas constant (8.314472 J/(mol K)); Cp, IL

is the heat capacity of the IL (J/(mol K)) regressed from experimental

data:

𝐶p, IL = 𝐶0 + 𝐶1𝑇 (10)

The densities of the H2O/IL mixtures are estimated by Eq. (11) and

(12) [25]:

𝜌 = 𝑥1𝜌1 + 𝑥2𝜌2 (11)

𝜌2 = 𝐷0 +𝐷1𝑇 (12)

where x1 and x2 are the mass fractions of H2O and IL, respectively; 𝜌1

and 𝜌2 are the densities of the liquid H2O and IL, kg/m
3
. The coefficients

of heat capacities (Eq. (10)) and densities (Eq. (11)) of the four selected

ILs are listed in Table 3.

2.2. Thermodynamic models of the CATES

Fig. 2 shows the schematic diagram of the CATES, in which a com-

pressor is located between the solution tank and the refrigerant tank. A

valve is installed in parallel with the compressor to realize mode switch

between the process with compression and the process without compres-

sion. In the charging process, the solution tank (acting as the generator)

is heated by the external heat source (e.g., renewable energy or waste

energy) to generate vapor H2O, which is then condensed in the refriger-

ant tank (acting as the condenser) with the condensation heat removed

by the external cooling water. As the vapor H2O being generated from
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(a) Charging process (b) Discharging process
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Fig. 2. Schematic diagram of the CATES system.

the solution tank, the H2O/IL solution gets more and more concentrated,

thus the thermal energy is stored in the solution tank. In the discharging

process, the liquid H2O evaporates from the refrigerant tank (acting as

the evaporator) while producing cooling effect. The vapor H2O is then

absorbed by the solution tank (acting as the absorber) with the absorp-

tion heat removed by the external cooling water. These processes are

similar to the normal ATES without compression.

If the available charging temperature is relatively low, the solution

IL fraction at the end of the charging process is low. Therefore, the so-

lution IL fraction at the beginning of the discharging process is also low

and the absorption process is weak. As a consequence, the performance

of the ATES system is worsened. With the assistance of the compression

in the discharging process of the CATES system, the absorption pressure

is boosted by a factor of compression ratio (CR) [30]. In this manner,

the absorption process is strengthened, and the system performance is

improved even under relatively low charging temperatures. It is worth

noticing that the compressor can also be bypassed by the valve when the

available charging temperature is high enough and the CATES is not nec-

essarily better than the normal ATES system. This bypass function can

maximize the energy storage performance under different conditions.

It is assumed that the refrigerants leaving the evaporator/condenser

are saturated; the solutions exiting the generator/absorber are in equi-

librium; the flow resistance, the pressure losses, and the heat losses are

ignored; the throttling processes are isenthalpic. This work aims to com-

pare the cycle performance of the CATES to screen novel working flu-

ids (instead of the charging/discharging behavior), so the steady-state

equations are used [11]. The dynamic behaviors will be detailed in the

future work. The CATES is modeled based on the mass and energy bal-

ances [25–29]:∑
𝑚
𝑜𝑢𝑡
=
∑

𝑚
𝑖𝑛

(13)∑
𝑚
𝑜𝑢𝑡
𝑥
𝑜𝑢𝑡
=
∑

𝑚
𝑖𝑛
𝑥
𝑖𝑛

(14)

𝑊 +𝑄 +
∑

𝑚
𝑜𝑢𝑡
ℎ
𝑜𝑢𝑡
=
∑

𝑚
𝑖𝑛
ℎ
𝑖𝑛

(15)

where min and mout are the inlet and outlet mass flow rates of each com-

ponent, kg/s; xin and xout are the inlet and outlet concentrations (re-

frigerant mass fractions); hin and hout are the inlet and outlet enthalpies,

kJ/kg; Q is the heat load and W is the electrical power input, kW.

For absorption cycles, the circulation ratio (f), defined as the ratio of

the solution pump flow rate to the refrigerant flow rate, is an important

performance indicator. The circulation ratio is calculated from the mass

conservation of refrigerant:

𝑚r𝑓𝑥w = 𝑚r + 𝑚r (𝑓 − 1)𝑥s (16)

The power of the compressor is calculated by Wu et al. [31]:

𝑊
𝑐
= 𝑚r

(
ℎ
𝑑𝑖𝑠
− ℎ

𝑠𝑢𝑐

)
=
𝑚r

(
ℎ
𝑑𝑖𝑠,𝑖

− ℎ
𝑠𝑢𝑐

)
𝜂
𝑖

(17)

where hsuc, hdis and hdis, i are respectively suction enthalpy, discharge

enthalpy and ideal discharge enthalpy, kJ/kg; 𝜂i is the isentropic effi-

ciency, an index representing the difference of an actual compression

in relative to an isentropic compression, and is set to 0.7 in this study

[31].

For the absorption cycles with auxiliary compression, the compres-

sion ratio (CR) indicating the increment of absorption pressure is defined

as:

𝐶𝑅 =
𝑝a
𝑝e

(18)

where pa and pe are the absorption pressure and evaporation pressure,

respectively, kPa.

The two most important performance indices of the CATES system,

COP and ESD, for cold storage are defined as:

𝐶𝑂𝑃 =
𝑄
𝑒(

𝑄
𝑔
+ (𝑊

𝑐
+𝑊

𝑝
)∕𝜂

𝑒

) (19)

𝐸𝑆𝐷 =
𝑄
𝑒

𝑉
𝑠
+ 𝑉

𝑟

(20)

where Qe and Qg are the cumulative cooling capacity during the dis-

charging process and heat input during the charging process, kW; Wc

and Wp are the electrical powers of the compressor and pump, kW; 𝜂e is

the power generation efficiency (45%); Vs and Vr are volumes of the so-

lution tank and refrigerant tank, m
3
. The volumes of the auxiliary com-

pressor and accessories are not considered following the convention of

the studies on ATES systems [32]. This is reasonable considering that

the solution and refrigerant tanks typically have much larger volumes.

This work investigates the effect of operating parameters on the cycle

performance, while the influence of different types of heat exchangers

will be considered in future studies. The software MATLAB [33] is used

for the programming.
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(a) [EMIM][Ac] [26] (b) [EMIM][EtSO4] [27]
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Fig. 3. Comparisons between calculation and measurement of H
2
O/IL mixtures (Marks represent experimental data; lines represent simulation results).
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Fig. 4. Verification of the thermodynamic model of the absorption cycle.

2.3. Model verification

The models needed to be verified to guarantee the accuracy of the

predicted results. To validate the NRTL property model of the H2O/IL

mixtures, the calculated pressures and the measured pressures under

various compositions and temperatures are compared in Fig. 3. For the

selected ILs, [EMIM][Ac] and [EMIM][EtSO4], the two sets of data agree

well with each other. It is also the case for other ILs, which are not pre-

sented here due to a length limitation. It is concluded that the NRTL

model can predict the properties of the H2O/IL mixtures with high ac-

curacies.

Due to a lack of studies on the ATES system with IL-based working

fluids, the performance data of a normal absorption cooling is used to

verify the CATES model. The calculated COPs using the model are com-

pared to those from the reference [29], which adopted a single-effect

absorption cooling cycle using H2O/[DMIM][DMP] as working fluid.

The condensation, absorption, and evaporation temperature are respec-

tively 40 °C, 30 °C and 10 °C for the comparison. Fig. 4 shows that the

two sets of data agree well with each other, in terms of the cooling COP

as well as the operating temperature range. The relative deviations are

within ±2% in most conditions, indicating high accuracy of the CATES

model in predicting the performance of absorption cycles.

3. Performance of the CATES under various temperatures

The circulation ratios, COPs and ESDs of the CATES system using

different ILs are compared in this section. The conventional ATES sys-

tem without compression is included as the baseline cycle while the

conventional H2O/LiBr is included as the baseline working fluid. The

compression ratio CR is fixed at 1.5 for the CATES system in this sec-

tion.

3.1. Comparison of circulation ratio

Under a typical cooling condition with a chilled water temperature

of 7 °C and a cooling water temperature of 35 °C, the evaporation tem-

perature (Te) is set to 5 °C and the condensation temperature (Tc) is set

to 40 °C. The absorption temperature (Ta) is regarded as the same as

Tc with a parallel configuration of cooling water. The generation tem-

perature (Tg), which corresponds to the charging temperature, varies

from 70 °C to 100 °C. The circulation ratios of the ATES and CATES

using different working fluids are compared in Fig. 5. For both cycles,

the circulation ratio decreases fast first and slowly later as the genera-

tion temperature increases. When the generation temperature increases

to a certain value, the circulation ratio keeps relatively stable, so the

charging temperature does not need to be too high. When the gener-

ation temperature decreases to a certain value, the circulation ratio is

too high or even negative, so the cycle yields very low efficiency or even

refuses to work.

Comparing the ATES and CATES cycles, it is found that the CATES

can be charged by lower temperatures and the circulation ratio is much

lower under the same generation temperature. This is because the ab-

sorption pressure is boosted by the compression (from pe to CR·pe) and

thus the absorption process is strengthened, contributing to larger con-

centration differences and lower circulation ratios. Comparing different

working fluids, it is found that the conventional H2O/LiBr is constrained

by crystallization, i.e., there is a risk of crystallization (with a 3% safety

margin) when the generation temperature is above 90 °C. Among the

H2O/IL mixtures, H2O/[EMIM][EtSO4] shows the lowest circulation ra-

tio under lower generation temperatures while H2O/[EMIM][Ac] shows

the lowest under higher generation temperatures.
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Fig. 5. Comparisons of circulation ratios of ATES and CATES using different working fluids.

Fig. 6. Comparisons of ATES and CATES COPs under various generation temperatures.

3.2. Performance under various generation temperatures

Figs. 6 and 7 compare the COPs and ESDs of the ATES and

CATES cycles under various generation temperatures. Compared with

the ATES, the CATES can operate under lower charging temperatures.

This is because a high enough concentration difference can be ob-

tained under reduced charging temperature with the help of com-

pression. For the CATES, H2O/[DMIM][DMP] has the highest COP

and performs better than H2O/LiBr with Tg above 86 °C. When

Tg is below 75 °C, H2O/[EMIM][EtSO4] shows the highest COP

among all the working fluids. The COP keeps relatively stable for

H2O/[DMIM][DMP] with Tg above 90 °C and for other H2O/IL mixtures

with Tg above 85 °C. H2O/[EMIM][EtSO4] can operate under 70 °C,

so that the CATES can be charged with lower-temperature thermal en-

ergy. This can be well explained by the circulation ratio (Fig. 4), i.e.,

[EMIM][EtSO4] has the lowest circulation ratio under lower generation

temperatures.

Compared with the ATES, the CATES yields much higher ESDs. The

conventional H2O/LiBr has a risk of crystallization with Tg above 90 °C

and has lower ESDs than H2O/[EMIM][EtSO4] with Tg below 76 °C.

Given Tg of 100 °C, the ESD is 65.9, 67.6, 55.8 and 55.6 kWh/m
3

for H2O/[DMIM][DMP], H2O/[EMIM][Ac], H2O/[EMIM][DEP] and

H2O/[EMIM][EtSO4], respectively. Given Tg of 80 °C, the ESD is 22.2,

30.0, 26.9 and 35.5 kWh/m
3
, respectively. Among the H2O/IL mixtures,

H2O/[EMIM][Ac] shows the highest ESD with Tg above 86 °C, while

H2O/[EMIM][EtSO4] shows the highest with Tg below 86 °C.

The CATES performance (COP and ESD) characteristics shown here

is comprehensively affected by the refrigerant solubility, heat capac-

ity, mixture density and compression ratio. The refrigerant solubility in

the solution determines the circulation ratio and operating temperature

144



W. Wu Energy and Built Environment 1 (2020) 139–148

Fig. 7. Comparisons of ATES and CATES ESDs under various generation temperatures.

Fig. 8. Comparisons of ATES and CATES COPs under various condensation temperatures.

range, the heat capacity determines the generation heat load (energy

input for COP calculation), the density determines the solution volume

and thus the ESD, while the compression ratio determines the pressure

improvement and compressor power.

3.3. Performance under various condensation temperatures

In this section, Tg is fixed at 90 °C, Te is fixed at 5 °C, and Tc varies

from 30 °C to 50 °C. The effect of Tc on the COPs and ESDs of the ATES

and CATES cycles are compared in Figs. 8 and 9. Compared with the

ATES, the CATES can operate under higher condensation temperatures.

This is because a high enough concentration difference can be obtained

under increased condensation temperature with the help of compres-

sion. For the CATES, H2O/[DMIM][DMP] has the highest COP and per-

forms better than H2O/LiBr with Tc below 42 °C. When Tc is above 47 °C,

H2O/[EMIM][EtSO4] shows the highest COP among all the working flu-

ids. This is mainly due to the lowest circulation ratio of [EMIM][EtSO4]

among all the working fluids under higher condensation temperatures.

The conventional H2O/LiBr has a risk of crystallization with Tc be-

low 40 °C and has lower ESDs than H2O/[EMIM][EtSO4] with Tc be-

low 47 °C. Among the H2O/IL mixtures, H2O/[DMIM][DMP] shows the

highest ESD with Tc below 37 °C, H2O/[EMIM][EtSO4] shows the high-

est with Tc above 43 °C, while H2O/[EMIM][Ac] shows the highest with

Tc in between.

3.4. Performance under various evaporation temperatures

In this section, Tg is fixed at 90 °C, Tc is fixed at 40 °C, and Te varies

from 2 °C to 20 °C. The effect of Te on the COPs and ESDs of the ATES and

CATES cycles are compared in Figs. 10 and 11. As Te increases, the COP

and ESD of both cycles increase. This is because a higher evaporation

means a higher absorption pressure, thus enlarging the concentration
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Fig. 9. Comparisons of ATES and CATES ESDs under various condensation temperatures.

Fig. 10. Comparisons of ATES and CATES COPs under various evaporation temperatures.

difference for both cycles. For the ATES, H2O/[DMIM][DMP] shows

the lowest COP with Te below 3 °C, due to the lowest circulation ratio.

For the CATES, H2O/[DMIM][DMP] has the highest COP and performs

better than H2O/LiBr with Te above 3 °C. H2O/[DMIM][DMP] obtains

larger improvement from the compression technique.

Given a high Te of 20 °C, the ESD is 146.1, 130.7, 116.8

and 156.9 kWh/m
3

for H2O/[DMIM][DMP], H2O/[EMIM][Ac],

H2O/[EMIM][DEP] and H2O/[EMIM][EtSO4], respectively. Among the

H2O/IL mixtures, H2O/[EMIM][Ac] shows the highest ESD with Te be-

low 8 °C, while H2O/[EMIM][EtSO4] shows the highest with Te above

8 °C.

4. Optimization of the compression ratio of the CATES

The above analysis uses a fixed compression ratio of 1.5, and the

effect of CR on the performance is investigated to identify the optimal

CR for the CATES. With CR varying from 1.0 to 3.0, the COPs and ESDs

of the CATES using H2O/[DMIM][DMP]under different generation tem-

peratures are presented in Fig. 12. Fig. 12(a) indicates that the COP in-

creases first and decreases later with the CR. This can be explained by

that a higher CR strengthens the absorption process and contributes to a

larger concentration difference, but a too high CR leads to an increased

compressor power per cooling capacity. As a result, there is an optimal

CR at which the COP of the CATES reaches the maximum. The optimal

CR is 1.6, 2.1 and 2.8 under the generation temperature of 90, 80 and

70 °C. The corresponding maximum COP is 0.758, 0.744 and 0.727, re-

spectively. When the generation temperature is low, the optimal CR is

high due to higher compression required for absorption strengthening.

For lower generation temperatures, the CATES cannot work if the CR is

too low.

Fig. 12(b) indicates that the ESD increases significantly as the CR

increases. The ESD reaches 110.9, 92.7 and 62.5 kWh/m
3

under the
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Fig. 11. Comparisons of ATES and CATES ESDs under various evaporation temperatures.

Fig. 12. Effect of compression ratio on the performance of CATES using H
2
O/[DMIM][DMP].

generation temperature of 90, 80 and 70 °C. If a higher ESD is more

desired, a higher CR can be used with a slight sacrifice of COP.

It is summarized that the CR greatly affects the charging tempera-

ture, COP and ESD. Therefore, an optimal CR can reduce the operating

cost due to maximized COP. In the meanwhile, it can reduce the vol-

umes of storage tanks (and thus initial cost of tanks) due to increased

ESD.

5. Conclusions

A hybrid CATES cycle using IL-based working fluids is investigated

to avoid crystallization, enhance performance and lower charging tem-

perature of the existing ATES cycles. Models for mixture property and

cycle performance are established with verified accuracies. Four ILs

([DMIM][DMP], [EMIM][Ac], [EMIM][DEP], and [EMIM][EtSO4]) are

compared with the conventional H2O/LiBr. The main conclusions are

drawn as follows:

(1) The CATES effectively avoid the crystallization, decreases the cir-

culation ratio, lowers the charging temperature, as well as im-

proves the COP and ESD of the conventional systems;

(2) With varying Tg, H2O/[DMIM][DMP] has the highest COP and

performs better than H2O/LiBr with Tg above 86 °C, while

H2O/[EMIM][EtSO4] shows the highest COP with Tg below 75 °C.

Among the H2O/IL mixtures, H2O/[EMIM][Ac] shows the high-

est ESD with Tg above 86 °C, while H2O/[EMIM][EtSO4] shows

the highest with Tg below 86 °C.

(3) With varying Tc, H2O/[DMIM][DMP] has the highest COP and

performs better than H2O/LiBr with Tc below 42 °C, while

H2O/[EMIM][EtSO4] shows the highest COP with Tc above 47 °C.
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Among the H2O/IL mixtures, H2O/[DMIM][DMP] shows the

highest ESD with Tc below 37 °C, H2O/[EMIM][EtSO4] shows

the highest with Tc above 43 °C, while H2O/[EMIM][Ac] shows

the highest with Tc in between.

(4) With varying Te, H2O/[DMIM][DMP] has the highest COP and

performs better than H2O/LiBr with Te above 3 °C. Among the

H2O/IL mixtures, H2O/[EMIM][Ac] shows the highest ESD with

Te below 8 °C, while H2O/[EMIM][EtSO4] shows the highest with

Te above 8 °C.

(5) There is an optimal CR to maximize the COP. The optimal CR

is 1.6, 2.1 and 2.8 under generation temperatures of 90, 80 and

70 °C with the corresponding maximum COPs of 0.758, 0.744

and 0.727, respectively. The ESD increases significantly with the

CR. If a higher ESD is more desired, a higher CR can be used with

a slight sacrifice of COP.

It is worth noticing that the viscosities of ILs are typically higher

than conventional working fluids, future work includes reducing pres-

sure drop by design optimization and strengthening heat/mass transfer

by fluid additives.
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With the advent of the era of big data, buildings have become not only energy-intensive but also data-intensive.

Data mining technologies have been widely utilized to release the values of massive amounts of building operation

data with an aim of improving the operation performance of building energy systems. This paper aims at making

a comprehensive literature review of the applications of data mining technologies in this domain. In general,

data mining technologies can be classified into two categories, i.e., supervised data mining technologies and

unsupervised data mining technologies. In this field, supervised data mining technologies are usually utilized

for building energy load prediction and fault detection/diagnosis. And unsupervised data mining technologies

are usually utilized for building operation pattern identification and fault detection/diagnosis. Comprehensive

discussions are made about the strengths and shortcomings of the data mining-based methods. Based on this

review, suggestions for future researches are proposed towards effective and efficient data mining solutions for

building energy systems.

1. Introduction

The building sector has become the largest energy consumer in the

world [1]. It accounts for more than one third of the global energy con-

sumption [2]. Building energy systems are responsible for most of the

energy consumption in buildings, such as heating, ventilation and air

conditioning (HVAC) systems, lighting systems and so on [3]. Equip-

ment faults, equipment degradation and improper control are widely

existed in building energy systems, which result in serious energy waste

[4]. Katipamula and Brambley estimated that about 15% to 30% of

the energy consumed by commercial buildings was wasted due to poor

maintenance, equipment degradation, and improper control in building

energy systems [5]. Lee and Cheng investigated a large amount of re-

searches related to building energy saving [6]. They discovered that, in

average, 39.5% of the lighting energy consumption and 14.1% of the

energy consumption of HVAC systems could be saved if they were oper-

ated properly. Roth et al. found that, in American commercial buildings,

about 4% to 18% of the energy consumed by lighting systems, HVAC

systems and refrigeration systems was wasted due to thirteen key faults

[7].

With the popularity of building automation systems, a tremendous

amount of building operation data has been stored [8]. These data can

reflect the actual operation conditions of buildings, which is very useful

for building energy management tasks. Data mining technologies have

∗
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E-mail address: chaobo.zhang@zju.edu.cn (C. Zhang).

been recognized as one of the most promising tools to extract valuable

knowledge from massive amounts of building operation data. The ex-

tracted knowledge can be used for fault detection and diagnosis (FDD),

operation optimization, predictive modeling and so on [9]. In general,

data mining technologies can be classified into two categories, i.e., su-

pervised data mining technologies and unsupervised data mining tech-

nologies. Supervised data mining technologies aim at learning the com-

plicated relationship between multiple variables. It is usually utilized

for prediction tasks or classification tasks. Unsupervised data mining

technologies are good at discovering intrinsic structures, relations, and

interconnectedness of data. It is capable of discovering hidden operation

patterns of building energy systems from their operation data.

In the past decade, some literature reviews had been made about

the applications of data mining technologies in the field of buildings, as

described in the Section 2. However, there is still a lack of comprehen-

sive literature reviews about the data mining technologies utilized for

load prediction, fault detection/diagnosis and pattern identification in

the domain of building energy systems. It is in great need to summa-

rize the lessons from the previous researches and find opportunities for

future researches. In this study, the most recent supervised and unsuper-

vised data mining-based methods are reviewed in the Section 3.1 and

the Section 4.1 respectively. The strengths and shortcomings of the two

types of data mining-based methods are discussed in the Section 3.2 and

the Section 4.2 respectively. Some suggestions about future researches

are concluded in the Section 5.
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Abbreviation

HVAC heating, ventilation and air conditioning

AHU air handling units

VAV variable air volume

FDD fault detection and diagnosis

ANN artificial neural network

SVM support vector machine

SVR support vector regression

ARIMA autoregressive integrated moving average

DNN deep neural network

ELM extreme learning machine

RF random forest

PENN probabilistic entropy-based neural network

GRNN general regression neural network

RNN recurrent neural network

LSTM long short-term memory

GRU gated recurrent units

FCRBM factored conditional restricted boltzmann machine

CRBM conditional restricted boltzmann machine

MLR multiple linear regression

GP genetic programming

ESN echo state network

BPNN traditional back propagation neural network

RBFNN radial basis function neural network

LS-SVM least square support vector machine

MNR multiple nonlinear regression

AR auto regression

ARX autoregressive exogenous

PSO particle swarm optimization algorithm

WNN wavelet neural network

RCMACNN recurrent cerebellar model articulation controller

neural network

PCA principal component analysis

CART classification and regression tree

SVDD support vector data description

ARM association rule mining

SAX symbolic aggregate approximation

FP-growth frequent pattern tree

DBSCAN density-based spatial clustering of applications with

noise

2. Summary of previous literature reviews

In the field of building energy systems, some literature reviews

had been reported to summarize the applications of data mining

technologies in the past decade. Most of them are related to supervised

data mining technologies. Zhao and Magoulès provided an overview of

supervised data mining-based building energy consumption prediction

methods [10]. Ahmad et al. [11] and Chalal et al. [12] summarized the

applications of two common supervised data mining algorithms, i.e.,

artificial neural network (ANN) and support vector machine (SVM),

in building energy consumption prediction. Similarly, Fumo reviewed

several common supervised data mining algorithms which had been

utilized for predicting building energy consumption [13]. Amasyali

et al. made a comprehensive overview of data-driven building energy

consumption prediction methods, which covered fourteen supervised

data mining algorithms [14]. The applications of the ensemble learn-

ing algorithm in building energy consumption prediction were also

reviewed by Wang and Srinivasan [15]. Similar reviews related to the

supervised data mining-based building energy consumption prediction

methods also can be found in [16–19]. Apart from building energy

consumption prediction, Li et al. further reviewed the applications of

some supervised data mining algorithms in FDD [20].

Historical 
operation data

Data transformation

Optimization of model 

parameters

Model training

Building energy load 

prediction

Feature extraction

Fig. 1. A general process of regression-based building energy load prediction

methods.

As for the unsupervised data mining-based researches, Capozzoli

et al. provided a review of discovering knowledge from building op-

eration data using unsupervised data mining technologies [21]. Miller

et al. reviewed the researches of unsupervised data mining technologies

in the field of energy consumption analysis of non-residential buildings

[22]. Similarly, Fan et al. made a review related to knowledge extrac-

tion from building operation data based on unsupervised data mining

technologies [9].

However, previous literature reviews usually focused on a specific

application of a type of data mining technology in the building field.

The discussions in previous reviews were usually too specific and ig-

nored the relationship between different types of data mining technolo-

gies. It is necessary to make a more comprehensive review which can

take both supervised and unsupervised data mining technologies into

account. New insights can be gained through the comparison of the

strengths and shortcomings of the both types of technologies. Therefore,

this literature review is of great value.

3. Supervised data mining-based methods

3.1. Applications of supervised data mining technologies in building energy

systems

3.1.1. Regression-based building energy load prediction

Many regression algorithms had been applied for predicting build-

ing energy loads successfully such as artificial neural network (ANN)

[23], support vector regression (SVR) [24], autoregressive integrated

moving average (ARIMA) [25], deep neural network (DNN) [26], etc.

A general process of regression-based building energy load prediction

methods is as illustrated in Fig. 1. In general, it includes four steps,

i.e., data transformation, feature selection, optimization of model pa-

rameters, and model training. In the step of data transformation, the

raw historical operation data are transformed into a normalized scale

to improve the accuracy of the prediction model. The step of feature

extraction aims at extracting the most relevant variables affecting the

target energy load. The extracted features are then utilized for model

training. The step of optimization of model parameters aims at opti-

mizing hyper-parameters of the model for obtaining the optimal model

structure. Lastly, the coefficients of the model are tuned automatically

to obtain the final building energy load prediction model. The predicted

building energy loads are very useful for optimal control, performance

assessment, etc.
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Fig. 2. Illustration of a four-layer ANN-based energy load prediction method.

3.1.1.1. Artificial neural network-based methods. ANN is the most typi-

cal regression algorithm for building energy load prediction. In general,

an ANN is composed of one input layer, one or more hidden layers and

one output layer. Each layer has some artificial neurons which are con-

nected with the artificial neurons in adjacent layers. Each connection

has a weight which needs to be tuned in the step of model training.

Fig. 2 illustrates a typical four-layer ANN model for building energy

load prediction.

ANN has been widely utilized to predict building electricity loads

successfully. For instance, Bagnasco et al. introduced ANN to predict

the electricity loads of a hospital building in Italy [23]. In their work,

a three-layer ANN was trained using one-year operation data of a hos-

pital. Three common kinds of variables were selected as model inputs

including time variables, historical loads and outdoor environment vari-

ables. The results showed that the prediction accuracy of ANN was

very high in this case. Similarly, Biswas et al. developed a three-layer

ANN to predict daily total electrical consumption of a residential build-

ing [27]. Sareh et al. adopted the extreme learning machine (ELM)

algorithm, i.e., a single layer feed-forward neural network, to predict

electrical consumption of residential buildings [28]. They further com-

pared the prediction accuracy of ELM with that of a three-layer ANN.

It was discovered that ELM was superior to the three-layer ANN. Mena

et al. combined ANN and the nonlinear autoregressive with exogenous

input algorithm to predict hourly electricity loads of a public build-

ing [29]. Zhao et al. investigated the performance of three common

regression algorithms, i.e., ANN, SVR and ARIMA, in electricity load

prediction of variable refrigerant volume systems in office buildings

[25]. The results showed that ANN had the best performance among

them.

Apart from the electricity load prediction, ANN have also been

applied for cooling load and heating load prediction. For instance,

Ahmad et al. utilized ANN to predict hourly cooling loads and hourly

heating loads of a hotel building in Spain [30]. They compared the

performance of ANN with that of the random forest (RF) algorithm. The

results showed that the prediction accuracy of the ANN-based method

is higher than that of the RF-based method. Kwok et al. proposed an

improved ANN-based method, i.e., a probabilistic entropy-based neural

network (PENN), to predict cooling loads of an office building located

in Hong Kong [31]. Hou et al. proposed a cooling load prediction

method based on the rough sets theory and ANN [32]. The rough sets

theory was applied to extract the most relevant factors affecting cooling

loads as model inputs of ANN. Ben-Nakhi et al. also proposed a general

regression neural network (GRNN)-based method for hourly cooling

load prediction of office buildings [33].

3.1.1.2. Deep neural network-based methods. Recently, DNN has been

proved as an effective regression algorithm for building energy load

prediction [26]. Compared with ANN, DNN has more complex architec-

tures. Recurrent neural network (RNN) is one of the most common types

of DNN. Fan et al. investigated the prediction accuracy of three types

of RNN, i.e., the conventional RNN, long short-term memory (LSTM)

Fig. 3. Illustration of SVR-based prediction models.

and gated recurrent units (GRU), in 24 h ahead building cooling load

prediction [34]. The results showed that GRU had the best performance

in cooling load prediction of an educational building in Hong Kong.

It provided a reference for the selection of a suitable type of RNN in

building energy load prediction. Marino et al. also introduced LSTM to

predict electricity load of a residential building [35]. They proposed an

improved LSTM architecture which showed higher prediction accuracy

than the standard LSTM. Mocanu et al. investigated the performance of

two types of DNN algorithm, i.e., factored conditional restricted boltz-

mann machine (FCRBM) and conditional restricted boltzmann machine

(CRBM), in electricity load prediction of residential buildings [36]. They

discovered that the FCRBM outperformed CRBM, RNN, ANN, and SVR.

Amber et al. also compared the electricity load prediction performance

of DNN with that of four other regression algorithms, i.e., multiple lin-

ear regression (MLR), genetic programming (GP), ANN, and SVR [37].

The results showed that the prediction performance of DNN was not bet-

ter than ANN. Echo state network (ESN) is a new type of RNN. It had

been utilized by Shi et al. to predict hourly electricity load of an office

building [38].

3.1.1.3. Support vector regression-based methods. SVR is widely utilized

for building energy load prediction. Fig. 3 illustrates a typical SVR

model. In essence, it aims at finding a hyperplane in a high dimensional

space which minimizes the prediction residuals of the points outside of

the margins. The width of the margins is a hyper-parameter which is

usually pre-defined.

SVR had been widely utilized for building electricity load predic-

tion. For instance, Dong et al. introduced a radial basis function-based

SVR to predict electricity load of commercial buildings in Singapore

[24]. Four-year operation data collected from four commercial build-

ings were utilized to verify the performance of SVR in building energy

load prediction. The results showed that the prediction accuracy of SVR

was very high. Fu et al. also proposed a SVR-based method to predict

electricity load of public buildings [39]. According the results in their

cases, SVR had higher prediction accuracy than ANN. Liu et al. applied

SVR to predict the hourly energy consumption of office buildings [40].

Lai et al. adopted SVR to predict the electricity load of a residential

building in Japan [41]. SVR showed good prediction performance in the

cases in [40,41]. Massana et al. utilized SVR to predict electricity loads

of a non-residential building [42]. The prediction performance of other

two common regression algorithms, i.e., ANN and MLR, was compared

with that of SVR. The results showed that SVR had the best prediction

performance. Similarly, Li et al. discovered that SVR had better elec-

tricity load prediction performance than those of three kinds of ANN

algorithms, i.e., traditional back propagation neural network (BPNN),

radial basis function neural network (RBFNN) and GRNN [43].

SVR has also been utilized for the prediction of cooling and heat-

ing loads of buildings successfully. For instance, Li et al. proposed an
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Fig. 4. Illustration of the prediction interval of predicted building energy loads.

hourly cooling load prediction method for office buildings based on

the least square support vector machine (LS-SVM) regression algorithm

[44]. They discovered that the LS-SVM regression algorithm had higher

prediction accuracy than BPNN. Paudel et al. adopted SVR to predict

the heating loads of a residential building [45]. Zhao and Magoulès

also applied SVR to predict the heating loads of multiple buildings [46].

Similarly, Hou and Lian utilized SVR to predict the cooling loads of a

HVAC system [47]. The prediction performance of SVR was compared

with that of ARIMA. The results showed that SVR performed better than

ARIMA.

3.1.1.4. Other regression algorithm-based methods. Apart from ANN,

DNN and SVR, other regression algorithms such as piece-wise linear re-

gression, multiple nonlinear regression and ensemble learning had also

shown high building energy load prediction accuracy in some cases.

For instance, Zheng et al. proposed a piece-wise linear regression-based

method to predict the hourly electricity loads of campus buildings [48].

The proposed method showed high prediction accuracy on fifty campus

buildings. Fan et al. developed a multiple nonlinear regression (MNR)-

based method for hourly building cooling load prediction [49]. The re-

sults showed that the proposed method had higher prediction accuracy

than MLR, auto regression (AR), autoregressive exogenous (ARX), and

BPNN. Ensemble learning is an advanced regression algorithm which

can benefit from multiple individual regression algorithms. In general,

it has better prediction performance than each individual regression al-

gorithm. Chou and Bui developed an ensemble prediction model based

on SVR and ANN to predict cooling and heating loads of buildings [50].

Similarly, Fan et al. also proposed an ensemble prediction model for the

prediction of electricity loads of a public building [51]. The ensemble

model combined eight base regression algorithms, i.e., MLR, ARIMA,

SVR, RF, ANN, boosting tree, multivariate adaptive regression splines

and k-nearest neighbors. The results demonstrated that the prediction

accuracy of the ensemble model was significantly better than those of

base models.

3.1.1.5. Regression-based methods with prediction interval estimation.

Noise are widely existed in the collected building operation data, since

sensors always have measurement errors in practice. Moreover, it is

almost impossible to find optimal structures of regression models. It

results in the uncertainties of predicted building energy loads. Recently,

researchers had realized that prediction interval estimation is one of

the most effective methods to quantify the uncertainties. As illustrated

in Fig. 4, the prediction interval of predicted building energy loads

is defined as a range between the upper bound and the lower bound.

Actual observations are expected to fall within the range with a given

probability.

Zhang et al. proposed a prediction interval estimation method for

SVR-based building cooling load prediction tasks [52]. They assumed

Actual observation 

Benchmarking value

A fault is detected.

Confidence interval

Time

daol
ygren

E

Fig. 5. Illustration of regression-based FDD methods.

that the prediction residuals of SVR obeyed the zero-mean Laplace dis-

tribution. The maximum likelihood algorithm was then utilized to esti-

mate the upper and lower bounds of prediction intervals. It was a good

attempt to combine prediction interval estimation with cooling load pre-

diction. Quan et al. proposed a prediction interval estimation method for

electricity loads based on ANN and the particle swarm optimization al-

gorithm (PSO) [53]. Similarly, Guan et al. proposed a wavelet neural

network (WNN)-based prediction interval estimation method for elec-

tricity load prediction [54]. Dahl et al. proposed an ARX-based method

to estimate prediction intervals of heating loads of a district heating

system [55]. Both weather-based uncertainties and model uncertainties

were taken into account in the proposed method.

All of the methods reviewed in this section are listed in Table 1.

3.1.2. Supervised fault detection and diagnosis methods for building energy

systems

Supervised data mining technologies have also been utilized to detect

and diagnose device faults and sensor faults in building energy systems

successfully. The operation performance of building energy systems can

be improved significantly if the detected faults are removed in time.

The supervised data mining-based FDD methods can be divided into

two categories, i.e., regression-based methods and classification-based

methods.

3.1.2.1. Regression-based methods. Regression algorithms have been

utilized to develop benchmarking models for FDD. As illustrated in

Fig. 5, the developed benchmarking models are adopted to calculate

benchmarking values firstly. Then, faults can be detected if actual mea-

surements deviate from the benchmarking values significantly.

ANN is the most widely utilized regression algorithms for developing

benchmarking models. For instance, Lee et al. proposed an on-line FDD

method for air handling units (AHU) based on GRNN [56]. Four GRNN-

based benchmarking models were developed to estimate the bench-

marking values of supply-air temperature, mixed-air temperature, static-

pressure and airflow rate respectively. Residuals between the bench-

marking values and actual values were utilized to detect faults and per-

formance degradation of AHU. Wang and Jiang developed a recurrent

cerebellar model articulation controller neural network (RCMACNN) to

identify the performance degradation of coil valves in variable air vol-

ume (VAV) air conditioning systems [57]. Performance degradation was

detected if model residuals exceeded a threshold. Du et al. trained a com-

bined neural network to detect sensor faults and valve faults of AHU

[58,59]. The combined neural network was composed of the basic neu-

ral network and the auxiliary neural network. Du et al. also proposed

a WNN-based method to diagnose the sensor faults of AHU [60,61].

Similar WNN-based FDD methods for AHU can be found in [62,63].

Mavromatidis et al. introduced ANN to provide benchmarking values
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Table 1

A list of regression-based building energy load prediction methods.

Year Application Algorithm Ref.

2004 Cooling load prediction GRNN [33]

2006 ANN [32]

2009 LS-SVM regression∗ , BPNN [44]

2009 SVR∗ , ARIMA [47]

2011 PENN [31]

2017 DNN [26]

2019 RNN, LSTM, GRU∗ [34]

2019 MNR, MLR, AR, ARX, BPNN [49]

2005 Electricity load prediction SVR [24]

2008 SVR [41]

2010 SVR∗ , BPNN, RBFNN, GRNN [43]

2014 ANN [29]

2014 Ensemble learning [51]

2015 ANN [23]

2015 SVR [39]

2015 SVR [40]

2015 MLR, ANN, SVR∗ [42]

2016 ANN [27]

2016 ELM∗ , ANN [28]

2016 ANN∗ , SVR, ARIMA [25]

2016 LSTM [35]

2016 CRBM, FCRBM∗ , RNN, ANN, SVR [36]

2016 ESN [38]

2017 Piece-wise linear regression [48]

2018 MLR, GP, DNN, SVR, ANN∗ [37]

2010 Heating load prediction SVR [46]

2017 SVR [45]

2013 Electricity load prediction interval estimation WNN [54]

2014 ANN, PSO [53]

2014 Cooling & heating load prediction Ensemble learning [50]

2017 ANN, RF [30]

2017 Cooling load prediction & interval estimation SVR, maximum likelihood [52]

2017 Heating load prediction & interval estimation ARX [55]

Note:
∗

represents that the algorithm has the best performance compared with other algorithms.

of building energy consumption for detecting abnormal energy con-

sumption of supermarkets [64]. Tran investigated the performance of

three regression algorithms, i.e., MLR, Kriging and radial basis func-

tion network, in fault detection of centrifugal chiller systems [65]. They

discovered that the radial basis function network had the best perfor-

mance. Swider et al. concluded that the generalized radial basis func-

tion neural network had good performance in detecting chiller faults

[66].

Other regression algorithms had also been utilized to estimate the

benchmarking values such as SVR, Gaussian process regression, least

square regression, etc. Zhao et al. introduced SVR to estimate the bench-

marking values of performance indexes of HVAC subsystems for fault

detection [67,68]. Faults such as heat transfer degradation and evapo-

rator fouling were detected finally. Tran et al. further proposed a LS-

SVM regression-based method to calculate the benchmarking values of

performance indexes of chillers [69]. The proposed method obtained

reliable detection results of six typical chiller faults using the experi-

mental data of ASHRAE RP-1043 project. Van Every et al. adopted the

Gaussian process regression algorithm to estimate the mixed air tem-

perature, supply air temperature, and supply air flow rate of AHU [70].

The ratio between the prediction residual and its standard deviation

were then fed into a SVM classifier for FDD. Chung used the fuzzy lin-

ear regression algorithm to develop benchmarking models of the energy

efficiency of commercial buildings [71]. The developed benchmarking

models were useful for FDD of commercial buildings. Wang and Gao

proposed a kernel-based partial least square regression-based method

to detect faults and track performance degradation of heat exchangers

in HVAC systems [72]. Similarly, Turner et al. utilized a recursive least

square regression algorithm for generating benchmarking values of per-

formance indexes of HVAC systems [73]. Eight typical faults of HVAC

equipment such as fan blockage and compressor failure were detected

based on the generated benchmarking values. Karami and Wang also

introduced an adaptive Gaussian mixture model regression algorithm to

calculate the benchmarking values of performance indexes for FDD in

HVAC systems [74].

All of the methods reviewed in this section are listed in Table 2.

3.1.2.2. Classification-based methods. Classification algorithms can

learn the complicated relationship between faults and symptoms based

on the data collected in different fault conditions. Then it can detect

which fault a new condition belongs to. Two kinds of classification

algorithms have been utilized for FDD, i.e., multiclass classification

algorithms and one-class classification algorithms [75].

Multiclass classification-based FDD methods aim at classifying the

operation data into several classes, including a normal class and several

faulty classes. SVM is one of the most widely utilized multiclass classifi-

cation algorithms for FDD. Fig. 6 illustrates a two-class SVM classifier to

distinguish whether the data belong to the class of fault or not. With an

aim of training the SVM model, an optimal hyperplane is found in a high

dimensional space which maximizes the margin between the data of dif-

ferent faults. The trained SVM is then utilized to determine whether the

unlabeled data belong to the class of fault or not. Liang and Du pro-

posed a four-layer SVM classifier for detecting and diagnosing faults of

HVAC systems [76]. Four two-class SVM classifiers were developed. The

first classifier was utilized to detect weather the systems existed faults

or not. If faults occurred, the other three classifiers were used for di-

agnosing which fault occurred. Similarly, Dehestani et al. introduced

SVM for FDD of HVAC systems [77]. Han et al. also proposed some sim-

ilar SVM-based FDD methods for chillers [78–80]. Four SVM classifiers

were developed for detecting the fault-free condition and three differ-

ent faults respectively. In order to improve the performance of SVM-

based FDD methods, some data preprocessing algorithms had been inte-

grated with SVM, such as principal component analysis (PCA) [81], ARX
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Table 2

A list of regression-based fault detection and diagnosis methods.

Year Detection/diagnosis target Algorithm Ref.

2001 Faults of chillers Generalized radial basis function neural

network

[66]

2016 MLR, Kriging, radial basis function network∗ [65]

2016 LS-SVM regression [69]

2004 Faults of AHU GRNN [56]

2008 WNN [61]

2009 WNN [60]

2010 WNN [63]

2012 WNN [62]

2014 Combined neural network [58,59]

2017 Gaussian process regression [70]

2004 Faults of VAV systems RCMACNN [57]

2012 Abnormal building energy consumption patterns Fuzzy linear regression [71]

2013 Faults of HVAC systems SVR [67,68]

2017 Recursive least square regression [73]

2018 Gaussian mixture model regression [74]

2017 Faults of heat exchangers Partial least square regression [72]

Note:
∗

represents that the algorithm has the best performance compared with other algorithms.

Support 
vector

Class A (Fault)

Class B (Normal)

Fig. 6. Illustration of a two-class SVM classifier for FDD (adapted from [75]).
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Normal

Condenser fouling

Fig. 7. Illustration of a four-layer ANN-based FDD method of chillers.

[82], wavelet de-noising [83], back-tracing sequential forward feature

selection [84], etc.

Apart from SVM, ANN has also been utilized for detecting and diag-

nosing multi-faults. As shown in Fig. 7, ANN-based FDD methods aim at

training an ANN model to classify the data into different classes of faults.

Lee et al. trained an ANN classifier to diagnosis eight typical faults of

HVAC systems [85]. Seven variables were selected as the model inputs

such as the supply air temperature, the supply air pressure and the

cooling coil valve position. Eight faults were detected by the proposed

method finally including supply fan faults, return fan faults, pump faults,

cooling coli valve faults, thermocouple faults, pressure transducer faults,

α

Hypersphere

D(x)<R

D(x)>R

Support vector

Outliers

The target class

Fig. 8. Illustration of SVDD-based FDD methods (adapted from [75]).

supply flow station faults and return flow station faults. Zhou et al.

combined the fuzzy theory and ANN to detect and diagnose the faults of

a chiller [86]. There were three steps included in the proposed method,

i.e., data preprocessing, performance index generating, and fault

detection. The fuzzy theory was utilized to generate the standardized

quantitative performance indices. Then, ANN was utilized for detecting

faults based on the generated performance indices. Similarly, Kocyigit

proposed a FDD method for vapor compression refrigeration systems

based on fuzzy inference systems and ANN [87]. Sun et al. also trained

a BPNN classifier based on labeled faulty data to diagnose refrigerant

charge faults [88]. Magoulès et al. proposed a FDD method for HVAC

systems based on the recursive deterministic perceptron neural network

algorithm [89]. Four kinds of equipment faults were detected using

the proposed method including fan faults, coil faults, pump faults and

chiller faults. He et al. utilized an adaptive resonance theory neural net-

work classifier to diagnose the faults of solar hot water systems [90,91].

Guo et al. proposed a deep belief network-based method to detect and

diagnose the faults of variable flow refrigerant systems [92]. Classifica-

tion and regression tree (CART), another typical multiclass classification

algorithm, had also been utilized to diagnose the faults of AHU [93].

One-class classification algorithms assume that only one kind of la-

bel is known in the data. It can identify a normal class or one kind of

fault class. Support vector data description (SVDD) is one of the most

typical one-class classification algorithms. As illustrated in Fig. 8, SVDD

aims at finding a minimum-volume hypersphere in a high dimensional

space which can enclose most of data of the target class. Zhao et al. in-

troduced SVDD for chiller fault detection based on fault-free data [94].

Fault-free data were utilized to train a SVDD model whose hypersphere
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Table 3

A list of classification-based fault detection and diagnosis methods.

Year Fault detection/diagnosis target Algorithm Ref.

1996 HVAC systems ANN [85]

2007 SVM [76]

2011 SVM [77]

2013 Recursive deterministic perceptron neural network [89]

2009 Chillers ANN [86]

2011 SVM [78–80]

2013 SVDD [94]

2014 ARX, SVM [82]

2014 SVDD [95]

2014 PCA, one-class SVM [99]

2016 SVDD [96,97]

2017 Kalman filter, one-class SVM [98]

2018 Back-tracing sequential forward feature selection, SVM [84]

2010 Vapor compression refrigeration systems PCA, SVM [81]

2015 ANN [87]

2011 Solar hot water systems Adaptive resonance theory neural network [90,91]

2016 Variable refrigerant flow systems Wavelet de-noising, SVM [83]

2017 BPNN [88]

2018 Deep belief network [92]

2018 AHU CART [93]

could enclose most of the fault-free data. Faults were detected if the data

without labels were out of the hypersphere. Based on this work, Zhao

et al. further proposed a SVDD-based FDD method for chillers [95]. A

fault-free SVDD model was developed to detect faults, and several fault

SVDD models were developed to diagnose which fault occurred. Simi-

larly, SVDD was utilized by Li et al. to detect faults of chillers [96,97].

One-class SVM, another one-class classification algorithm, has also been

utilized for FDD. Yan et al. proposed a hybrid chiller FDD method based

on the extended Kalman filter and recursive one-class SVM [98]. The ex-

tended Kalman filter was implemented to preprocess the fault-free data.

Then, the preprocessed fault-free data were utilized to train a one-class

SVM classifier. Similarly, Beghi et al. introduced PCA and one-class SVM

to detect faults of centrifugal chillers [99]. In the proposed method, PCA

was employed for dimensionality reduction.

All the methods reviewed in this section are listed in Table 3.

3.2. Strengths and shortcomings of supervised data mining algorithms

3.2.1. Strengths

Based on the reviews, the major strengths of the supervised data

mining technologies in the domain of building energy systems are

summarized:

• Most of supervised data mining-based methods are pure data-driven.

In general, they do not require a lot domain knowledge. There are

also abundant commercial software and open source software pack-

ages available. Therefore, it is more feasible to apply supervised data

mining-based methods compared with the physical model-based

methods.

• Compared with the knowledge driven-based methods, most of super-

vised data mining-based methods have very high accuracy in energy

load prediction and FDD. Theoretically, they can learn any relation-

ships between input variables and target variables if the data are

sufficient.

• It is common that the available sensors are usually very limited in

practices. The physical model-based methods usually cannot work

in such situations. The supervised data mining-based methods show

advantages that they can still work even if some important variables

are unavailable.

3.2.2. Shortcomings

Based on the reviews, the major shortcomings of the supervised

data mining technologies in the domain of building energy systems are

summarized:

• Most of the supervised data mining models are unexplainable. In

general, they learn a statistical model between input variables and

target variables without any physical meanings. Therefore, it is hard

for experts to understand these models.

• The performance of supervised data mining-based methods would be

very poor if the operation conditions are out of the range of train-

ing conditions. Therefore, massive amounts of data are needed for

training a reliable model.

• The quality of training data has a great impact on the performance

of supervised data mining-based methods. However, in the domain

of building energy systems, the data always have missing values,

noises, outliers and dead values. They should be preprocessed care-

fully. In general, this process is very time-consuming.

• Labeled data are necessary for supervised data mining-based classi-

fication methods such as FDD. However, high-quality labeled data

are quite rare in practices. It takes lots of time for experts to label

the data manually.

4. Unsupervised data mining-based methods

4.1. Applications of unsupervised data mining technologies in building

energy systems

4.1.1. Identification of typical building operation patterns

Unsupervised data mining technologies are powerful at identifying

operation patterns of buildings from operation data. Some identified

building operation patterns are useful for helping building managers

to understand the operation performance, control strategies and energy

consumption profiles. In the domain of building energy systems, the

most widely employed unsupervised data mining-based methods are as-

sociation rule mining (ARM)-based methods, clustering-based methods

and motif detection-based methods.

4.1.1.1. Association rule mining-based methods. Association rule mining

is very powerful at extracting association rules among variables from

massive amounts of operation data. An association rule is usually rep-

resented in the form of “A → B”, where A is the antecedent and B is

the consequent. However, it requires domain experts to analyze the ex-

tracted association rules one by one to find valuable building operation

patterns.

Apriori is one of the most common ARM algorithms for identifying

typical building operation patterns. For instance, Li et al. proposed

an ARM-based method to discover energy consumption patterns and

compressor control strategies of variable refrigerant flow systems under
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Table 4

A list of association rule mining-based building operation pattern identification methods.

Year Identification task Algorithm Ref.

2015 Temporal operation patterns of building energy systems TRuleGrowth [107]

2017 Control strategies of building energy systems Weighted ARM [104]

2019 Weighted ARM [103]

2017 Typical operation patterns and control strategies of HVAC systems QuantMiner [105]

2018 QuantMiner [106]

2017 Energy consumption patterns and control strategies of variable refrigerant flow systems Apriori [100]

2017 Regulation strategies of district heating systems Apriori [101]

2018 Electricity consumption patterns of residual buildings Apriori [102]

2018 Gradual operation patterns of building energy systems ParaMiner [108]

2019 Typical operation patterns of HVAC systems CloseGraph [109,110]

various part loads [100]. Four steps were included in the proposed

method, i.e., data preprocessing, clustering analysis, data association

mining, and knowledge extraction. The step of data preprocessing

aimed at improving the quality of raw data. Then clustering algorithms

were utilized to identify operation conditions. In the step of data

association mining, the Apriori algorithm was utilized to generate

association rules under different operation conditions. Finally, the

mined association rules were interpreted by domain experts in the step

of knowledge extraction. Xue et al. also proposed a similar method to

identify regulation strategies of district heating systems [101]. Wang

et al. utilized the Apriori algorithm to reveal the electricity consumption

patterns of residual buildings [102].

Other association rule mining algorithms had also been utilized such

as weighted ARM, quantitative ARM and temporal ARM. For instance,

Li et al. proposed a weighted ARM-based method to identify control

strategies of building energy systems [103,104]. Lighting system control

strategies, chiller sequencing control strategies, and coordinated con-

trol strategies between chillers and pumps were identified. Fan et al.

introduced a quantitative ARM algorithm to identify chilled water and

condensing water distribution patterns, chiller control strategies and

cooling tower control strategies of HVAC systems [105,106]. Compared

with conventional ARM algorithms, the quantitative ARM algorithm

can mine both numerical data and categorical data without data dis-

cretization. Considering complicated dynamics in building operations,

Fan et al. proposed a temporal ARM-based method to discover temporal

operation patterns of building energy systems [107]. A similar method

to discover dynamic operation patterns of building energy systems also

can be found in [108]. Recently, researchers realized that the graph

mining algorithm, i.e., a variation of ARM, were more effective in min-

ing multi-relational databases than conventional ARM algorithms. For

instance, Fan et al. proposed a graph mining-based method to reveal

typical operation patterns of HVAC systems [109,110]. Graphs are ca-

pable of describing knowledge in a visual way. Therefore, the graph

mining-based methods can improve the interpretability of the mined

knowledge.

The methods reviewed in this section are listed in Table 4.

4.1.1.2. Clustering-based methods. Clustering algorithms have also been

widely utilized to identify typical building operation patterns from

building operation data such as building energy consumption patterns,

indoor environment distribution pattern and building energy system op-

eration patterns. As illustrated in Fig. 9, clustering algorithms aim at

classifying all the points in a data set into several clusters based on the

statistical similarity between each pair of points. The points in the same

cluster have similar statistical characteristics. And the points in different

clusters have significantly different statistical characteristics. In general,

different operation conditions have different statistical characteristics.

They can be classified into different clusters as shown in Fig. 9.

K-means clustering is one of the most popular clustering algorithms

in the domain of building energy systems. For instance, Chicco made a

comprehensive comparison of the performances of several typical clus-

tering algorithms in identifying typical electricity load patterns [111].

Pattern A

Pattern B

Pattern C

x

y

Fig. 9. Illustration of the clustering-based pattern identification methods.

They found that k-means clustering had better pattern identification per-

formance than other clustering algorithms. Similarly, Nikolaou et al.

discovered that k-means clustering was suitable for heating load clas-

sification of buildings [112]. Wu and Clements-Croome introduced k-

means clustering to identify indoor environment distribution patterns

[113]. Three indoor environment variables, i.e., temperature, humidity

and light, were selected to characterize the indoor environment. Four

types of indoor environment distribution patterns were identified fi-

nally. Gao and Malkawi applied k-means clustering to classify the build-

ings into different clusters based on twelve building performance fea-

tures [114]. Miller et al. utilized k-means clustering to identify daily

building electricity consumption patterns [115,116]. Similarly, Lavin

and Klabjan discovered daily electricity usage patterns of about 1000

commercial consumers using k-means clustering [117]. K-means clus-

tering had also been utilized to identify energy consumption patterns of

hotels [118,119]. Conventional k-means clustering algorithms can work

only when the number of clusters is given. However, this parameter is

hard to be pre-specified. Some adaptive k-means algorithms had been

developed which could optimize this parameter automatically. For in-

stance, an adaptive k-means algorithm was proposed by Kwac et al. to

discover daily energy consumption patterns of residual buildings [120].

The fuzzy c-means clustering had also been adopted to identify build-

ing operation patterns. For instance, Iglesias investigated the perfor-

mance of the fuzzy c-means clustering algorithm with four similar-

ity measures (i.e., Euclidean distance, Mahalanobis distance, Pearson

correlation-based distance and dynamic time warping distance) in iden-

tifying daily building electricity consumption patterns [121]. They dis-

covered that the Euclidean distance had the best performance. Qin and

Zhang also utilized the fuzzy c-means clustering algorithm to identify en-

ergy consumption patterns of office buildings [122]. Santamouris et al.

utilized the fuzzy c-means clustering algorithm to classify 320 school

buildings into five categories based on their energy consumption [123].
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Table 5

A list of clustering-based building operation pattern identification methods.

Year Identification task Algorithm Ref.

2007 Indoor environment distribution patterns k-means clustering [113]

2007 Energy consumption patterns of school buildings Fuzzy c-means clustering [123]

2009 Electricity load patterns of non-residential customers Support vector clustering [124]

2012 k-means clustering [111]

2012 Energy consumption patterns of hotels k-means clustering [119]

2015 [118]

2012 Lighting energy consumption patterns of commercial buildings Expectation maximization clustering [125]

2012 Building heating load patterns k-means clustering [112]

2013 Daily building electricity consumption patterns Fuzzy c-means clustering [121]

2015 k-means clustering [115,116]

2014 Building energy performance benchmarking k-means clustering [114]

2014 Daily energy consumption patterns of residual buildings Adaptive k-means clustering [120]

2015 Daily electricity usage patterns of commercial consumers k-means clustering [117]

2017 Energy consumption patterns of office buildings Fuzzy c-means clustering [122]

2017 Power consumption patterns of variable refrigerant flow systems Decision tree-based clustering [126]
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Fig. 10. Illustration of the symbolic aggregate approximation conversion

(adapted from [115]).

Other clustering algorithms were also utilized such as support vec-

tor clustering, expectation maximization clustering and decision tree

clustering. For instance, Chicco and Ilie proposed a support vector

clustering-based method to detect electricity load patterns [124]. Ac-

cording to their results, the support vector clustering algorithm had

good effectiveness when the number of clusters was low. Petcharat et al.

utilized the expectation maximization clustering algorithm to identify

lighting energy consumption patterns of commercial buildings [125].

Liu et al. proposed a decision tree-based clustering method to identify

power consumption patterns of variable refrigerant flow systems [126].

The methods reviewed in this section are listed in Table 5.

4.1.1.3. Motif detection-based methods. Motif detection aims at discov-

ering frequently occurring subsequences named motif in time-series

data. The detected motifs are useful for discovering temporal operation

patterns of buildings. Symbolic aggregate approximation (SAX) is the

most widely utilized motif detection algorithm. In general, it includes

three steps. Firstly, the time-series data is divided into a set of subse-

quences. Secondly, each subsequence is converted into an alphabetic

symbol to represent the original subsequence, as illustrated in Fig. 10.

Thirdly, time series with the same alphabetic symbols were classified

into the same class as a motif if they occur frequently.

Patnaik et al. utilized SAX to extract operation modes of chillers

[127–129]. Based these works, Shao et al. further proposed a SAX-based

method to identify temporal power operation patterns of appliances

in commercial buildings [130]. According to the researches of Patnaik

et al. [127–129] and Shao et al. [130], SAX was powerful to describe the

energy consumption patterns of building equipment in a robust form.

Miller et al. also introduced SAX to detect daily energy consumption

profiles of buildings [115,116]. Fonseca et al. proposed an adaptive

SAX-based method to identify daily electricity consumption patterns of

buildings [131]. Generic algorithms were adopted to optimize two input

parameters of SAX, i.e., the word size and the alphabet size. Similarly,

Reinhardt and Koessler proposed a SAX-based method to identify power

consumption patterns [132]. Habib and Zucker introduced SAX to iden-

tify common operation patterns of an absorption chiller [133]. Fan et al.

applied SAX to extract temporal energy consumption patterns of build-

ings and frequent operation patterns of subsystems [107,108]. Kalluri

et al. proposed a SAX-based time series subsequence mining method to

discover operation patterns of appliances in office buildings [134]. Chen

and Wen used SAX to identify operation conditions of HAVC systems

[135].

The methods reviewed in this section are listed in Table 6.

4.1.2. Unsupervised fault detection and diagnosis methods for building

energy systems

Unsupervised data mining technologies are also utilized for detecting

sensor faults, device faults and anomalies in building operations without

labeled faulty data. In general, there is no significant difference between

the anomaly detection methods and the fault detection methods. There-

fore, the anomaly detection is regarded as a research branch belonging

to FDD in this paper. The common unsupervised data mining-based FDD

methods can be categorized into ARM-based methods, clustering-based

methods, discord detection-based methods and PCA-based methods.

4.1.2.1. Association rule mining-based methods. ARM have also been uti-

lized to detect faults of building energy systems from massive amounts

of building operation data successfully. Apriori is the most common one

in the domain of building energy systems. Xiao and Fan proposed a data

mining framework based the Apriori algorithm to detect deficit flow

faults and abnormal operation patterns of HVAC systems [136]. The pro-

posed framework consisted of five steps including data preprocessing,

clustering analysis, association rule mining, post-mining and knowledge

application. It was also applicable for FDD of other building energy sys-

tems such as lighting systems. Li et al. also discovered undercharge faults

of variable refrigerant flow systems using the Apriori algorithm [100].

Cabrera and Zareipour applied the Apriori algorithm to reveal abnormal

operation patterns of lighting systems in an actual educational building

[137]. They evaluated that 70% of the lighting energy consumption of

the actual educational building could be saved if the detected abnormal

operation patterns were removed. Similarly, Xue et al. detected remote

flow meter faults and abnormal operation patterns of district heating

systems based on the Apriori algorithm [101].

Frequent pattern tree (FP-growth) is another common ARM algo-

rithm for this purpose [138]. In general, FP-growth preforms better than
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Table 6

A list of motif detection-based building operation pattern identification methods.

Year Identification task Algorithm Ref.

2009 Operation patterns of chillers SAX [127]

2010 SAX [128]

2011 SAX [129]

2013 Temporal power operation patterns of appliances in

commercial buildings

SAX [130]

SAX

2015 Common operation patterns of an absorption chiller SAX [133]

2015 Temporal energy consumption patterns of buildings SAX [107]

2016 Operation patterns of appliances in office building SAX [134]

2014 Electricity consumption patterns of buildings SAX [132]

2015 SAX [115,116]

2017 SAX [131]

2017 Operation patterns of HAVC systems SAX [135]

2018 [108]

Table 7

A list of association rule mining-based fault detection and diagnosis methods.

Year Fault detection/diagnosis target Algorithm Ref.

2012 HVAC systems FP-growth [139]

2014 Apriori [136]

2015 QuantMiner [143]

2017 QuantMiner [142]

2019 FP-growth [140,141]

2019 Text mining [144]

2013 Lighting systems in school buildings Apriori [137]

2015 Building energy systems TRuleGrowth [107]

2018 ParaMiner [108]

2019 CloseGraph [109,110]

2017 District heating systems Apriori [101]

2017 Variable refrigerant flow systems Apriori [100]

Apriori in mining massive amounts of data. Yu et al. introduced the FP-

growth algorithm to identify abnormal operation patterns and equip-

ment faults of HVAC systems [139]. Zhang et al. also proposed a FP-

growth-based method to detect temperature sensor faults and abnormal

operation patterns of HVAC systems [140,141]. They developed an as-

sociation rule comparison-based post mining method to remove most of

worthless association rules automatically. According their results, about

half of the association rules were removed by the proposed post mining

method.

However, the Apriori algorithm and the FP-growth algorithm can

work with categorical data only. Quantitative ARM algorithms can ex-

tract association rules from numerical data. They had been utilized for

FDD of building energy systems successfully. For instance, Xiao et al.

utilized a quantitative ARM algorithm named QuantMiner to detect de-

vice control faults [142]. Fan et al. also proposed a similar method to

identify abnormal operation patterns and sensor faults of HVAC systems

[143].

Graph mining algorithms, text mining algorithms, and dynamic ARM

algorithms have also been utilized for fault detection of building energy

systems. Fan et al. proposed a graph mining-based method for detecting

abnormal operation patterns of building energy systems [109,110]. The

raw data were transformed into a graph dataset. Then, the CloseGraph, a

common graph mining algorithm, was adopted to extract valuable sub-

graphs from the graph dataset. Gunay et al. introduced text mining algo-

rithms to detect equipment fault frequency of HVAC systems [144]. Fan

et al. developed two dynamic ARM-based methods which can discover

dynamic operation anomalies of building energy systems [107,108].

The methods reviewed in this section are listed in Table 7.

4.1.2.2. Clustering-based methods. Clustering algorithms can classify

measurements into different groups. They have shown powerful ability

of FDD. In general, measurements collected from different fault condi-

tions should be divided into different group as illustrated in Fig. 11.

Fault B

Fault A
Fault-free

x

y

Fig. 11. Illustration of the clustering-based fault detection method.

The fuzzy c-means clustering algorithm and the density-based spa-

tial clustering of applications with noise algorithm (DBSCAN) algorithm

are two common clustering algorithms utilized for FDD. House et al. uti-

lized the fuzzy c-means clustering algorithm to detect faults of an air-

handling unit [145]. The operation data of the air-handling unit were

classified into three types finally, i.e., normal, faulty and unknown. Zogg

et al. also proposed a fuzzy c-means clustering-based method to detect

faults of heat pumps [146,147]. Capozzoli et al. investigated the perfor-

mance of two kinds of typical clustering algorithms in detecting abnor-

mal building energy consumption patterns, i.e., the k-means clustering

and DBSCAN [148,149]. They found that the k-means clustering was

unsuitable to detect faults of building energy consumption. And the DB-

SCAN algorithm classified all the data of abnormal operation patterns

into a cluster. The DBSCAN algorithm was also utilized by Li and Hu to

detect and diagnose sensor faults of chiller systems [150].

Other clustering algorithms have also been utilized, such as the

k-means++ clustering, the subtractive clustering, the agglomerative

clustering and the k-nearest neighbor clustering. Narayanaswamy et al.

applied k-means++ clustering to identify the faults of HVAC systems

[151]. Du et al. introduced the subtractive clustering algorithm to

discover the clustering centers of normal operation data and faulty

operation data [152]. The faults of a HVAC system were isolated accu-

rately finally. Wall et al. proposed an agglomerative clustering-based

method for fault detection of HVAC systems [153]. Jakkula and Cook

introduced the k-nearest neighbor clustering to identify abnormal

power consumption patterns [154].

The methods reviewed in this section are listed in Table 8.
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Table 8

A list of clustering-based fault detection and diagnosis methods.

Year Detection/diagnosis target Algorithm Ref.

1999 Faults of an air-handling unit Fuzzy c-means clustering [145]

2001 Faults of heat pumps Fuzzy c-means clustering [146]

2006 Fuzzy c-means clustering [147]

2010 Abnormal building energy

consumption patterns

k-nearest neighbor clustering [154]

2015 DBSCAN [148]

2013 DBSCAN [149]

2011 Faults of HVAC systems Agglomerative clustering [153]

2014 k-means++ clustering [151]

2014 Subtractive clustering [152]

2018 Faults of chiller systems DBSCAN [150]

Table 9

A list of discord detection-based fault detection and diagnosis methods.

Year Detection/diagnosis task Algorithms Refs

2015 Abnormal daily building energy consumption

patterns

SAX [115]

2015 SAX [116]

2017 Faults of building energy systems SAX [131]

2018 Abnormal patterns of building electricity loads SAX [155]

Fig. 12. Illustration of principal component analysis (adapted from [158]).

4.1.2.3. Discord detection-based methods. Discord detection aims at dis-

covering infrequently occurring subsequences named discord in time-

series data. The infrequent time subsequences usually indicate faulty

operation patterns of building energy systems. SAX is the most widely

utilized algorithm to detect infrequent time subsequences. Miller et al.

utilized the SAX algorithm for identifying infrequent daily energy con-

sumption profiles of buildings [115,116]. The infrequent daily energy

consumption profiles usually resulted from hidden faults of building en-

ergy systems. However, such kinds of method cannot diagnose the spe-

cific faults automatically. Experts need to further analyze the detected

infrequent daily energy consumption profiles with an aim of diagnos-

ing the specific faults. Similarly, Capozzoli et al. proposed a SAX-based

method for discovering abnormal patterns of building electricity loads

[155]. Fonseca et al. also concluded that the SAX algorithm was promis-

ing for FDD of building energy systems [131].

The methods reviewed in this section are listed in Table 9.

4.1.2.4. Principal component analysis-based methods. PCA is one of the

most widely utilized FDD algorithms in the building field. As illustrated

in Fig. 12, the PCA algorithm decomposes original building operation

measurement space into two orthogonal subspaces, i.e., principal com-

ponent subspace and residual subspace. The principal component sub-

space reflects normal conditions. The residual subspace indicates faulty

conditions. Faults of building energy systems can be detected based on

the squared sum of the values in the residual subspace.

The PCA algorithm have been widely utilized for detecting faults

of AHU. For instance, Du and Jin introduced the PCA algorithm to de-

tect the faults of AHU [156]. Two kinds of FDD models were developed

including system-level PCA models and local-level PCA models. The

system-level models were utilized to detect the abnormity of systems

based on energy balance. Then, the local-level models were adopted to

further diagnose the type of faults. Five common faults of AHU were

detected by the proposed method including drifting bias, fixed bias,

complete failure of sensors, water valve stuck and air damper stuck.

Wang and Xiao also proposed a PCA-based method to detect and di-

agnose sensor faults of AHU under various operating conditions [157–

159]. Two PCA-based models were developed based on the pressure-

flow balance and heat balance respectively. The result showed that the

proposed method was robust in different control modes. Based on the

works of Wang and Xiao, a diagnostic tool was developed to assist build-

ing automation systems for online FDD of AHU [160]. Madhikermi et al.

applied PCA to diagnose the faults of heat recovery units in AHU [161].

Li and Wen proposed a PCA-based method combined with wavelet trans-

form for FDD of AHU [162]. It was found that the wavelet transform

could improve the sensibility and robustness of PCA. The faults of VAV

systems also can be detected using the PCA algorithm. For instance,

Du et al. proposed an improved PCA-based method to detect and diag-

nose sensor faults of VAV systems [163–166]. The joint angle analysis

plot was utilized for fault diagnosis in the improved method instead of

the conventional contribution plot. This method was further utilized to

detect multiple faults occurred in VAV systems simultaneously [167].

Similarly, Du et al. proposed a FDD method based on the PCA algo-

rithm and fisher discriminant analysis algorithm [168]. Wang and Qin

applied the PCA algorithm to detect flow sensor faults of VAV terminals

[169]. Apart from above two kinds of systems, PCA-based FDD meth-

ods have also been applied in heat pump systems [170,171], chiller

systems [150,172–175], variable refrigerant flow systems [176–178],

vapor compression systems [179], HVAC subsystems [180,181] and so

on.

The methods reviewed in this section are listed in Table 10.

4.2. Strengths and shortcomings of unsupervised data mining algorithms

4.2.1. Strengths

Based on the reviews, the major strengths of the unsupervised data

mining technologies in the domain of building energy systems are sum-

marized:

• The unsupervised data mining-based methods do not require labeled

data. High-quality labeled data are quite rare in practices. Therefore,

the unsupervised data mining-based methods have potential to be

applied more widely.

• The discovered knowledge by unsupervised data mining technolo-

gies always has physical meanings. Domain experts can explain the

discovered knowledge easily based on their domain knowledge.

• The unsupervised data mining technologies can discover hidden

knowledge from building operation data such as unknown faults and
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Table 10

A list of Principal component analysis-based fault detection and diagnosis methods.

Year Fault detection/diagnosis target Algorithm Ref.

2004 AHU PCA [157,158]

2006 PCA [159]

2006 PCA [160]

2014 PCA, wavelet transform [162]

2005 VAV systems PCA [169]

2006 PCA [165]

2007 PCA [163]

2007 PCA [166]

2007 PCA [167]

2007 PCA, fisher discriminant analysis [168]

2009 PCA [164]

2005 Chillers PCA [174]

2008 PCA [173]

2015 PCA [175]

2016 PCA [172]

2018 PCA [150]

2005 HVAC subsystems PCA [181]

2010 PCA [180]

2009 Heat pump systems PCA [170]

2017 PCA [171]

2017 Variable refrigerant flow systems PCA [176]

2017 PCA [177]

2018 PCA [178]

2017 Vapor compression systems PCA [179]

2018 Heat recovery units in AHU PCA [161]

unknown operation patterns. They can provide building managers

with new insights.

4.2.2. Shortcomings

Based on the reviews, the major shortcomings of the unsupervised

data mining-based technologies in the domain of building energy sys-

tems are summarized:

• In general, the amounts of knowledge discovered by unsupervised

data mining-based methods are very large. Most of them are useless.

It is very time consuming to find valuable knowledge from all of the

mined knowledge.

• The performance of the unsupervised data mining-based methods

depends on the quality of data significantly. The raw operation data

collected from building energy systems are always of low-quality

due to missing values, noises, outliers and dead values. It is very

time-consuming to preprocess the data.

• Compared with the supervised data mining-based methods, the unsu-

pervised data mining technologies are not good at discovering com-

plex relationships between multiple variables.

5. Suggestions for future research

According to the previous researches, there is no doubt that the data

mining-based methods have great potential to release the power of data

in the domain of building energy systems. However, most of the data

mining-based methods are still not mature enough for practical appli-

cations. Based on this review, here are some suggestions for future re-

searches:

• Develop data mining-based methods which can inherit the strengths

of both supervised data mining technologies and unsupervised data

mining technologies. The previous researches had demonstrated that

it is challenging to develop a complete solution based on a type of

data mining technology only. It would be better to introduce proper

data mining technologies of both categories to solve sub-problems,

and then to combine them in a framework as a complete solution.

• Develop universal data mining-based methods. Building energy sys-

tems are quite different with each other in sensor installations, con-

trol strategies, occupant behaviors, etc. It is unrealistic to develop

specific data mining-based methods for each building energy sys-

tem. It is in great need to develop universal methods that can serve

various building energy systems with limited adjustments.

• Develop automatic data mining-based methods. It is very crucial to

the applications of data mining technologies. Because most of tech-

nicians are not familiar with data mining technologies. For instance,

automatic data preprocessing methods is in great need to fill in miss-

ing values, remove outliers, reduce noises and extract effective fea-

tures. An ideal user-friendly data mining solution requires inputs

of high level information such as the configuration of energy sys-

tems and physical meanings of every sensor. It provides outputs such

as executable advises with detailed explanations and accurate con-

trol commands. For instance, automatic data preprocessing methods

should understand the physical meanings of the measured variables

and learn their statistical characteristics from the data, so that they

can automatically determine whether the data need to be prepro-

cessed.

• Develop domain knowledge-driven data mining-based methods.

Domain knowledge is crucial to the intelligence level of data

mining-based methods. Most of the existing methods did not

take domain knowledge into account properly. In most of time,

domain knowledge was utilized to develop data mining-based

methods by experts. The future data mining-based methods shall

be domain knowledge-driven. They shall have features of expert

systems and even cognitive computing systems. For instance, con-

ventional clustering-based building energy consumption analysis

methods usually utilized the geometrical distance between energy

consumption-related variables to quantify the similarity between

different buildings. However, the geometrical distance such as

Euclidean distance is a statistical index which has no physical

meanings. Physical principle-based similarity indexes should be

proposed for building energy consumption clustering.

6. Conclusions

A comprehensive literature review is made in this study about

the data mining-based methods in the domain of building energy sys-

tems. In general, the supervised data mining-based methods were good

at building energy load prediction and FDD. The unsupervised data
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mining-based methods were good at the extraction and identification of

operation patterns and faults.

The supervised data mining-based methods show advantages in

working without domain knowledge or physical models. Moreover, they

have high prediction accuracy, and can still be acceptable even if some

important variables are unknown. They were feasible to be utilized in

practices. However, the models are always unexplainable and cannot

extrapolate beyond the range of the training data. The unsupervised

data mining-based methods show advantages in the capacity of reveal-

ing meaningful operation patterns. However, it is very challenging to

find valuable operation patterns manually from massive amounts of the

mined patterns. The preprocessing processes for both types of methods

are always very time-consuming.

In summary, data mining-based methods have shown great potential

in releasing the power of data in the domain of building energy systems.

However, most of the data mining-based methods are still not mature for

practical applications. It is in great need to develop universal, automatic

and domain knowledge-driven data mining-based methods in the future.
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a b s t r a c t

Renewable paper reusing plays a significant role in the sustainable environment under the background of the

shortage in forest resources and the pollution from the paper industry. The conventional reusing stream of waste

office paper appears to have low reusing rates while consuming massive amounts of energy in intermediate steps.

In this study, we developed a novel portable renewable desktop paper reusing system based on font area detection

and greyscale sensor. The proposed system consists of two main parts, namely, a greyscale sensor and font area

detection model and a polishing mechanism. Acting as an ink mark detector for waste desktop paper, the greyscale

sensor and font area detection model can detect the font in the waste desktop paper using an adaptive dynamic

compensation schematic. The polishing mechanism will grind the font area of the wasted desktop paper, and this

paper reusing processing is non-chemical, energy saving and environmentally friendly. The proposed system is

demonstrated through simulations and experimental results, which show that the proposed renewable desktop

paper reusing system is portable and is effective for reusing waste office paper in the office. An accuracy of

99.78% is demonstrated in the greyscale sensor and font area detection model, and the average reuse rate of one

piece of paper is 2.52 times, verifying that the proposed portable system is effective and practical in renewable

desktop paper reusing applications.

1. Introduction

Energy efficient and environmentally friendly processes are required

in every industry. Several examples include providing a novel system

to increase the energy efficiency of road tunnels [1], proposing an en-

vironmentally friendly magnetoelectric ceramic multilayer composites

cast by water-based tape [2], designing an energy harvesting system to

harvest the abundant environmental energy of railways [3], producing

a clear picture of material flows and reusing activity that demonstrates

their importance for the environment [4], and establishing a method to

divert biodegradable materials from landfilling and recovering valuable

alternative resources [5].

However, efficient renewable waste paper reusing has a significant

role in the sustainable environment that can reduce wasted paper to

a pulp prior to cleaning and re-forming [6]. In 2014, the printing and

writing paper consumption of China rose to 1629 million tons, and it

still increases by a 4.68% growth rate [7]. Over the past several years,

the paper industry has required a large amount of energy consumption;

though the government has made a number of policies to improve the

energy efficiency, 1.7% of the industry energy demand in China in 2010

is occupied by the pulp and paper industry [8]. Furthermore, the energy

demand of the pulp production and papermaking in China has been

∗
Corresponding author.

E-mail address: zzt@swjtu.edu.cn (Z. Zhang).

increasing since 1985 (except 2007). The energy efficiency of the paper

industry is also a large problem in China. Of the energy consumed by the

paper industry, 70% is from coal, and 23% is from electric energy [9,10],

which are the primary factors increasing CO2 emissions [11]. However,

producing paper not only causes an energy problem but also causes a

resource problem. The pulp and paper industry was in the top 10 list

of CO2 emissions among 39 Chinese industrial branches [12]. Though

most paper is produced by recycled paper pulp, the recovery/utilization

rates are approximately 60%−80% [13–14]. Additionally, China’s paper

industry accounts for a larger proportion of the global paper industry

and consumes large amounts of energy [15–16]. Pulp-and-paper mill-

generated wastewaters can potentially be polluting and very dangerous.

Many attempts have been made to solve the problem of waste paper,

as is shown in Fig. 1 [17]. The Chinese waste paper collection stream

shows that the office and school are the easiest places to collect a single

type of paper. Office paper can be easily recognized before the stage of

the collecting station in offices and schools. The potential reduction in

energy consumed per ton of office paper is presented in Table 1 [18].

The conclusion can be drawn that an amount of energy is consumed

during the reusing stage. In a previous study [19], the authors designed

a multi-echelon reverse logistics operation and network to recycle and

reused office paper that can solve the problem in the way of building

https://doi.org/10.1016/j.enbenv.2019.11.002
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Nomenclature

V input speed of the paper

tn n
th

time node

S area of the inked area

L length of the area ink mark

W width of paper

I summation of light intensity

Ie environmental reflection light intensity

Id perfect reflecting diffuse light intensity

Is specular reflection light intensity

I1 measured value of grey

X(n) output of the digital greyscale sensor

yc(n) output of the dynamic compensation

yL(n) output of the digital low-pass filter

y(n) output of the digital greyscale sensor after adaptive dy-

namic compensation

W(s) transfer function of the digital greyscale sensor

A(s) transfer function of the selector switch

H(s) transfer function of the compensation network

L(z) system function of the digital dynamic filter

C(s) transfer function of the digital greyscale sensor after adap-

tive dynamic compensation

𝜏 time constant of the greyscale sensor

𝜆 pure lag time of the greyscale sensor

𝜔 cutoff angular frequency

k broaden time of greyscale sensor after daptive dynamic

compensation

𝜔s cutoff angular frequency after adaptive dynamic compen-

sation

H(z) equivalent digital filter of H(s) using the backward differ-

ence method

𝜏sam sampling interval

ΔyL(n) first-order differential of yL(n) for the current moment

Δ𝑦
𝐿(n−1) first-order differential for the moment before

F tangential polishing force

Us specific polishing energy

vw speed of paper

vp speed of the abrasive belt

ap the effective polishing depth

𝜇 coefficient of friction

N positive pressure of the paper

Ra roughness of the “anti-printed” paper

Np Paper reusing times

DW volume of the wood chips

𝐸1−𝑐𝑢𝑙𝑡 energy consumed in deforestation and slicing

𝜇1 energy density consumed in deforestation and slicing

𝑀
𝑊1

timer equivalent

𝜇2 energy for every unit of biomass

M mass of the transport paper

d distance of the transportation

𝜇3 energy consumed for every kilometre of a ton of paper

𝐸1−𝑡𝑟𝑎𝑛𝑠 energy consumed in the process of reusing waste paper

𝐸1−𝑤𝑓 raw energy input

𝑀
𝑊2

standard biomass

𝜇4 conversion coefficient of waste paper

𝐸1−𝑝&𝑝 electric energy and thermal energy consumed in the pro-

cess of making paper

Eeli electric energy consumed in producing

Ehei thermal energy consumed in producing

ɛ coefficient of electric energy consumed production

𝜑 coefficient of thermal energy consumed production

Wpi mass of the production

𝐸
𝑂−𝑊 𝑃𝐼 electric energy generated from the burning of every ton of

waste paper

MMPI mass of waste paper

Δ2yL(n) second-order differential of yL(n)

Fig. 1. Conventional recycling method.

an integer programming model. The authors in [20] proposed a poten-

tial way to reduce paper mill energy use by plant-wide energy audits.

In [21], Seiko Epson produced “PaperLab”, which can re-produce paper

without water. However, this technology faces the financial and gov-

ernment institutions that consume a large number of paper, and it is

too large and expensive for most small offices and schoolrooms. Addi-

Table 1

Potential reductions in energy consumed per ton of office paper (GJ/t).

Energy saved

from cutting out

stages

Energy added in

replacement for

cutting out stages

Net energy

saved

Incineration ≈0 ≈0 ≈0

Localization ≈0 ≈0 ≈0

Annual crop 25 15 10

Reusing 27 5 22

Un-printing 42 5 37

tionally [22], using waste paper as a type of biomass contains a great

quantity of cellulose, which is a renewable energy resource. A previous

study [23] describes the viability of using waste from the paper industry.

In addition, many methods/machines have been designed for remov-

ing the print from waste paper for reusing within the office. A previous

study [24] designed a method to remove toner print by adhesion, where

they passed the paper around a narrow radius of curvature, which cre-

ates shear between the toner layer and the surface layer of fibres. An-

other previous study [25] created a method that uses ablation to remove

toner paper by heating and pressing the paper before ablation and us-

ing rotating brushes to remove print particles that had been weakened.

There was also a study [26] that designed a device using “felt rollers”

to remove the print after softening paper by heating it. Still another

study [27] proposed a method of using solvents to soften toner particles

and breaking their bonds, subsequently using wire brushes and hot air

to clean the paper. The author of [28] used a three-chemical decolour-

ing approach that decolours under heat. Additionally, a study [29] used
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Fig. 2. Architecture of renewable desktop paper reusing system.

white or light colored toner particles as coating to obscuring toner print.

Finally, another study [30] showed a novel mechanical system to reuse

paper within the office.

Though there are many existing studies on recycling/reusing waste

office paper, methods for the portable, non-chemical treatment of re-

newable desktop paper still challenge researchers. To tackle this prob-

lem, the most critical issue is how to design a portable renewable desk-

top paper reusing system. In this paper, we introduced a novel portable

renewable desktop paper reusing system based on font area detection

and greyscale sensors. First, the greyscale sensor and font area detection

model can detect the font in the waste desktop paper using an adaptive

dynamic compensation schematic. Next, the polishing mechanism will

grind the font area of the wasted desktop paper, in which the paper

reusing processing is non-chemical, energy saving and environmentally

friendly. The proposed system is demonstrated through simulations and

experimental results, which show that the proposed renewable desktop

paper reusing system is portable and is effective for reusing waste office

paper on site.

The rest of this paper is organized as follows. In Section 2, the general

system architecture is presented. The design of the system is described in

Section 3, including the greyscale sensor and font area detection model

and a polishing mechanism, and the operating principle of the system

is illustrated. The experiment and performance analysis is derived in

Section 4. In Section 5, the results and discussion are presented. Finally,

the study’s conclusions are presented in Section 6.

2. Portable renewable desktop paper reusing system

The goal of this study is to develop a portable renewable desktop

paper reusing system for the waste paper that is non-chemical, energy

saving and environmentally friendly. The general architecture of renew-

able desktop paper reusing system, shown in Fig. 2, consists primarily

of the greyscale sensor and font area detection model and a polishing

mechanism.

Fig. 3. Component selected.

2.1. Grayscale sensor

According to the traditional writing habits of most people, the text

of the paper is concentrated on the top part of the paper, and the “anti-

print” of the remainder of the paper is useless and a waste of energy and

time. The greyscale sensor is settled beneath the paper-feeding input,

and the greyscale sensor is 0.5 cm above the paper. Before the paper

entrance to the desktop paper reusing system, the greyscale sensor will

detect ink marks on the paper, and when it detects an ink mark part

of the paper, the central control unit will activate the driving motor.

When the greyscale sensor detects a large blank part of paper, then the

central control unit will stop the driving motors to save energy. The

greyscale sensor and Arduino that we selected are shown in Fig. 3, and

the schematic of font area detection module is presented in Fig. 4.

In this study, we use an analogue greyscale sensor. Different colours

of the detection surface have different intensities of the light reflected,

and the resistance of the photoresistor to these reflected lights is also

different; the greyscale sensor can therefore sort the shades of colours.

The greyscale sensor is consisted of a light-emitting diode and a pho-

toresistor, which is installed on the same surface.

In the effective detection distance, the light-emitting diode emits

white light illumination on the detection surface, and the detection
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Fig. 4. Schematic of font area detection module.

Fig. 5. Mechanical structure of the transport unit.

surface reflects a portion of the light ray. When confronted with a black

surface, the light ray will be absorbed by the black area, the light that

is reflected to the photoresistor will be less and the return value of the

circuit will be high. When the light is irradiated to the white surface,

the diffuse reflection makes the light reflected to the photo resistance

a high value as the return value of the circuit is low. Through the size

of the returned value detected by the external circuit and converts, the

signals of Arduino can thus be identified, and we can judge the black

and white areas of the paper.

To overcome the disadvantage of hysteresis in the greyscale sen-

sor, we must dynamically compensate for the greyscale sensor in the

time-varying grey-level monitoring and control system to shorten the

response time and satisfy the requirements of the real-time monitoring

system. This design proposes a novel adaptive dynamic compensation

algorithm based on a greyscale sensor by combining a dynamic com-

pensation method based on a digital filter and adaptive decision. This

algorithm expands the working band of the digital greyscale sensor that

connects with the AD converter and uses a digital filter designed by

the backward difference method to complete its dynamic compensation.

In addition, the system cascades a digital low-pass filter after dynamic

compensation to prevent high frequency noise. According to the return

value output by the greyscale sensor, the output of the digital low-pass

filter and the decision threshold, the system chooses whether it needs

dynamic compensation adaptively and avoids over-compensation.

2.2. Mechanism structure of the desktop paper reusing system

The mechanism structure design of a desktop paper reusing system

is mainly divided into two parts, the transport unit and the polishing

unit.

2.2.1. Transport unit

The physical details of the transport unit are presented in Fig. 5. As

shown in the picture, the transport unit consists of a conveyor belt, belt

tensioner and driving motor. The transport unit can thus deliver the

paper inside and outside of the desktop paper reusing system.

Fig. 6. Mechanical structure of the polishing unit.

2.2.2. Polishing unit

The physical details of the polishing unit are shown in Fig. 6. As

presented in the picture, the polishing unit consists of the driving gear,

belt tensioner, abrasive belt and driving motors.

When the drive motor of the conveyor began to work, the motor of

the abrasive belt began working, as well, thereby driving the abrasive

belt to polish the paper.

2.3. Related calculations

A desktop paper reusing system needs the proper design of its struc-

ture and parameters to ensure that its function can be achieved exactly.

A number of related calculations must be carried out, and some impor-

tant parameters must be considered: (1) detection method, (2) control

method, (3) steady progress of the paper, (4) polishing depth, (5) and

different mesh numbers.

2.3.1. Detection method

As is shown in Fig. 7, we designed a font region detection method

based on the accumulated time node. When the paper was input with

the speed of V, it began to record the time. When the greyscale sensor

detected the black area, we recorded the time node as 𝑡1, 𝑡3, 𝑡5, 𝑡7 and 𝑡𝑛−1;
when the greyscale sensor detected the blank area, we recorded the time

node as t2, t4, t6, t8 and tn, in which t1 and tn as the signals of the con-

trolling motor rotate and stop. The area with ink marks can be carried

out as

𝑆 = 𝐿 ⋅𝑊 (1)

where L is the length of the area ink mark.

𝐿 =
[(
𝑡2 − 𝑡1

)
+
(
𝑡4 − 𝑡3

)
+⋯ +

(
𝑡
𝑛
− 𝑡
𝑛−1

)]
⋅

𝑉 =
[(
𝑡2 + 𝑡4 + 𝑡6 +⋯ + 𝑡

𝑛

)
−
(
𝑡1 + 𝑡3 + 𝑡5 +⋯ + 𝑡

𝑛−1
)]

𝑉 =

[
𝑛∕2∑

𝑘=1
𝑡2𝑘 − 𝑡2𝑘−1

]

⋅ 𝑉

(2)

Or

L =
𝑛∕2∑

𝑘=1
∫
𝑡2𝑘

𝑡2𝑘−1

𝑉 𝑑𝑡 (3)
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Fig. 7. Font region detection method based on the accumulated time node.

Fig. 8. Adaptive Dynamic Compensation Schematic of Greyscale Sensor.

Where W is the width of paper, we can determine that

𝑊 = 210 mm

Owing to the greyscale sensor receiving its light intensity by photore-

sistance, we can determine the threshold value. We can thus refer to the

illumination model that describes objects’ specular reflection based on

their diffusion reflection. An illumination model can be expressed as

the summation of environmental reflection light intensity (Ie), perfect

reflecting diffuse light intensity (Id) and specular reflection light inten-

sity (Is), which is calculated as follows:

𝐼 = 𝐼
𝑒
+ 𝐼

𝑑
+ 𝐼

𝑠
= 𝐾

𝑎
𝐿
𝑎
+ 𝐼

𝑝

[
𝐾
𝑑
(𝐿 ⋅𝑁) +𝐾

𝑆
(𝑉 ⋅ 𝑅)𝑛

]

𝐼 = 𝐼
𝑒
+ 𝐼

𝑑
+ 𝐼

𝑠
= 𝐾

𝑎
𝐿
𝑎
+
∑

𝑖

𝐼
𝑝𝑖

[
𝐾
𝑑

(
𝐿
𝑖
⋅𝑁

)
+𝐾

𝑆
(𝑉 ⋅ 𝑅)𝑛

]
.

(4)

2.3.2. Control algorithm

The Adaptive Dynamic Compensation Schematic of the Greyscale

Sensor is shown in Fig. 8. I1 is the measured value of grey, X(n) is the

output of the digital greyscale sensor, yc(n)is the output of the dynamic

compensation, yL(n) is the output of the digital low-pass filter, and y(n)is

the output of the digital greyscale sensor after adaptive dynamic com-

pensation. W(s) is the transfer function of the digital greyscale sensor,

A(s) is the transfer function of the selector switch, H(s) is the transfer

function of the compensation network, L(z) is the system function of the

digital dynamic filter. Subsequently, there is

𝐶(𝑠) = 𝑊(𝑠)𝐴(𝑠)𝐻(𝑠) (5)

C(s) is the transfer function of the digital greyscale sensor after adaptive

dynamic compensation.

The selector switch could be implemented in software. If it is the

ideal network, A(s)=1, then (5) can be rewritten as

𝐶(𝑠) = 𝑊(𝑠)𝐻(𝑠) (6)

The system completes a decision on whether it needs dynamic com-

pensation according to the return value output by the greyscale sensor,

the output of the digital low-pass filter and the decision threshold:

(1) The system chooses dynamic compensation automatically when the

greyscale changes relatively quickly at this time:

𝑦(𝑛) = 𝑦𝐿(𝑛) (7)

(2) The system terminates dynamic compensation when the greyscale

changes slowly and selects a direct signal to prevent high-frequency

noise; thus,

𝑦(𝑛) = 𝑋(𝑛) (8)

2.3.3. Dynamic compensation network design

Referring to Fig. 7, the greyscale sensor for a first-order system, its

transfer function W(s) is

𝑊(𝑠) =
1

1 + 𝜏𝑠
𝑒
−𝜆𝑠 (9)

In the above formula, 𝜏 is the time constant of the greyscale sensor,

and 𝜆 is the pure lag time of the greyscale sensor; therefore, the cutoff

angular frequency 𝜔 is 1/𝜏. Let the band of the greyscale sensor broaden

k times after dynamic compensation, and its cutoff angular frequency 𝜔s

is k𝜔; thus,

𝐶(𝑠) =
1

1 + (𝜏∕𝑘)𝑠
𝑒
−𝜆𝑠 (10)

According to the following formula (6):

𝐻(𝑠) =
𝐶(𝑠)

𝑊(𝑠)
= 1 + 𝜏𝑠
1 + (𝜏∕𝑘) 𝑠

(11)

H(z) is the equivalent digital filter of H(s) using the backward difference

method, in order:

s = 1
𝜏
𝑠𝑎𝑚

(
1 − 𝑧−1

)
(12)
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𝜏sam is the sampling interval in the above formula. So

𝐻(𝑧) = 𝑘
1 + 𝑐𝜏

𝑠𝑎𝑚
− 𝑧−1

1 + 𝑏𝜏
𝑠𝑎𝑚

− 𝑧−1
=
𝑌
𝐶(𝑧)

𝑋(𝑧)
(13)

The differential equation for the above formula is obtained:

yn = 1
1 + 𝑏𝜏

𝑠𝑎𝑚

[
𝑘

(
1 + 𝑐𝜏

𝑠𝑎𝑚

)
xn − 𝑘𝑥(𝑛 − 1)+𝑦𝑐(𝑛 − 1)

]
(14)

This formula is the algorithm of the digital greyscale sensor based

on a dynamic compensation digital filter.

2.3.4. Implementation of adaptive decisions

The system determines an inflection point i first according to the

second-order differential information of the digital low-pass filter out-

put yL(n) and a real-time search to the end point of the dynamic com-

pensation according to the return value output by the greyscale sensor,

the output of the digital low-pass filter and the decision threshold after

point i. Next, the system discontinues the dynamic compensation of the

digital grey sensor.

Let yL(n) be the digital low-pass filter output signal for the current

moment, 𝑦
𝐿(n−1) be the digital low-pass filter output signal for the mo-

ment before, ΔyL(n) be the first-order differential of yL(n) for the current

moment, Δ𝑦
𝐿(𝑛−1) be the first-order differential for the moment before,

and Δ2yL(n) be the second-order differential of yL(n); then there are

Δ𝑦
𝐿(n) = 𝑦𝐿(n) − 𝑦𝐿(n−1) (15)

Δ2𝑦
𝐿(n) = Δ𝑦𝐿(n) − Δ𝑦𝐿(n−1) (16)

Point i could be considered the inflection point if it appears as

Δ2yL(n) < 0 at point i and there are Δ2yL(n) ≤ 0 at the following M con-

secutive points, that is,

𝐿
𝑖
=
{
1
0 𝑜𝑡ℎ𝑒𝑟𝑠

The system considers that point i is the inflection point when Li is 1,

and it searches for the point that has not been dynamically compensated

from point i.

2.3.5. Steady progress of the paper

As the abrasive belt is in line contact with the paper and the conveyor

is relatively static with the paper, the friction type between the abrasive

belt and the paper is sliding friction whereas the friction type between

the conveyor and the paper is static friction. According to the principle

of interaction force, the pressure of the abrasive belt and paper equals

the pressure of the paper and conveyor. To ensure that the movement

of paper cannot be disturbed by the polishing of the abrasive belt, the

static friction must be equal to or greater than the tangential polishing

force. The tangential polishing force is determined as

𝐹 = 𝑈
𝑠

𝑣
0.84
𝑤

𝑣
𝑝

𝑎
0.71
𝑝
𝐵 (17)

In this equation, Usis the specific polishing energy, and the vw is the

speed of paper, while vpis the speed of the abrasive belt and ap is the

effective polishing depth.

The static friction is defined as

𝐹 = 𝜇𝑁 (18)

where 𝜇 is the coefficient of friction, and N is the positive pressure of

the paper.

2.3.6. Polishing depth

Considering that the polishing object of the anti-printer is paper that

has limited thickness, the availability of polished paper depends on the

accuracy of the abrasive polishing depth. From the micro perspective,

the grits of the abrasive belt are an arc of several microns to dozens of

Fig. 9. Details and overview of desktop paper reusing system.

microns, and the polishing depth is from 0.005 to 0.05 mm. The com-

monly used office paper of 70 g has a thickness of 0.1 mm; to ensure

that polished paper can be used as printing paper, note paper or scratch

paper at least once, the polishing depth of the paper must be limited to

less than a quarter of the paper; in other words, the polishing depth of

the abrasive belt has been restricted to under 0.025 mm (in the men-

tioned case, the roughness that the abrasive belt can reach is 10 μm,

while the roughness of normal paper is 1 to 10 μm. For that reason, to

a certain extent, the “anti-printed” paper can guarantee the feeling of

use).

2.3.7. Different mesh number choice of abrasive belt

Because the hardness of the paper is low, the speed of the abrasive

belt pulley is high, and scratches on the “anti-printed” paper are un-

expected, the abrasive grain of the abrasive belt should be chosen as

small (abrasive grain must be at least P250) so that we can ensure the

roughness of the “anti-printed” paper (Ra ≤ 1𝜇m)

As in the information mentioned above, according to the analysis of

parameters and mechanisms, considering the use conditions, the overall

prototype of the anti-printer has a length of 56 cm and a width of 29 cm.

The details of the different parts and an overview of the anti-printer is

carried out (shown in Fig 9.).

3. Experiment and performance

To examine the practicability of the design, several experiments

have been made to figure out some important points of desktop pa-

per reusing systems. On the basis of the abovementioned parameters

and mechanisms, we manufacture a small prototype of the desktop pa-

per reusing system using 3D printing technology and produce a desktop

paper reusing system, which we use as a reference for practical appli-

cation. Before manufacturing a normal-sized desktop paper reusing sys-

tem, the prototype of the desktop paper reusing system was operated

to test whether there are mistakes with the design of the desktop paper

reusing system.

The internal mechanical structure of the devised prototype is shown

in Fig. 10(a) and consists of a polishing unit, transport unit and control

unit. Fig. 10(b) shows an overview of the normal-sized anti-printer. The

speed of the motor, the mesh of the abrasive belt and the gear ratio were

kept unchanged during the process of the experiment, and the param-

eters are shown in Table 2. Working over one piece of A4 paper, the

processing time of the anti-printer is 30 s.
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Fig. 10. The anti-printer: (a) the 3D printing prototype, and (b) the original scale prototype.

Table 2

Value of experiment parameter.

Parameters Value

DC motor 12 v

Conveyor motor speed 30 r/s

Abrasive motor speed 200 r/s

Mesh of abrasive belt 400

Size of paper 210×297 mm

Thickness of paper 0.1 mm

Detection range of greyscale sensor 0.3–0.8 cm

Detection height of greyscale sensor 0.5 cm

Effective range of greyscale sensor 18.4 ± 0.2 cm

Fig. 11. Paper used in this experiment.

3.1. Detection accuracy

Take used paper as the experimental material to examine the detec-

tion accuracy of the greyscale sensor. As is shown in Fig 11, two A4

papers were used to test the accuracy in this experiment. The first A4

paper is black and white and equally spaced, and the second is written

font on A4 paper.

3.2. Different types of paper

As we all know, there are many types of waste paper in offices. Ac-

cording to the statistics of the office in Southwest Jiaotong University,

printed paper makes up 80% of consumed paper, while gel ink paper

makes up 15% of consumed paper, and other kinds of ink mark paper

make up the remaining 5%. Therefore, the capacity that can address dif-

ferent types of paper become an important evaluative criteria of desktop

paper reusing systems. We choose printed paper and written paper (the

ink marks included fountain pen ink, gel pen ink and pencil ink), which

occupy the highest proportion of office waste paper, as the experimental

material.

3.3. Different use times

As we intend to save energy and paper resources in a maximized

way, the desktop paper reusing system is expected to be used several

times for one piece of paper. We used paper in the last experiment to

analyse the availability after several uses of the desktop paper reusing

system.

4. Results and discussion

4.1. Return value curve of greyscale sensor

The sampling interval of the greyscale sensor is 10 ms and collects a

total of 600 points. When light irradiates the black surface, the perfor-

mance on the circuit is that the return value is higher. The white surface

corresponds to a small return value. So as Fig. 12 shows, the return value

of the greyscale sensor below 40 represents white, because the detection

range of the greyscale sensor is 0.8 cm and the return value is the lowest

only when the white is detected. However, when departing from white

areas, greyscale sensors will detect the black and white part of coexis-

tence, meaning that the return value will gradually change. The return

value is the highest only when the black is detected, reaching 110.
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Fig. 12. Return value curve of greyscale sensor.

Table 3

the detection accuracy rate.

Result (mm2
) Actual area (mm2

) Accuracy rate

(a) 55.65 52.5 94.3%

(b) 318.2 317.5 99.78%

4.2. Detection accuracy rate

Fig. 11 (1) is an ideal and equidistant sample model, with a return

value curve that the greyscale sensor measured as shown in Fig. 11 (1).

There are four cycles in the waveform of Fig. 12, and each black part

of the area after the average value calculation is shown in the following

Table A.

Fig. 11 (2) is an ordinary A4 paper printed with the font, taking

into account that the font area is not completely black and returned a

value of the greyscale sensor that is less than 110, so adaptive dynamic

compensation is applied in this experiment to adjust the returned value.

As shown in Fig. 11 (2), the decision threshold is 40, and the results

detected that the return value in the font region of the A4 paper is more

than 40 and in the blank area is under 40. These areas of the font region

are calculated and shown in the following table.

As is apparent from Table 3, the accuracy of the font area detection

module, which consisted of the font region detection method based on

the accumulated time node and adaptive compensation algorithm, can

reach 99.78%. It can accurately calculate the region that needs polish

and save energy to the maximum extent.

4.3. Performance of various types of paper

The before and after performance of the different ink mark paper is

shown in Figs. 13–15. From the experimental result, the effect of differ-

ent types of writing can be clearly recognized. Printed paper and pencil

have a better performance than do gel pen ink and pen ink.

4.4. Different use times of paper

The performance of a single “anti-print” is shown in Fig. 13, and the

performance of printed and pencil ink mark paper is presented in Fig. 14

as the pen and gel pen ink mark paper can only be reused once, which is

shown in Fig. 15. The results indicate that different types of ink marks

on paper decide the number of times that it can be “anti-printed”. After

Table 4

Different “anti-print” numbers for various ink marks.

Type of ink mark Times of reuse Paper thickness

Printed 3 0.1 mm

Pencil 2

Pen 1

Gel pen 1

several times of use, printed paper and pencil ink-marked paper can be

easily reused as usual, with different use times for different types of ink

marks, as seen in Table 4.

4.5. Energy consumed by the anti-printer

During the period during which the desktop paper reusing system

works with paper, the energy that is consumed in the desktop paper

reusing system is an important indicator for whether it is efficient for

saving energy. Different situations are set in this part to analyse different

energy costs in the desktop paper reusing system.

From the listed parameters of the desktop paper reusing system de-

scribed above, the total energy cost of working with one piece of paper

can be calculated as 8 × 10−4 kWh, that is to say, when an anti-printer

works with 10,000 pieces of paper, the electric energy will cost 8 kw/h.

4.6. The energy saved by using the anti-printer

Based on the statistics of Southwest Jiaotong University, the average

A4 paper consumption every month in 2014 is 938, and printed paper

makes up 80% of it, while ink marked paper makes up 15% of it. Without

considering the paper wasted, it can be concluded from Table 3 that if

every used paper can be “anti-printed” on one side and used again, then

the average reuse time of one piece of paper is

𝑁
𝑝
= 938 × 80% × (15% × 1 + 85% × 3) + 938 × 20% × 20% × 1 + 80% × 2

938
= 2.52 (19)

which means that after using an anti-printer, we can use one piece of

paper 2.52 times.

Furthermore, one must consider the energy consumed for the whole

process of paper making, including deforestation and slicing, the raw

material energy consumed, the transport energy consumed, and the pa-

per pulping consumed.
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Fig. 13. Performance of various types of paper.

The energy consumed in deforestation and slicing is calculated as

follows:

𝐸1−𝑐𝑢𝑙𝑡 = 𝐷𝑊 ⋅ 𝜇1 (20)

where DW means the volume of the wood chips, and 𝐸1−𝑐𝑢𝑙𝑡 means

the energy consumed in deforestation and slicing; 𝜇1is selected as 0.07

GJ/m3
.

The energy that the raw material input can be calculated as follows:

𝐸1−𝑐𝑢𝑙𝑡 =𝑀𝑊1 ⋅ 𝜇2 (21)

In this equation, 𝑀
𝑊1

means the timer equivalent, and𝜇2 is the en-

ergy for every unit of biomass; in this paper, 𝜇2is selected as 18 GJ/m3

[31]

During the process of reusing waste paper, the energy consumed can

be calculated as follows:

𝐸1−𝑡𝑟𝑎𝑛𝑠 =𝑀 ⋅ 𝑑 ⋅ 𝜇3 (22)

where M is the mass of the transport paper, d is the distance of the

transportation, and 𝜇3 is the energy consumed for every kilometre of

a ton of paper; in this paper, 𝜇3 = 0.01922 𝐺𝐽∕𝑡 ⋅ 𝑘𝑚 [32], the average
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Fig. 14. Performance of different use times of paper.

transport distance of goods is 150 km, and the average transport distance

of input goods is 500 km [33].

The raw energy input is expressed as

𝐸1−𝑤𝑓 =𝑀𝑤2 ⋅ 𝜇2 (23)

In this equation,𝑀
𝑊2

is the standard biomass, which can be defined

as

𝑀
𝑊
= 𝜇4 ⋅m (24)

where 𝜇4 is the conversion coefficient of waste paper.

The electric energy and thermal energy consumed in the process of

making paper is defined as:

𝐸1−𝑝&𝑝 =
∑(

𝐸
𝑒𝑙𝑖
⋅ 𝜀 + 𝐸

ℎ𝑒𝑖
⋅ 𝜑

)
⋅𝑊

𝑝𝑖
(25)

In this equation, Eeli and Ehei are the electric energy and thermal

energy that consumed in producing, ɛ and 𝜑 are the coefficients of pro-

duction, and Wpi means the mass of the production.

On the one hand, making paper from waste paper can output energy

as well, and the computational method of the amount of energy output is

the same as the energy consumed in the process of making paper (using

Eq. (10)). On the other hand, reusing waste paper can produce energy
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Fig. 15. Performance of pen and gel pen ink mark’s anti-printing.

by burning, as the recovery ratio of waste paper in China is 47.4% [34],

and the produced energy can be estimated by the electricity generated

from the burning of waste paper, which can be calculated as follows:

𝐸
𝑂−𝑊 𝑃𝐼 = 𝐸𝑒𝑙𝑔 ⋅ 𝜀 ⋅𝑀𝑀𝑃𝐼 (26)

where 𝐸
𝑂−𝑊𝑃𝐼 is the electric energy generated from the burning of ev-

ery ton of waste paper, and MMPI means the mass of waste paper.

From the calculation above, we can determine that the anti-printer

costs only 11.43 kWh ⋅ 𝑡(−1) when making 1 ton paper. As one ton of

waste paper pulp is produced, the thermal energy consumed is 0.4 GJ,

and the electric energy consumed is 390 kWh. While every ton of waste

paper pulp can produce 0.42 GJ thermal energy, every ton of waste

paper can generate 1200 kWh of electric energy [35]. According to the
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Table 5

Different methods for handling waste paper.

Thermal energy

consumed (GJ ⋅ 𝑡(−1))
Electric energy

consumed

(kWh ⋅ 𝑡(−1))

Thermal energy

generated (GJ ⋅ 𝑡(−1))
Electric energy

generated

(kWh ⋅ 𝑡(−1))

Papermaking 0.4 390 0 0

Burning 0 0 0 1200

Pulp by-product 0 0 0.42 0

Anti-printing 0 11.43 0 0

Table 6

Compare between using anti-printing and conventional paper making.

1 ton virgin

fibre paper

1 ton 100% recycled

paper

1 ton anti-printed

paper

Environment saving from

using anti-printer (yuan)

Trees 24 0 0 100%/0

Energy (GJ) 0.348 0.232 4.15×10– 5 99%/99%

Wastewater (m3) 103.89 52.89 0 100%/100%

statistics in sector 3, setting the weight of every piece of paper to 70 g,

when working with one ton of paper, the anti-printer will only consume

11.43 kWh of electric energy. The energy consumed and generated for

different handling methods of waste paper is presented in Table 5.

Comparing with paper making (virgin fibre paper and recycled pa-

per) the environment saving from using anti-printer is in Table 6 [36].

5. Conclusions

A renewable desktop paper reusing system using a font-detection

method based on the accumulated time node was presented, and the

aim of this paper is to design, verify and analyse a new font region

detection method and a sustainable reusing device to maximize energy

savings.

A font region detection method based on the accumulated time node

was designed to detect ink marks, and an adaptive compensation al-

gorithm based on digital filtering and dynamic compensation network

design was designed to analyse the different return values and control a

desktop paper reusing system. The mechanism design also shows good

performance for anti-printed paper. In addition, energy that is saved by

employing the device is also clearly seen by analysing the experimental

results, from which point of view, the desktop paper reusing system can

realize the function of its design.

This paper provides a potential way to maximize energy savings, as

the waste of paper is common in offices all over the world. The wide-

scale use of the desktop paper reusing system can make a significant

contribution to energy and resource conservation.
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a b s t r a c t

The world is experiencing a fourth industrial revolution. Rapid development of technologies is advancing smart

infrastructure opportunities. Experts observe decarbonisation, digitalisation and decentralisation as the main

drivers for change. In electrical power systems a downturn of centralised conventional fossil fuel fired power

plants and increased proportion of distributed power generation adds to the already troublesome outlook for op-

erators of low-inertia energy systems. In the absence of reliable real-time demand forecasting measures, effective

decentralised demand-side energy planning is often problematic. In this work we formulate a simple yet highly

effective lumped model for forecasting the rate at which electricity is consumed. The methodology presented

focuses on the potential adoption by a regional electricity network operator with inadequate real-time energy

data who requires knowledge of the wider aggregated future rate of energy consumption. Thus, contributing to a

reduction in the demand of state-owned generation power plants. The forecasting session is constructed initially

through analysis of a chronological sequence of discrete observations. Historical demand data shows behaviour

that allows the use of dimensionality reduction techniques. Combined with piecewise interpolation an electricity

demand forecasting methodology is formulated. Solutions of short-term forecasting problems provide credible

predictions for energy demand. Calculations for medium-term forecasts that extend beyond 6-months are also

very promising. The forecasting method provides a way to advance a novel decentralised informatics, optimisa-

tion and control framework for small island power systems or distributed grid-edge systems as part of an evolving

demand response service.

1. Introduction

An energy transition is needed to address environmental challenges

of greenhouse gas-induced warming and increased carbon emissions,

which are largely driven by a rapid growth in global population

[1]. Smart city technologies can help reshape cities to become more

efficient and their energy infrastructures more sustainable [2]. Recent

trends toward decarbonisation, digitalisation and decentralisation are

seeking to build out centralised state owned power assets, focusing

instead on investments in energy storage, demand response and im-

proved energy efficiency [3]. In the energy field, these principles are

often expressed in smart infrastructure initiatives that are focused

on increasing capacity of low carbon technologies while improving

the efficiency and resilience of energy production [4]. Constructing

energy systems into more sustainable forms means electricity demand

forecasting is necessary. As a broad guideline, research has shown that

energy consumption in buildings accounts for approximately 40% of

the world’s energy resources and emits circa one-third of greenhouse

gases [5,6]. Considering the long lifespans and complex challenges

associated with regeneration of old building stock [7], more accessible

energy retrofit initiatives to achieve energy saving targets are needed.

∗
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E-mail addresses: sean.williams@tees.ac.uk (S. Williams), m.short@tees.ac.uk (M. Short).

Tangible measures that improve energy efficiency include lifestyle

changes, e.g., use of smart meters [8], and distribution system planning

as well as improving load and resource forecasting methods and

approaches [9].

Numerous technical barriers make forecasting of electricity demand

challenging, especially in areas that support a combination of different

distributed renewable energy generators that lack the flexibility and ca-

pacity offered by centralised energy systems. Analysis of temporal data

and development of forecasting models are often presented as multi-

variate time series problems [10–13]. However, multivariate time series

considers simultaneous time-dependent variables where each variable

depends not only on its past values but also has some dependency on

other variables. Thus, multivariate prediction may prove difficult to ex-

tract enough meaningful information that is useful for predicting future

states. In contrast, a univariate time series with a single time-dependent

variable may offer an improved alternative when prediction time

horizons are small [14].

In this paper we propose a data-driven methodology for modelling

electricity demand forecasting. Using this approach, researchers have

been able to show evaluation of energy prediction models based on

collected energy consumption data outperform more informed models

https://doi.org/10.1016/j.enbenv.2020.01.001

Received 30 November 2019; Received in revised form 20 January 2020; Accepted 20 January 2020

Available online 27 January 2020

2666-1233/© 2020 Southwest Jiaotong University. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license.

(http://creativecommons.org/licenses/by-nc-nd/4.0/)



S. Williams and M. Short Energy and Built Environment 1 (2020) 178–186

Nomenclature

n number of observations

t time

yt value of y at time t

yi original value of y at time i

l lower input range (min-max feature scaling)

u maximum of input range

xmin minimum value of x in range

xmax maximum value of x in range

k number of equal sized segments

PAA piecewise aggregated approximation

�̄�

𝑖

mean value of each segment

̄

𝑋

𝑖

k-dimensional vector of �̄�
𝑖

Si(x) piecewise function

𝑎

𝑖

,… , 𝑑

𝑖

cubic polynomial coefficients

lo start data point of PAA segment

hi end data point of PAA segment

R2
coefficient of determination

dt demand forecast predicted value

Ot observed (actual) values at time stamp t

c weekly seasonality period index

MTWTF days of week

SS days of weekend

that rely on laws of physics and often complex building configurations

[15,16]. This work has uniqueness by using techniques that are in part

long established in data mining processes that aim to extract useable

patterns in huge data sets [17]. Research in this paper is specific to GB

National Grid demand data [18]. Accurate predictions using demand

data from other sources is straightforward. However, obtaining reliable

econometric forecasts in electricity demand using data collected from

developing states experiencing rapid growth, is more challenging [19].

Demand data collected from countries in conditions of stable economic

growth, when combined with piecewise interpolation, the forecasting

model is developed on the premise that a forecasting session is depen-

dent on a lookup table derived uniquely from a univariate quantitative

time series. The implication of this novel semi-autonomous simplified

lumped model has the potential to offer decentralised electricity net-

work operators’ knowledge of wider aggregated rate of future energy

consumption. Thus, enabling decentralised energy management systems

to proactively shift load demand on small island electricity grids or dis-

tributed grid-edge systems as part of an evolving demand response ser-

vice or on receipt of base-point dispatch instructions (Fig. 1).

The rest of the paper is structured as follows. Section 2 intro-

duces the proposed methodology for electricity demand forecasting.

Section 3 extends the background to this article by placing the pro-

posed methodology as an essential component of a much broader and

evolving demand response service. Results and discussions are provided

in Section 4. Finally, in Section 5, the main conclusions are presented

with recommendations for future work.

2. Electricity demand time series forecasting methodology

The proposed data-driven methodology is divided into three dis-

tinct parts (Fig. 2). Analysis of a chronological sequence of discrete

observations is first performed and the composition of the univariate

one-dimensional time series is determined. In the second step, a dimen-

sionality reduction technique is applied before piecewise interpolation

is used in the third step to smooth subsequent consecutive polynomial

segments. A resultant lookup table provides the necessary metadata for

the forecasting algorithm to model the demand characterisation. The

objective is to maintain an accurate 4-h electricity demand prediction
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Fig. 1. Electricity demand in smart infrastructure.

horizon. However, results show this can be changed to much longer

periods while maintaining competitive results.

2.1. Composition of time series

The Electricity System Operator (ESO) in Great Britain publishes his-

toric national demand data [18]. The data represents the generation

requirement, utilising National Grid operational generation metering

recorded at 30-min intervals. In this paper analysis is based on national

demand data from 1 April 2005 to 31 March 2019, comprising 245,424

data items. The performance of the proposed forecasting method is vali-

dated against more recent demand data. The first task is to extract mean-

ingful characteristics. Computing the autocorrelation of the time series

identifies the periodicity of the signal. Fig. 3 shows the time period be-

tween each peak is consistent with a typical weekly pattern consisting

5 similar weekday oscillations followed by 2 weekend day oscillations,

also of similar form.

Regression is used to remove fluctuations in the time series and to

identify potential seasonal and cyclic behaviour. The approach used to

remove the trend from the time series first calculates the least squares

regression line before subtracting the deviations from the least squares

fit line from the time series. Given the equation for a straight line is

𝑦 = 𝑏𝑥 + 𝑎where b is the slope of the line and a is the y-intercept, the best

fit line for points (𝑥1, 𝑦1),… , (𝑥
𝑛

, 𝑦

𝑛

) is given by 𝑦 − �̄� = 𝑏(𝑥 − �̄�) where

𝑏 =
𝑛∑

𝑖=1

(
𝑥

𝑖

− �̄�
)(
𝑦

𝑖

− �̄�
)
∕

𝑛∑

𝑖=1

(
𝑥

𝑖

− �̄�
)2

(1)

and 𝑎 = �̄� − 𝑏�̄�. In the absence of outliers, Eq. (2) is used to apply the

min-max feature scaling which normalises the time series. Where the

lower input range 𝑙 = 0 and maximum of input range 𝑢 = 100.

𝑥

′ = 𝑙 +
[(
𝑥 − 𝑥

𝑚𝑖𝑛

)
(𝑢 − 𝑙)

]
∕
(
𝑥

𝑚𝑎𝑥

− 𝑥
𝑚𝑖𝑛

)
(2)

A 9 × 48 × 14 multi-dimensional array characterises 14 distinct

weeks, where each week identified commences on the Monday immedi-

ately following the lowest recorded demand data in each year (2005 to

2019). Measurements recorded at 30-min intervals for each day are as-

signed to columns 1 to 48; the mean value of rows 1–5 (weekdays) and

rows 6 and 7 (weekend days) are assigned to rows 8 and 9, respectively.

A mean value of the collective row 8 and row 9 are then computed

to enumerate a generalised demand profile shape for any weekday and

weekend day, respectively.

A simple moving average of order n process given at Eq. (3) smooths

the original demand data yi; where n represents a set number of obser-

vations for one month and year, respectively.

𝑦

𝑡

= 1
𝑛

𝑡∑

𝑖=𝑡−𝑛+1
𝑦

𝑖

(3)
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Fig. 2. A visual representation of the methodology.

(a) (b)

Fig. 3. (a) Autocorrelation shows weekly pattern, (b) UK National Demand profile.

Analysis reveals in addition to daily/weekly characteristics the time

series also displays seasonality and negative secular trend with constant

variability. The general idea is to define a model from historical time

series that enumerates the cyclic behaviour and negative secular trend

that can be used as part of the forecasting algorithm. For seasonality,

the basic route is to calculate the mean of each moving average 12-

month period before applying a dimensionality reduction technique.

Furthermore, in this strategy the negative secular trend is expressed in

mathematical terms by using Eq. (1). Here, the coefficients for a polyno-

mial that is a best fit (least squares method) of the given set of data are

calculated.

The composition of the time series observed is characterised by 3

seasonal patterns: weekday, weekend day and month. Given the volume

of historical data available, a yearly trend is also identified. In the fol-

lowing sections we first present a method to reduce time series feature

dimensionality and then formulate the forecast prediction algorithm.

2.2. Dimensionality reduction

Time series analysis is a statistical technique often used to analyse

the pattern of discrete observations over time to forecast future events.

When the number of observations is large, time series analysis becomes

time consuming. Dimensionality reduction techniques can be used to

help improve the classification of big data for time series analysis, thus

improving the efficiency of the forecasting process. Piecewise aggregate

approximation (PAA) proposed by Keogh et al. [20] is a well-known

technique that reduces the dimensionality of a time series and for data

representation. We choose to approximate the data with a piecewise co-

efficient such that the period between each change point is 2-h. In this

method, the normalised demand time series window of size n is first

divided into k segments of equal length. The average value of the data

of the segments is then used as the representative value of each seg-

ment. Therefore, the demand time series PAA representation will be a

k-dimensional vector ̄

𝑋

𝑖

= �̄�1, … , �̄�

𝑛

of the mean values of each seg-

ment. The dimensionality reduction calculation is computed by Eq. (4).

�̄�

𝑖

= 𝑘

𝑛

𝑛

𝑘

𝑖∑

𝑗= 𝑛
𝑘

(𝑖−1)+1

𝑥

𝑗

(4)

Simply stated, in order to reduce the time series dimensionality of length

n to k, the data is first divided into k equally sized segments then the

mean value of the data in each segment is calculated. The subsequent

vector of these values represents the reduced dimensionality of the

original dataset.
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Table 1

Piecewise coefficient lookup table.

Weekday Weekend day Month

[15.34, 10.47, 24.00, 77.11, 95.94, 98.02, 93.98,

94.64, 96.79, 84.46, 73.32, 36.16]

[11.87, 3.80, 3.29, 29.24, 55.42, 60.76, 53.30,

51.31, 59.67, 58.02, 55.84, 28.58]

[40.11, 32.81, 30.23, 29.39, 29.00 34.97, 44.18,

57.63, 61.01, 65.00, 63.33, 53.23]

The equation provides the mean of the elements in the equi-sized

frames which makes up the vector of the reduced dimensional time se-

ries. The method is applied to the day and month features. A numer-

ical investigation comparing different piecewise coefficients confirms

reduced dimensionality while preserving enough information about the

original data.

After the time series is transformed into segments using PAA tech-

nique the data is discretised, grouping the continuous input into a finite

number of discrete bins. The translation means the data dimensional-

ity can be reduced further and converted into a symbol string using

symbolic aggregate approximation (SAX), i.e., each region is assigned

a symbol according to the determined change points. In the context

of data mining, SAX is comparable to other techniques including dis-

crete Fourier transform and discrete wavelet transform while requiring

less storage [21]. This strategy is particularly useful for low-complexity

solutions, as they are less data-intensive than more complex econo-

metric methods and models needed for forecasting [22]. In this work,

the SAX symbol string (symbolic conversion) is a 4-bit binary repre-

sentation of the discrete bin the continuous input was assigned after

discretization.

In contrast to using techniques based on pattern sequence similarity,

the proposed methodology extracts singularities of bin data to create

a series of lookup tables (LUT). Given the length of each piecewise

segment, the process of creating lookup tables for weekday, weekend

day and month PAA or SAX representations is straightforward. In this

paper, we present a LUT based on piecewise coefficient only. The

main advantage of using the PAA approach in this context is that it

requires less computational effort when compared to symbol mapping

techniques in order to achieve a visualisation of the time series. Fur-

thermore, segment centre points are placed at fixed regular intervals

which results in a cubic interpolation were many of the demand

data characteristics are retained during the transformation. In other

words, the higher the reduction ratio is, the worse the performance of

calculated approximation. This combination of findings has important

implications for developing an energy optimisation algorithm described

in Section 3.

Given each PAA segment is equivalent to a 2-h epoch, the time

series original 245,424 data items is now reconstructed from just 12

elements for each day and month feature (Table 1). This opens the

possibility to perform forecasting up to 1 calendar month based on

weekday and weekend day LUT. Extending the time horizon further up

to 12-months requires the month LUT. When a seasonal adjustment is

included, forecasting beyond 12-months is achievable. The mathemati-

cal representation of seasonal adjustment is derived using a straight-line

approximation of the 12-month moving average, i.e., 𝑦 = 𝑏𝑥 + 𝑎 where

𝑏 = 0.000442 and the y-intercept a is set to the initial calculated

weekday value.

2.3. Piecewise interpolation

When reducing the dimensionality of large data using piecewise

aggregated approximation a compromise must be reached between

how much the dimensionality of the original data can be reduced and

the capacity to maintain competitive results. A cubic interpolation is

used to obtain a somewhat smoother interpretation of the graph first

created using the piecewise coefficient lookup table. Calculating a cubic

polynomial that interpolates points of interest helps restore the shape

of the original demand forecast profile. The centre point of each PAA

segment defines a set of evenly spaced nodes. The piecewise function

Table 2

Piecewise cubic polynomial coefficient lookup table.

Weekday Weekend day

a
i

b
i

c
i

d
i

a
i

b
i

c
i

d
i

21.000 0 0.512 −0.256 21.000 0 0.750 −0.375

21.000 −1.024 −1.024 0.155 21.000 −1.501 −1.501 0.200

10.470 −1.755 0.841 0.111 3.802 −3.895 0.902 0.010

24.002 10.294 2.171 −0.256 3.296 3.801 1.022 −0.088

77.116 10.563 −2.104 0.160 29.242 7.771 −0.029 −0.069

95.942 1.409 −0.185 −0.009 55.425 4.212 −0.861 0.035

98.022 −0.518 −0.297 0.044 60.764 −0.976 −0.436 0.053

93.986 −0.802 0.226 0.004 53.302 −1.901 0.205 0.037

94.648 1.196 0.273 −0.109 51.312 1.490 0.643 −0.123

96.800 −1.872 −1.041 0.184 59.670 0.717 −0.836 0.138

84.466 −1.344 1.173 −0.383 58.022 0.675 0.826 −0.283

73.323 −10.360 −3.427 0.687 55.848 −6.283 −2.565 0.490

21.000 −4.8140 4.814 −1.203 21.000 −3.309 3.309 −0.827

S(x) interpolates all local data points and hence confines the ill-effects

of any erroneous data points, Eq. (5).

𝑆

𝑖

(𝑥) = 𝑎
𝑖

+ 𝑏
𝑖

(
𝑥 − 𝑖

𝑙𝑜

)
+ 𝑐

𝑖

(
𝑥 − 𝑖

𝑙𝑜

)2 + 𝑑
𝑖

(
𝑥 − 𝑖

𝑙𝑜

)3
(5)

Where 𝑖 ∈ [0, 1,… , 𝑛]; 𝑥 ∈ [𝑙𝑜, ℎ𝑖]; where lo and hi define the start

and end data points of each PAA segment, respectively. The cubic

polynomial coefficients are represented by the parameters ai, bi, ci

and di (Table 2). Tuning the first and end polynomial interpolants

helps prevent extreme endpoint behaviour and improves concatenation

of weekday and weekend day demand profiles. A 13 × 4 × 2 multi-

dimensional array defines a new polynomial coefficient structures for

weekday and weekend day (Table 2).

2.4. Baseline and performance evaluation indices

Assessing the accuracy of the demand forecast is an important con-

sideration. In reviewing the literature, Makridakis and Hibon [23] found

that simple forecast methods “do as well, or in many cases better than

statistically sophisticated ones like ARIMA and ARARMA models”. For

information that contrasts the ARIMA model to the long range and short

range forecast provided by an ARARMA model, see Parzen [24]. Com-

parison of the findings with those from other studies confirms that the

simplest benchmark in forecasting literature is calculated using the ran-

dom walk. The forecast from a random walk model is equal to the last

recorded observation, thus the random walk model underpins naïve

forecasts. That is, �̂�
𝑡+ℎ|𝑡 = 𝑦𝑡, where �̂�

𝑡+ℎ|𝑡 represents the estimate of 𝑦
𝑡+ℎ

based on the data 𝑦1,… , 𝑦

𝑡

. Visual inspection of the demand time se-

ries shows the data contains daily, weekly and monthly seasonal pat-

terns (Fig. 3) and, if the dataset extends over years, a 12-month nega-

tive secular trend with constant variability. Naïve2 forecasting model is

well suited to seasonally adjusted data, therefore the first benchmark of

the proposed methodology will be assessed using this method. In this

analysis we limit h to 7-days (336 samples) which incorporates the dis-

tinct variation between weekday and weekend day seasonality. Thus,

the forecast can be written as

�̂�

𝑡+ℎ|𝑡(𝑡) =

{
𝑦

𝑡+ℎ(𝑡)
𝑦

𝑡(ℎ−7)(𝑡)
where ℎ includes days of 1 − week (MTWTFSS) (6)

The second method used to compare the proposed methodology is

based upon the simple notation for forecasts with a seasonal pattern
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�̂�

𝑡+ℎ|𝑡 = (𝑢𝑡−1 + 𝑣𝑡−1)𝑠𝑡−𝑐 , where c represents the weekly seasonality

period index (𝑐 = 336), �̂�
𝑡+ℎ|𝑡 is the h-step ahead forecast and,

Level 𝑢
𝑡

= 𝛼
(
𝑦

𝑡

∕𝑠
𝑡−𝑐

)
+ (1 + 𝛼)

(
𝑢

𝑡−1 + 𝑣𝑡−1
)

Trend 𝑣
𝑡

= 𝛽
(
𝑢

𝑡

− 𝑢
𝑡−1

)
+ (1 + 𝛽)𝑣

𝑡−1

Seasonality 𝑠
𝑡

= 𝛾
(
𝑦

𝑡

∕𝑢
𝑡

)
+ (1 − 𝛾)𝑠

𝑡−𝑐

(7)

where 𝛼, 𝛽 and 𝛾 are the smoothing parameters. The Holt-Winters addi-

tive method, Eq. (7), is one of several exponential smoothing methods

that has the capacity to deal with seasonality and can be easily applied.

However, for the Naïve2 and Holt-Winters forecasting models to remain

effective they are required to be re-trained as new observations become

available. The lack of recent demand information for these models is a

serious weakness and impacts the models continued performance.

In this article, 4 indices are used to evaluate the performance of an

individual forecasting progress. These include root mean square error

(RMSE), mean absolute error (MAE), mean absolute percentage error

(MAPE) and the coefficient of determination or R Squared (R2
). A calcu-

lation that estimates the variance and differences using RMSE is defined

as,

𝑅𝑀𝑆𝐸 =

√√√√ 1
𝑛

𝑛∑

𝑡=1

(
𝑑

𝑡

− 𝑂
𝑡

)2
(8)

Where n denotes the number of observations, dt are demand forecast

predicted values and Ot are observed (actual) values at time stamp t.

Mean absolute percentage error is a measure that is widely used

when comparing forecasting methods. The forecast error at time t is

𝑒

𝑡

= 𝑂
𝑡

− 𝑑
𝑡

. Hence, the percentage error 𝑒
𝑡

= (𝑂
𝑡

− 𝑑
𝑡

)∕𝑂
𝑡

so that the

mean absolute error for period t is,

𝑀𝐴𝑃𝐸 = 1
𝑛

𝑛∑

𝑡=1

||||
𝑂

𝑡

− 𝑑
𝑡

𝑂

𝑡

||||
× 100 (9)

Mean absolute error is a scale-independent parameter that is used to

demonstrate the efficiency of the forecasting outcome.

𝑀𝐴𝐸 =
∑
𝑛

𝑡=1
||𝑑𝑡 − 𝑂𝑡||
𝑛

(10)

The coefficient of determination R2
is derived using a ratio of explained

variation (SSregression) i.e., how well the regression model represents the

actual demand data, to the total variation (SStotal), i.e., the variation in

the observed data,

𝑅

2 =
𝑆𝑆

𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛

𝑆𝑆

𝑡𝑜𝑡𝑎𝑙

(11)

The approach undertaken to analyse the prediction performances is de-

scribed. Several benchmark tests are performed using a series of nomi-

nated test dates. For each specified test date, a new Holt-Winters estima-

tion model is created using the previous 4-weeks of in-sample demand

data. The forecast horizon window is set to include one within-week

seasonal pattern, i.e., ℎ = 336 ahead samples with smoothing parame-

ters 𝛼 = 0.82, 𝛽 = 0 and 𝛾 = 0. The construct of the proposed forecast

model brings a distinct advantage, for each forecast session the prac-

titioner can specify a start date and forecast horizon window. There-

fore, the first set of tests compares the Holt-Winters benchmark model

to forecasts generated using the same specified dates. In addition, a sin-

gle Naïve2 benchmark model created using in-sample demand data (27

June to 3 July 2005) is compared to forecasts generated using the same

nominated test dates. The Naïve2 model functions on the same principle

as the proposed forecast model, i.e., it is not immediately dependent on

the availability of new observed data.

3. Motivation

A proposed decentralised, informatics, optimisation and control

framework, designed to optimise and schedule energy consumption in

blocks of buildings requires access to a simplified lumped model for

ND
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Fig. 4. Information flow block diagram.

electricity demand forecasting [25]. The research promotes using real-

time grid frequency measurement for proactive and rapid restoration of

frequency equilibrium during network stress events. In addition, an elec-

tricity demand forecasting session aims to serve as a secondary control,

exploiting building thermal inertia, during evolving demand response

services. However, modelling non-linear electricity consumption with a

4-h horizon window that can be easily generalised to forecast demand

in decentralised locations is still underdeveloped. The purpose of this

paper is to formulate a new methodology which will help address this

gap.

A control framework proposes to influence zonal temperature

setpoint through an multi-objective cost function that is based on a

weight-based routing algorithm [26,27]. It’s application in optimisation

continues to attract much attention [28,29]. Traditionally the Dijkstra’s

algorithm is used to calculate the shortest path(s) in a weighted directed

acyclic graph (DAG). Since the objective here is to optimise the tran-

sition between non-negative features in real-time over a finite period

the construct of the Dijkstra’s algorithm is of interest. In this context

the total weight of each edge between any two consecutive nodes is

calculated as a function of thermal comfort, cost (tariff) and rate at

which electricity is consumed (demand). The proposed methodology

estimates the rate at which electricity is consumed over a 4-h horizon

window. Describing the demand profile using spine interpolation, it

is possible to forecast demand at a higher rate than currently made

available. A generalised block diagram that shows the contribution of

demand forecasting is shown at Fig. 4.

4. Results and discussion

The above methodology has been applied to the UK electricity de-

mand data (2005 to 2019). Fig. 5 shows the following data over a 24-h

period: (1) enumerated mean demand data after dimensionality reduc-

tion technique (PAA) has been applied, (2) the 4-bit binary representa-

tion of the bin number that was assigned after symbolic discretization

(SAX), and (3) a plot of generalised demand data for weekday (MTWTF)

and weekend days (SS).

It can be noticed that the effect of SAX encoding reduces the week-

day and weekend day LUT further from 12 elements to 7. Although

discretization and SAX encoding offers the potential to reduce PAA di-

mensionality further, in the context of an energy optimisation system,

a demand forecast based on PAA and piecewise interpolation has the

potential to offer greater benefit. The results of constructing the cubic

interpolants on the clamped discretised PAA subintervals are shown in

Fig. 6(a). The plot compares the following 4 demand profiles: (1) ac-

tual demand data (Actual) measured over a 24-h period on Monday 4

July 2005, (2) calculated cumulative mean value (Cmean) of 14 selected

weekday demand profiles over a 15 year period (2005 to 2019), (3) cal-

culated local mean value (Lmean) of 4 weekday demand profiles week

commencing 4 July 2005, and (4) calculated demand data (Model) using
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(a) (b)

Fig. 5. 24-h period PAA (2-h) & SAX representations (a) weekday, (b) weekend day.

Fig. 6. Demand Profile representations 4-Jul-05 (a) 24-h period (b) 7-day period.

the methodology described in this article. Fig. 6(b) shows an extended

7-day period which includes concatenated weekday and weekend day

demand profiles. A measure how close the actual and model demand

data over this 7-day period is calculated 𝑅
2 = 0.95, 𝑅𝑀𝑆𝐸 = 0.476, and

𝑀𝐴𝐸 = 7.2262.
A summary of experimental results comparing forecast data against

measured demand data and out-of-sample demand data are detailed

in Table 3.

The performance of the demand forecast data shown achieves an

average R2
value greater than 0.92. The demand forecast and actual

plot provides a good way to assess the goodness-of-fit of a regression

at a glance. There is evidence the measure of performance is degrading

slightly as time progresses; Fig. 7(a) shows the demand profiles for week

commencing 18 August 2014, and Fig. 7(b) week commencing 5 August

2019. Nevertheless, these visual representations demonstrate weekday

and weekend day recorded demand profiles (Actual) remain consistent

with the model forecast data (Model). A generalised shape of the

varying rates at which electricity is consumed during each 24-h period

is maintained.

Table 3

Performance of proposed model.

Date RMSE R
2

04-Jul-05 0.476 0.950

10-Jul-06 0.445 0.948

09-Jul-07 0.380 0.962

21-Jul-08 0.416 0.958

03-Aug-09 0.335 0.974

19-Jul-10 0.477 0.959

08-Aug-11 0.392 0.967

02-Jul-12 0.368 0.966

24-Jun-13 0.405 0.957

18-Aug-14 0.363 0.960

13-Jul-15 0.682 0.891

08-Aug-16 0.775 0.839

12-Jun-17 0.856 0.803

30-Jul-18 0.944 0.822

05-Aug-19 0.692 0.877

Average: 0.534 0.922
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Fig. 7. Demand Profile representations 𝒉 = 336 ahead (a) Model 18-Aug-14, (b) Model 5-Aug-19, (c) Holt-Winters 18-Aug-14, (d) Holt-Winters 5-Aug-19, (e) Naïve2

18-Aug-14, (f) Naïve2 5-Aug-19.
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Fig. 8. Comparison of MAPE results for ℎ = 336 ahead com-

mencing 5-Aug-19.

Table 4

Weekly MAE and MAPE (in%) on prediction of forecast horizon ℎ = 336 ahead.

Date MAE MAPE

Model Holt-Winters Naïve2 Model Holt-Winters Naïve2

04-Jul-05 7.226 1.270 2.930 19.330 3.230 8.860

10-Jul-06 6.016 0.690 10.150 15.490 2.470 30.610

09-Jul-07 5.355 0.670 10.780 14.330 2.470 33.760

21-Jul-08 5.765 1.200 10.260 16.630 3.960 33.430

03-Aug-09 4.642 1.520 9.970 15.280 5.310 35.770

19-Jul-10 6.805 1.000 10.440 17.550 3.860 34.890

08-Aug-11 5.882 1.490 11.070 23.450 5.900 48.160

02-Jul-12 5.419 0.820 10.780 16.240 2.180 41.880

24-Jun-13 6.168 1.070 10.110 16.350 3.000 31.840

18-Aug-14 5.223 2.050 11.440 28.120 6.080 44.590

13-Jul-15 9.440 1.350 13.180 24.330 3.650 49.060

08-Aug-16 11.123 1.740 14.070 38.960 4.900 46.190

12-Jun-17 13.027 1.870 14.270 36.370 4.760 38.690

30-Jul-18 12.895 1.990 17.230 57.060 9.560 84.800

05-Aug-19 10.412 1.970 13.730 53.040 7.010 41.180

Average: 7.693 1.380 11.361 26.169 4.556 40.247

Table 4 reports the benchmark test results. Both MAE and MAPE val-

ues are presented when the forecast horizon ℎ = 336 ahead. The figures

show the out-of-sample Holt-Winters exponential smoothing forecast-

ing accuracy is far more competitive than the proposed model, the MAE

and MAPE average figures support this. This result is not unexpected

and seems reasonable since the Holt-Winters model was re-baselined for

each of the test dates. A visual comparison of Holt-Winters method and

actual demand data for 18 August 2014 and 5 August 2019 are shown in

Fig. 7(c) and (d); a plot showing the model forecast for the same periods

is added for reference. Further test results were derived comparing the

second benchmark standard Naïve2 and actual demand data. The results

of the Naïve2 model for within-week seasonality indicate the proposed

model performance has greater benefit than the Naïve2 method.

Fig. 7(e) and (f) shows the Naïve2 method forecast against the actual

demand data for ℎ = 336 ahead period commencing 18 August 2014

and 5 August 2019, respectively. For completeness, the proposed model

forecast for the same period is shown. The corresponding MAPE figures

confirm the relative performance of each of the models used. Predictably

the Holt-Winters model outperforms the proposed model, which can be

attributed to regular updates to the estimation data and relatively short

forecast horizon window.

Fig. 8 compares the MAPE figures derived from each model based

on a single week ahead forecast. The relative performance ranking of

the Naïve2, proposed model and Holt-Winters method is confirmed and

consistent with earlier results shown in Table 4. While the proposed

model overall performance figures are not equally comparable to the

Holt-Winters results, it is reassuring the proposed model outperforms

the widely used benchmark Naïve2 method. Furthermore, given the

Holt-Winters model reliance to update the estimation data for contin-

uous and effective forecasting and the proposed model ability to output

short to medium term forecasts independent of any such updates, the

proposed model will operate more effectively as part of a wider energy

management system described in Section 3. It must be remembered that

the proposed method is conceptualised for operation without any direct

on-line measurement of the demand to be predicted, whereas the other

methods require such measurements.

5. Conclusion

Knowledge of future electrical demand is essential for operators of

small-island power systems and electrical distribution networks operat-

ing in the grid-edge. Machine learning based models designed to fore-

casting future energy needs are often opaque and difficult to interpret

in comparison to more classical approaches [30]. The main contribu-

tion of this paper is to show that a series of simple data transforma-

tions provide an effective representation of demand time series. More

sophisticated data-intensive econometric methods and models needed

for forecasting are available. Yet at the same time, the simple method

proposed may offer greater benefit to operators of energy forecasting

for decentralised energy management. A simplified lumped model that

forecasts future recursive rates of aggregated energy consumption on a

wider network has been derived using a 13 × 4 × 2 multi-dimensional

array. Using popular benchmark models, we have shown that despite the

proposed model underperforming when compared with a Holt-Winters

seasonal model, the results outperform the seasonal naïve model fore-

casts. Designed to function independent without the need to maintain

an estimation dataset means the simplicity of this approach allows for
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rapid deployment of future modification to the polynomial coefficients,

thus ensuring its longevity. This finding suggests that the behaviour of

existing energy optimisation technologies may benefit from similar ap-

proaches. For example, support for energy planning of assets operating

in the grid-edge including domestic households and in small island com-

munities where the emergence of the prosumer continues to trend. In fu-

ture work we intend to evaluate the effectiveness of the demand forecast

contribution. More specifically activities include using knowledge of fu-

ture electrical demand as part of a multi-objective optimisation problem

implemented using a weight-based routing algorithm within the context

of energy management in the built environment. Here, estimating the

aggregated demand without any centralised server, will operate as part

of an evolving demand response service that can curtail load demand

proactively or on receipt of base-point dispatch instructions while min-

imising discomfort for end users.
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This work presents a cost-effective and environment-friendly form-stabilized phase change material (PCM) and

corresponding solar thermal application in the tankless solar water heater (TSWH). Coconut shell charcoal (CSC)

as supporting material was modified by moderate oxidant of H
2
O

2
with different concentrations, and then sta-

bilized stearic acid (SA) to prepare composite PCMs through vacuum impregnation. It found that CSC support

causes a 15.70% improvement of SA loadage after treated by 15% H
2
O

2
due to coefficient enhancement by phys-

ical interaction and surface modification. The modified CSC
15

support appears more super macropores which

contribute to the impregnation of SA than non-modified CSC
0

support verifying from SEM and BET results. And

the content of oxygen functional groups was increased after oxidation modification, also motivating SA stabiliza-

tion by hydrogen bond interaction in XPS analysis. FTIR results proved there is no chemical reaction happened

between SA and CSC. Moreover, the latent heat and phase transition temperature of the as-prepared SA/CSC
15

composite are 76.69 J g
−1

and 52.52 °C, respectively. All composites exhibit excellent thermal stability under a

working temperature of 180 °C and form stability during phase change. Thermal energy storage-release test within

70 °C presents the composite has fast heat transfer efficiency than pure SA. The composite filled in TSWH system

has 0.75 W m
−1

K
−1

thermal conductivity which is 2.88 times higher than that of pure SA (0.26 W m
−1

K
−1

).

Besides, the TSWH system with a flow rate of 0.004 kg s
−1

could heat water effectively after sunset and the

energy obtained from the thermal storage system within 1830 s testing times is about 0.15 kW h. In all, SA/CSC

composite with good physical-thermo properties has potential in thermal energy storage application, especially

in solar energy storage.

1. Introduction

Fossil fuels shortage and environmental pollution are increasingly

challenging all over the world along with the frequent activity of hu-

man beings and the rapid development of industry [1]. According to

the International Energy Outlook in 2017 from the U.S. Energy Infor-

mation Administration (EIA), world energy consumption would present

a 28% increase from 2015 to 2040 [2]. In order to meet enormous en-

ergy requirement and to be up against the environmental crisis, utilizing

renewable energy have recently become high priorities in industry and

research [3]. Solar energy, as an abundant, cleanly and sustainable re-

source is promising to optimize world energy mix in the future [4], and

so, for satisfying the reasonable and effective utilization, overcoming in-

termittent and unstable issues is deemed to be a big mission demanding

considerable endeavor [2].

Thermal energy storage (TES) technology which is of essential

importance in improving energy utilization efficiency can be used to

remove the time-dependent limitation of solar energy [5,6]. Gradually,

latent heat TES based on phase change material (PCM) that absorb

∗
Corresponding author.

E-mail address: chuanchangli@csust.edu.cn (C. Li).

and release heat in phase transition and maintain its temperature at

a relatively stable range [7,8] is taken as an advanced approach in

solar thermal energy harvesting [9]. Especially, as latent heat storage

material, most organic solid-liquid PCMs [10] has been widely used

in domestic and industrial fields ranging from solar energy utilization

[11–13], building conservation [14,15], textile [16], waste heat recov-

ery [17], and thermal management [18,19], because of their superior

performances, such as high heat storage capacity per mass, nearly

isothermal heat storage/release process, non-poisonousness, chemical

inertness, and non-corrosiveness [20,21]. In consideration of practical

application requirements, the PCM candidate should possess several

major performances, for example, high thermal conductivity that

results in high heat transfer efficiency and small temperature gradient

[22], high latent heat which means great thermal energy density [23],

excellent thermal stability which determines the working life and

operating temperature [24], and simple preparation [25]. However,

two main defects of organic PCMs impose restrictions on energy storage

applications. One is liquid leakage during the phase change process

[26] and the other is low thermal conductivity (0.1–0.3 W m
−1

K
−1

)

[27]. To overcome these inherent disadvantages, stabilizing PCM in

porous supporting materials to get form-stabilized PCMs is regarded

as a prospective and high-efficiency technique [28]. At present, some

matrixes, like graphite-derived materials [29], carbon-based materials

https://doi.org/10.1016/j.enbenv.2019.08.003
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[3], and minerals [30], are used due to their excellent characteristics

in surface area, porosity, and thermal stability, etc [31].

Activated carbon as mostly amorphous carbon-based material with

extensive pore structure, relatively high thermal conductivity, low den-

sity, and cheaper cost, was gradually considered as feasible supporting

material in latent heat storage material [32], except common applica-

tions in the purification of liquids or gases and the separation of mixtures

as adsorbent [33]. One side, pores in activated carbon can stabilize low

molecular weight organics of PCM, for another, the exterior carbona-

ceous layers of the obtained activated carbon-based composite PCM can

serve as a physical protective barrier which restrains the transformation

of flammable molecules from solid or liquid to gas phase, and confines

the heat transfer behavior of PCM from flame to condensed phase at the

same time [34]. In addition, comparing to common supporting materi-

als with high thermal conductivity, activated carbon has renewability

than natural minerals (like expanded graphite [35]), has mass-cheaper

production than artificial carbon materials (like carbon nanotube [4]),

and thus can overcome yield restriction. So far, researches on activated

carbon have proved that this type of carbon can be used as a promising

inorganic porous supports in latent heat storage. For instance, focusing

on feasibility and thermal performances of the composite at first, Feng

et al. [33] absorbed polyethylene glycol in mesoporous activated car-

bon and investigated the confinement influence of porous structure on

phase change properties of composites. Chen et al. [31] incorporated

lauric acid into porous networks of activated carbon to prepare form-

stabilized composite PCMs, proving an improvement for thermal con-

ductivity of PCMs. Zhao et al. [36] prepared paraffin/activated carbon

composite PCM which has melting latent heat of 51.7 J g
−1

and melt-

ing temperature of 60.4 °C. Later, studies were combined with applica-

tions, Khadiran et al. [32] stabilized n-octadecane in activated carbon

with a specific surface area of 893 m
2

g
−1

to get composite PCMs, and

then evaluated the thermally regulated property through a test room

composed of gypsum composite boards. Yuan et al. [34] also applied

prepared low-temperature composite PCMs of capric–palmitic–stearic

acid/activated carbon with a phase change temperatures of 19.93 °C

and 16.84 °C, in solar cooling and radiant cooling systems. Despite some

studies of activated carbon-based composite PCMs, the raw material of

active carbon were not specified, and there are still lack sufficient data of

the realistic functional test, particularly in solar energy storage. There-

fore, exploiting appropriate form-stabilized composite PCMs based on

activated carbon is significant to remedy mentioned defects of solid-

liquid PCMs in thermal energy conversion, meanwhile, measuring the

thermal performances of the composite is also of much concern to real-

ize large-scale production in solar energy storage.

As one of the activated carbon, coconut shell charcoal (CSC) with a

three-dimensional porous framework can be used as supporting mate-

rial to prepare composite PCMs. It was studied by Yang et al. [37] that

the Brunauer Emmett Teller (BET) surface area of CSC prepared at

1000 °C temperature commonly is 702 m
2

g
−1

, and can even excess

2000 m
2

g
−1

with different activation agent. Moreover, CSC has ex-

hibited good absorption capacity in the elimination of metal ion in

effluent [38]. In this work, a cost-effective and environment-friendly

form-stabilized stearic acid/coconut shell charcoal (SA/CSC) composites

PCM with facile preparation and adjustable thermal properties for latent

heat storage was synthesized using vacuum impregnation. In prepara-

tion, CSC matrix was first modified by a moderate oxidizing reagent

of H2O2 in different degree for enhancing the impregnation ratio of

stearic acid (SA) in composites. Considering studies that different types

of activated carbon as supporting materials are used to prepare form-

stabilized PCMs are not enough, and the utilization and performance

evaluation of activated carbon-based material in solar energy storage

was limited. Therefore, the focus of this study is to prepare SA/CSC

composite with the goal of maximizing the loadage of SA in compos-

ite through H2O2 modification of supporting material and to examine

the thermal properties in the home-made domestic solar energy storage

system.

This is an attempt that CSC as an activated carbon was used as sup-

porting material to prepare composite PCM, and the modification pro-

cess is moderated and environmental. Thermal performances of TES ma-

terials developed in this study were characterized. The effect of H2O2

modification, containing physical structural modification which is re-

lated to extending porosity and chemical surface oxidization which is

with respect to interfacial interaction, on the loading behavior of the

CSC was analyzed from morphology test and surface elements measure-

ment. At last, the evaluation of application was verified by a home-made

solar water heater.

2. Experimental

2.1. Materials

Coconut shell charcoal (CSC, mesh number: 5–16) as an activated

carbon was purchased from Shanghai Dixin Environmental Technology

Co., Ltd., China. Stearic acid (CH3(CH2)16COOH, SA) with phase change

temperature of 56–70 °C was obtained from Tianjin Hengxing Chemical

Reagent Co., Ltd., China. Hydrogen peroxide (H2O2, 30%) was supplied

by Xilong Chemical Co., Ltd., China. Epoxy resin glue and curing agent

were supplied by Hunan Baxiongdi New Material Co., Ltd., China. All

chemical reagents were analytical reagent grade without further purifi-

cation.

2.2. Modification of coconut shell charcoal

A moderate and environmental-friendly modification process was

composed of the following steps. At first, 30% H2O2 and deionized water

were mixed in a certain proportion. Three kinds of H2O2 solutions with

different concentrations of 5%, 10%, and 15% were designed. Then,

20.0 g purchased CSC was dispersed in 150.0 g H2O2 solution and the

reaction process was maintained at a constant temperature of 50 °C for

5 h in the oven. At last, the mixture cooled to room temperature. After

washing by deionized water until the pH value of washing water trans-

ferred into a neutral range, the pre-treated CSC was dried in the oven

at 105 °C for 12 h to remove moisture. Therefore, the non-treated and

modified CSCs under three treatment concentrations of H2O2 solution

was denoted as CSC0, CSC5, CSC10, CSC15, respectively.

2.3. Preparation of form-stabilized composite PCMs

A typical preparation of composite PCMs was conducted by a vacuum

impregnation method. Here, SA acted as PCM for thermal energy storage

and CSC served as supporting material to stabilize solid-liquid PCM from

leakage. 5.0 g modified CSC after oven drying and 10.0 g stearic acid

were physically blended at room temperature in an Erlenmeyer flask

which is connected to a suction pump. A device was added between

reaction flask and a suction pump to avoid suck-back action. Prelimi-

nary, the inner pressure of Erlenmeyer flask was kept at −0.1 MPa for

5 min under vacuum pump. And then, the flask was transferred into

a thermostat water bath with a constant temperature of 95 °C (above

the melting temperature of SA) for 30 min. After this, the mixture was

treated by the ultrasonic bath at 80 °C for 5 min and filtered at 80 °C

for 5 h to remove extra SA, successively. Thus, the melted SA was ab-

sorbed into the CSC fully to obtain the final stearic acid/coconut shell

charcoal (SA/CSCs) composites which were correspondingly referred to

as SA/CSC0, SA/CSC5, SA/CSC10, SA/CSC15.

2.4. Characterization

The chemical stability of all samples was tested by Fourier transform

infrared spectroscopy (FTIR, Thermo Fisher NICOLET IS10, America) in

a wavenumber range of 600–4000 cm
−1

with the KBr method, in which

samples were sufficiently mixed and ground with KBr under a mass ra-

tio of 1:100–200 in agate mortar, to obtain a tablet for measurement

at room temperature. The crystal structure and chemical compatibility
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Fig. 1. Schematic diagram of the tankless solar water heater based on the SA/CSC
TSWH

composite.

of samples were all investigated by X-ray diffraction (XRD, Bruker D8

Advance, Germany), operated at a certain condition (Cu-Ka radiation:

1.54 Å, voltage: 40 kV, current: 40 mA, step size: 0.02°, scanning range:

3–80°). The microstructure and morphology for support and composite

were observed by scanning electron microscope (SEM, Zeiss Sigma 500,

Germany). The pore structure properties of CSC supports were measured

by nitrogen gas adsorption–desorption method through a porosimeter

instrument (Micromeritics, ASAP 2460). The porous structure in a cross

profile of supporting material was recorded by metallographic micro-

scope (Zeiss Axiovert 200 MAT, Germany). In order to observe the in-

ner porous structure, solid supporting material was added into an epoxy

resin which was mixed by epoxy resin glue and curing agent (a rough

proportion of 1.5:1). The mixture solidified spontaneously in a mold

after 24 h and then was polished to get a smooth interface for easy

observation. Thermal properties or phase change behavior of samples

were investigated by differential scanning calorimeter (DSC, TA Instru-

ments Q2000, America) with a temperature accuracy of ± 0.1 °C and

calorimetric precision of ± 0.05%. Specifically, samples (5 ± 1 mg)

were sealed in aluminum pans and the phase change temperatures and

enthalpies were tested from 20 to 80 °C at a heating/cooling rate of

5 °C min
−1

in N2 atmosphere. The thermal stability and loading capabil-

ity of composites were evaluated by thermal gravimetric analysis (TGA,

HENVEN HCT-3, China). For TGA measurement, about 10 mg powder

sample was filled in an alumina crucible and tested at a heating rate of

10 °C min
−1

from room temperature to 600 °C under a constant stream

of N2 with a flow rate of 50 ml min
−1

. The surface properties including

the element changes and functional groups transformation of samples

before and after modification were performed in X-ray photoelectron

spectroscopy (XPS, Thermo Fisher ESCALAB 250Xi, America), carried

out at a certain working mode (spot size: 400 μm, energy step size:

0.050 eV, monochromatized Al Ka radiation). Thermal storage-release

behavior was measured using a home-made experimental setup based

on our previous studies using a thermocouple paperless recorder (MIK-

RX6008C, China). The thermal conductivity was measured by the TPS

2500 Hot Disk. Transient temperature response behavior or tempera-

ture distribution was investigated by intuitionistic optical observation

method through a thermal infrared camera (FLUKE Ti450, America).

2.5. Thermal performance evaluation test

The ability of SA/CSC composite to function as a TES material was

evaluated using a domestic tankless solar water heater (TSWH) [39].

The composite used in this test was made of CSC which was modi-

fied by 5% H2O2 solution at 50 °C for 5 h and then stabilize SA. Af-

ter filtering, the obtained composite was named as SA/CSCTSWH with

the slightly excessive mass fraction of SA in order to satisfy the test

Table 1

Dimension parameters of solar vacuum tube
a

and water pipelines in TSWH

system.

Components Items Details

Solar

vacuum

tube

Model HQB-𝜑58× 1800

Weight (kg) 1.92

Outer diameter and thickness (mm) 58±0.7

Interior diameter and thickness (mm) 47±0.7

Length of the single tube (mm) 1800

Transmissivity of the outer tube (%) 91

Copper

pipelines

Branch pipe diameter (mm) 8

Main pipe diameter (mm) 19

Effective length in the single tube (mm) 3520

Center spacing of two branch pipes in

the tube (mm)

23.5

a
ISO9001: 2008 international quality management system certification.

Table 2

The test setting parameters of the tankless solar water heater.

Items Values

Location 28 °11′49′′ N, 112 °58′42′′ E

Date 22/May/2016

Heating time 8:00–18:00

Standard water flow 0.004 kg s−1

Temperature acquisition interval 30 s

Thermocouple (K-type) −200–1372 °C, ± (0.5%+ 0.8)

requirement. Fig. 1 shows the overall structure schematic of TSWH sys-

tem, the diagram of the solar vacuum tube in the test, and the connection

of pipelines. As illustrated in the overall structure, the integrated system,

in which five solar vacuum tubes are fixed on a stainless steel holder, is

provided with a water inlet and a water outlet. SA/CSCTSWH composite

as a working medium was filled in vacuum tubes where U-shaped water

pipes were installed too. From the internal connection of pipelines, it

presents that all cold water flows into tubes and heated water flows out

simultaneously for every solar vacuum tube.

In testing, three thermocouples (T1, T2, and T3) for measuring the

instantaneous uniform temperature of the inlet (Tinlet), working medium

of SA/CSCTSWH composite (Tcomposite), and outlet (Toutlet) were installed.

Moreover, it must be noted that only one solar vacuum tube was used

as an experimental subject which absorbed solar energy from 8:00–

18:00. Following, the flowmeter with a flow rate value of 0.004 kg s
−1

was opened and the temperature changes of three thermocouples were

recorded. Due to the relatively small temperature difference between

two points of U-shaped water pipes in T1 location, the composite tem-

perature was determined by T1. Table 1 presents the size parameters of

solar vacuum tube and water pipelines in TSWH system, and Table 2 is
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Fig. 2. XRD patterns of SA, CSC
0
, CSC

15
, and SA/CSC

0
, SA/CSC

15
composites.

the test setting parameters of TSWH. Thus, the thermal performance of

SA/CSCTSWH composite was evaluated by this TSWH system.

3. Results and discussions

3.1. Crystal structure characterization

The crystal structure and phase components of samples were de-

tected through XRD patterns in Fig. 2. It can be seen that the CSC

supports all show two elevated backgrounds attributed to amorphous

characteristic diffraction peaks between 2𝜃 =20–30° and 2𝜃 =40–45°,

signifying that CSC supports exist amount of amorphous carbon with no

crystalline structure. However, it is also found that some obvious sharp

peaks appear in CSC samples: the most powerful diffraction peak at

around 2𝜃 =26.5° results from the (002) plane of crystallization graphite

[40,41]. Through comparing with standards (PDF), other weaker sharp

peaks in CSC supports indicate the presence of inorganic components,

such as zinc chloride (ZnCl2), cobalt selenate hydrate (CoSeO4·3H2O),

and phosphate, etc., which are formed in carbonation process [42,43].

For two CSC samples, the intensity of (002) graphite peak is decreased

after modification, the reason is that the crystal structure of CSC-15 was

damaged in the H2O2 treatment process at a certain extent. For com-

posites, diffraction peaks at 2𝜃 =21.6°, 23.9°, and 7.0° displaying on the

basis of CSC flat peak, are caused by crystallization of SA component.

The peak position and shape of SA/CSC composites are not significantly

distinctive to that of pure SA. This indicates that the crystal structure of

SA in composites is not affected in the fabricating process. There are also

no new peaks in composites except for characteristic diffraction peak of

SA and CSC supports. Thus, the SA/CSC composites have good chemical

stability which will be further confirmed in FTIR results. Further, it was

observed the intensity of SA in the composite is lower than that of pure

SA, which is due to the lower content, and the crystal range of SA be-

comes smaller in composites under the confinement of porous structure

of CSC supports [31].

3.2. Chemical compatibility

The specific interactions and chemical compatibility among compo-

nents in composites were investigated by FTIR method. Fig. 3 shows the

FTIR spectra of pure SA, CSC supports and corresponding SA/CSC com-

posites. In SA spectrum (Fig. 3(a)), there are typical absorption peaks

at a wavelength of 2915, 2846, 1695, 1465, 936, and 726 cm
−1

. The

characteristic absorption peaks at around 2915 cm
−1

and 2846 cm
−1

are assigned to the stretching vibration of –CH3 and –CH2 groups,

Fig. 3. FTIR spectra of (a) SA and SA/CSC composites, and (b) CSCs.

Table 3

The content of surface functional groups based on XPS spectra of C1s.

Samples Content of functional groups for C1s (%)

C–C C–O C=O O–C=O

284.8 (eV) 286.1 (eV) 287.6 (eV) 289.2 (eV)

CSC0 68.13 17.36 8.09 6.42

CSC15 63.65 17.95 10.85 7.55

respectively [4]; the C=O stretching band of SA is located at about

1695 cm
−1

[4]; The peak at 1465 cm
−1

corresponds to the in-plane

bending vibration peak of –OH groups [44,45], and peaks at 936 cm
−1

and 726 cm
−1

represent to the out-of-plane bending vibration and in-

plane swinging vibration peaks of the –OH groups, respectively [34,44].

Comparing to CSC samples (Fig. 3(b)), these characteristic peaks from

SA components can also be detected in SA/CSC composites in Fig. 3(a)

and the infrared spectra of composites with no remarkable new peaks

exhibit that there is no chemical reaction between SA and CSC samples,

signifying excellent chemical stability. In addition, the absorption peaks

from SA in SA/CSC composites become more intensive gradually from

the spectrum of SA/CSC0 to SA/CSC15, indicating an increase of loadage

of SA in composites.

3.3. Surface properties

To explore the change of element content and forms on the surface of

CSC samples before and after modification, XPS analysis was conducted.

Through measuring the primary elements including carbon (C), oxygen

(O), and nitrogen (N), effects of modification on surface properties can

be further identified. Fig. 4(a) is the full XPS spectra for two support-

ing materials of CSC0 and CSC15. As it is shown, the peak intensity of

C1s is lowered after modification, while the O1s peak is heightened. Be-

sides, the element content of C and O on the surface are measured to be

85.88% and 13.71% for the non-modified sample of CSC0, respectively,

and 78.89% and 20.03% for the modified sample of CSC15, respectively.

Based on this, the C/O ratio of two supporting materials is also calcu-

lated to be 6.26 and 3.94, respectively. These results suggest that there

are oxidation reactions occurred on the surface of CSC.

Further, the high-resolution XPS spectra of C1s is fitted and corre-

sponding content of surface functional groups for two CSC samples are

listed in Table 3. As it is known, the binding energy at 284.8, 286.1,

287.6, and 289.2 eV are attributed to C–C, C–O, C=O, and O–C=O func-

tional groups, respectively [46,47]. According to peak fitting for the

modified sample of CSC0 (Fig. 4(b)) and the non-modified sample of

190



B. Xie, C. Li and B. Zhang et al. Energy and Built Environment 1 (2020) 187–198

Fig. 4. (a) The full XPS spectra of CSC
0

and CSC
15

; the high-resolution XPS spectra of C1s for (b) CSC
0

and (c) CSC
15

, and (d) O1s.

CSC15 (Fig. 4(c)), it can be concluded that the content of oxygen func-

tional groups on the surface is increased after modification, especially

the O–C=O groups (from 6.42% to 7.55%). The intensity of O1s for

CSC15 is stronger than that of CSC0 sample (Fig. 4(d)). Therefore, it

is revealed that the CSC15 surface was successfully oxidized by H2O2

reagent, causing an enhancement of surface polarity through the in-

troduction of oxygen atoms. The melted SA can be attached to the in-

ner or outer surface of CSC supporting material through polarity effect

more easily except for the capillary effect and surface tension forces

[48]. Finally, through facilitating the interfacial interaction between

components in the SA/CSC15 composite, the loadage of SA was final

improved.

3.4. Morphology and microstructure analysis

Fig. 5(a)–(f) shows the SEM images of CSC supports while Fig. 5(g)

shows the SA/CSC15 composite, and Fig. 5(h) and (i) are optical im-

ages in vertical and cross profiles of CSC0 by metallographic micro-

scope. From the low-resolution SEM images of CSC (Fig. 5(a)–(c)), the

CSC0 support presents a blocky structure in which external surface is

covered by stacked carbonization charcoal with irregularity shape and

with hardly any obvious pores, while the CSC10 and CSC15 show appar-

ent pores. Not only the total pore quantity of CSC15 sample is more than

that of CSC10, after considering the measuring error which is caused by

the visual range when the measurement was conducted, but also the

margins of the pore of CSC15 is destroyed more severely comparing to

CSC10. From the high-resolution SEM images (Fig. 5(d)–(f)), the surface

of treated CSC10 and CSC15 samples exhibits bitty appearance contrast-

ing to untreated CSC0 support. Especially a number of pores which could

be detected in low-resolution images appear on the side face of natural

macropores in CSC15 support in Fig. 5(f), resulting from H2O2 modifi-

cation process. These results confirm that the pore structure of the CSC

samples vary with the H2O2 processing concentration and will be fur-

ther validated in BET analysis.

In addition, from the image of PCM composite in Fig. 5(g), it can

get a clear look at the distribution of CSC15 support and SA component

in SA/CSC15 composite. As it is shown, CSC15 support in composites

featured multiple pores with many inner surfaces and without obvious

stacked charcoal in its surface, which allows them to be easily saturated

with melted SA. Thus, it is founded that SA is absorbed in the porous

network of CSC15 well after H2O2 treatment. This phenomenon can also

be accounted for by FTIR and XPS analysis because of the capillary ef-

fect and surface tension forces between SA and porous network of CSC

[49]. Furthermore, in order to explore the internal porous structure, the

vertical and cross profiles of CSC0 in epoxy resin was observed in the

optical microscope (Fig. 5(h) and (i)). This original supporting material

presents the oriented structure and most of the crevice-like pore with

super macropore scale (length dimension of 50–550 μm; diameter size

of 10–300 μm) in CSC0 stack along with the normal direction of the

block samples.
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Fig. 5. SEM images of (a, d) CSC
0
, (b, e) CSC

10
, (c, f) CSC

15
, and (g) SA/CSC

15
composite; optical images in (h) vertical and (i) cross profiles of CSC

0
.

Fig. 6. (a) Nitrogen adsorption–desorption isotherms and (b) pore size distribution curves of the samples.

3.5. Pore structure properties

Fig. 6 illustrates the N2 adsorption–desorption isotherms and pore

size distribution curves of the obtained porous CSC supports. The

comprehensive quantitative characterizations regarding the pore struc-

ture properties of two CSC supports are summarized in Table 4. It

could be found in Table 4 that the cumulative pore volume of CSC15

(0.064 cm
3

g
−1

) support is recorded to be more than that of CSC0

(0.056 cm
3

g
−1

), signifying more loading space can be available in

stabilizing SA; the surface area of CSC15 is also greater, concluding

CSC15 can provide more adsorption sites; the average pore size of CSC15

support is lower than CSC0, which represents that the capillary force
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Table 4

Specific surface areas and porous properties of the CSC
0

and CSC
15

.

Samples BET surface

area (m
2

g
−1

)

BJH adsorption cumulative

volume of pores (cm
3

g
−1

)

BJH adsorption cumulative surface

area of the pore (m
2

g
−1

)

BJH adsorption average

pore width (nm)

CSC0 403.802 0.056 72.855 3.079

CSC15 530.137 0.064 86.539 2.978

Fig. 7. Schematic of SA absorption and impregnation based on hydrogen bond and physical interaction.

between SA and CSC in SA/CSC15 composite should be stronger than

that of SA/CSC0. Moreover, from Fig. 6(a), all samples present a clear

hysteresis loop in the range of relative pressures P/P0 > 0.4, validating

there are strong capillary forces [49]. From Fig. 6(b), CSC15 shows slight

more macropores. In consequences, these BET results according to the

SEM images validated that the pore structure of CSC supports is influ-

enced by H2O2 modification process and presents an increasing trend in

porosity. Additionally, the hydrogen bond interaction [50] originated

from oxygen functional groups on the surface of CSC supports are af-

fected by surface area. Thus, considering these factors, like hydrogen

bond, capillary forces, and surface area, the pores of CSC rather than

oxygen functional groups should be more sufficient in the enhancement

of SA loadage in PCM composites [49]. The effects of hydrogen bond

and physical interaction on the absorption and impregnation of SA are

illustrated in the schematic of Fig. 7. Consider the above results, the

surface of CSC support with increased oxygen functional groups con-

nect with and absorb SA by hydrogen bond [50], at the same time, the

treated CSC support in physical interaction increases pores to stabilize

SA.

3.6. Thermal stability

Achieving good thermal stability is the main factor for the applica-

tion of thermal energy storage material. The thermal stability of pure

SA and SA loadage ratio of SA/CSC composites was studied by TGA

measurements in Fig. 8. For pure SA sample, there is only one single

decomposition step occurred at a temperature range of 180–300 °C, and

SA is completely removed under the N2 atmosphere in the pyrogenic

decomposition process. For SA/CSC composite samples, the weight loss

which is ascribed to the removal of saturated SA, appeared at a starting

temperature of about 180 °C and ended at a final point of about 250 °C,

meaning that SA/CSC composites are stable in the working temperature

range of phase change for thermal energy storage application.

Except for absorbed water, the total weight loss ratio is calculated

based on the following equation:

𝛽 = 𝑊 = (1 −𝑀) (1)

where 𝛽 (%) is the loadage of SA in composites, W (%) is the total

weight loss ratio in the decomposition process, and M (%) is the residual
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Fig. 8. TGA curves of pure SA and SA/CSC composites.

Fig. 9. DSC curves of pure SA and SA/CSC composites.

weight percentages in whole TGA analysis. Hence, the SA loadage ratio

of SA/CSC0, SA/CSC5, SA/CSC10, and SA/CSC15 composite are calcu-

lated to be 19.63%, 26.79%, 30.87%, and 35.33%, respectively. Com-

pared with SA/CSC0 composite with no-modified support, there is an

enhancement of 15.70% for SA/CSC15 composite. The SA loadage is

enhanced with the increase of H2O2 concentration in the modification

process. This phenomenon is agreed with FTIR results.

3.7. Thermal properties

The thermal properties or phase change behavior of SA/CSC com-

posites with different SA content were characterized by DSC analysis in

Fig. 9, and corresponding phase transition temperature (T), latent heat

value (ΔH), crystallinity (Fc) and efficient energy per unit mass of SA

(Eef) are successive investigated are listed in Table 5. As it is shown

in Fig. 9, all samples show endothermic and exothermic single peaks in

the phase change process, respectively, revealing single phase transition

behavior. The presence of both peaks in SA/CSC composites confirms

the successful stabilization of SA into the porous framework of CSC.

In the present case, pure SA has the melting and freezing temperature

at 52.20 °C and 51.79 °C, respectively, and the three SA/CSC compos-

ites display melting point range around 52.4–52.6 °C and freezing point

range around 51.8–52.1 °C, which are very close to that of pure SA,

demonstrating a similar phase change behavior. Meanwhile, these com-

posites (SA/CSC0, SA/CSC5, SA/CSC10, and SA/CSC15) have a melting

latent heat value of 32.40, 55.08, 66.06, and 76.69 J g
−1

, respectively,

and freezing latent heat value of 32.11, 54.13, 65.81, and 76.00 J g
−1

,

respectively. It shows that SA/CSC15 composite has the most excellent

thermal performance among prepared composites, and enthalpy of the

composite was improved with the increase of SA loading ratio.

To access the energy storage capacity or efficiency of SA/CSC com-

posites more precisely and directly, the apparent Fc and Eef are pro-

posed. Generally, Fc is used to describe the effects of porous structure

on the crystallinity of absorbed SA, and Eef affected by Fc is related to

energy density straightforward.

The parameter of Fc is given by the one equation [27]:

𝐹
𝑐
=
Δ𝐻

𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒

Δ𝐻
𝑝𝑢𝑟𝑒

𝛽
× 100% (2)

Hereby, Eef is calculated using another equation [28,51]:

𝐸
𝑒𝑓
= Δ𝐻

𝑝𝑢𝑟𝑒
× 𝐹

𝐶
(3)

Where ΔHcomposite and ΔHpure refer to the latent heat value of composites

and pure PCM, respectively (especially in the melting process, here); 𝛽

reflects SA loading ratio which is calculated in TGA analysis. Based on

these, it is obtained in Table 5 that the Fc value escalates from SA/CSC0

(74.41%) to SA/CSC15 (97.87%) sample, and relevant Eef value also

ascended from SA/CSC0 (165.04 J g
−1

) to SA/CSC15 (217.08 J g
−1

)

sample. Actually, disorder SA with non-crystallization cannot provide

enthalpy in practical according to previous studies [35]. One side, CSC

served as impurity component can restrain the ability to perfect crys-

tallize and agglomerate [33]. Another side, long-chain alkanes of SA

confined into narrow space of CSC support have less possibility to crys-

tallization [52]. Thus, it is explained that with the H2O2 concentration

increase, the more super macropore is opened, causing more SA freely

absorbed in pores of SA/CSC composites.

3.8. Form-stabilized property

Form-stabilized property as a crucial factor for the practical appli-

cation was recorded by the optical camera during heating. Samples at

room temperature were put on 80 °C heating plane with a graphite plate

and measurement was conducted by comparing the leakage area during

heating, which is the diameter of melted PCM. Fig. 10(a) is typical pho-

tographs of SA and SA/CSC15 composite heated at 80 °C for different

times. Based on different forms of the sample, two comparative trials

were carried out. For one, original samples of SA and SA/CSC15 com-

posite with equal quality around 2.0 g were directly tested. For another,

two samples were ground into the micro-size powder to form a cylindri-

cal compressed shape (Φ 20 × 2 mm) under a pressure of 10 MPa.

As the pictures show, solid SA samples with two forms start to melt

at around 30 s and change into the liquid state after a certain time, re-

flecting no form stability, while the original or cylindrical compressed

SA/CSC15 composite can remain their initial shape steadily in the whole

heating process. In addition, the form-stabilized SA/CSC15 composite

exhibits an unaltered shape after several phase change cycles, demon-

strating the melting/freezing behavior of SA in the composite is a reverse

process. Fig. 10(b) is the diameter ratio of the leakage area of cylindri-

cal compressed SA. The melting behavior of cylindrical compressed SA

is described through three parameters, including the leakage diameter

(Dleakage), the initial diameter of the sample (Dsample), and the instanta-

neous diameter of the sample (D’sample). From bars, it is found that the

leakage area of Dleakage/Dsample become larger as heating time increase,

while the sample dimension ratio of D’sample/Dsample is decreased. In

75 s, the percentage of D’sample/Dsample is only 8.3%, which means that

solid SA almost melted. For cylindrical compressed composite, the total

mass loss of original or cylindrical compressed SA/CSC15 composite af-

ter the heating test was around 1.5%. All these results show that plenty

of SA can be stabilized in the framework of CSC under the certain influ-

ence of capillary behavior and interfacial bonding, causing an excellent

form-stabilized property of SA/CSC15 composite.
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Table 5

Thermal properties of the SA and SA/CSC composites
a
.

Samples Loadage

(𝛽,%)

Melting

temperature

(T
m

, °C)

Freezing

temperature

(T
f
, °C)

Latent heat of

melting

(ΔH
m

, J g
−1

)

Latent heat of freezing

(ΔH
f
, J g

−1
)

Theoretic values of

ΔH
m

(ΔH
th

, J g
−1

)

The crystallinity

of SA (F
c
,%)

Efficient energy per unit

mass of SA (E
ef

, J g
−1

)

SA 96.29 52.20 51.79 221.8 218.6 – – –

SA/CSC0 19.63 52.48 51.81 32.40 32.11 43.54 74.41±0.02 165.04

SA/CSC5 26.79 52.49 51.94 55.08 54.13 59.42 92.70±0.02 205.61

SA/CSC10 30.87 52.58 51.89 66.06 65.81 68.47 96.48±0.02 213.99

SA/CSC15 35.33 52.52 52.05 76.69 76.00 78.36 97.87±0.02 217.08

a ΔH
th
=ΔH

pure
× 𝛽.

Fig. 10. (a) Optical photographs of SA and SA/CSC
15

composite heated at 80 °C for different times; (b) The diameter ratio of leakage area of cylindrical compressed

SA.

Fig. 11. (a) Experimental set-up for thermal storage and release performance; (b) the thermal storage and release curves of SA and SA/CSC
15

composite.

3.9. Thermal storage-release behavior

The direct heat storage/release performance of SA/CSC15 composite

containing 35.33% of SA was carried out in a homemade set-up [41],

as shown in Fig. 11(a). Two samples with the initial packing density of

about 0.85 g cm
−3

in test tubes were put in homothermal water bath

(65 °C heat source; 30 °C cold source) at the same time to record tem-

perature change behavior. One side, the heat storage/release rate was

determined by time in the heating/cooling process before and after

phase transition point (sensible heat storage process). Another side, the

phase change between solid and liquid occurred in phase transition

point (latent heat storage process) which can hold itself for some time.

Fig. 11(b) shows the melting and freezing curves of SA and SA/CSC15

composite. For both samples, an endothermic plateau and an exother-

mic platform appear at around 50–55 °C, but, there is only a short phase

change platform that hardly is detected in SA/CSC15 composite instead
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Fig. 12. Thermal infrared images of SA and SA/CSC
15

composite during (a)

heating and (a) cooling.

can easily be observed in SA. This behavior stems from two reasons:

SA/CSC15 composite has a lower latent heat than pure SA in total and

the heat transfer rate of SA/CSC15 is greater than that of SA. As seen

from curves simultaneously, increasing the temperature from an initial

temperature (29 °C) to a platform temperature (50 °C) requires 137 s

for SA, while 72 s for SA/CSC15 composite during heating, proving

that SA/CSC15 composite have a preferable heat storage/release per-

formance. Moreover, in the cooling process, it takes 220 s for SA/CSC

composite, but 352 s for SA to reduce the temperature from 50 °C to

30 °C after transferring the test tubes into a water bath with a low tem-

perature. Comparing with pure SA, the temperature of SA/CSC compos-

ite increased and decreased rapidly in the water bath. This phenomenon

is attributed to the function of CSC support as an effective photon captor

and molecular heater [35]. Thus, the above results demonstrate that the

SA/CSC15 composite exhibits a greater rate of heat storage/release than

pure SA in the whole testing process and it with excellent heat transfer

performance present significant potential for thermal utilization, includ-

ing the solar water heater.

3.10. Transient temperature response behavior

The transient temperature response behavior as a reflection of ther-

mal storage performance was investigated by infrared thermography,

through making a comparison between the SA/CSC15 composite with

pure SA as reference. Thermal radiation emanated from the surfaces of

samples was recorded by thermography at certain intervals [27]. Thus,

the transition temperature transformation can be visualized by a color

scale, optically and intuitionally, in which each color represents a tem-

perature range. In testing, all samples were compressed into a nummular

tablet with the same dimension of Φ 20 mm×2 mm under a pressure

of 10 MPa, and then two samples within self-designed mold were put in

homothermal panels to heat or cool [27].

Fig. 12 displays thermal infrared images of SA and SA/CSC15 com-

posite in the testing process. As it shows, in the heating process,

both samples exhibit the similar color at 5 s, and the SA/CSC15 com-

posite changed its color more rapidly before and after phase change

point, which means a more excellent transient temperature response

behavior than that of SA. In the cooling process, SA/CSC15 composite

also presents drastically diverse colors as time decline, and can hardly

be detected in 225 s according to that the transient temperature is ex-

tremely close to background temperature, reflecting a higher heat ab-

sorption rate than that of SA. It is indicated that the CSC supporting

material can facilitate the storage/release of thermal more swiftly for

SA/CSC15 composite. Results also reflect that the microstructure is ef-

fective at a certain extent for the thermally conductive pathways due to

the formation of carbonizing biological frameworks of natural coconut

shell [53].

3.11. Thermal performance evaluation of the SA/CSC composite in

tankless solar water heater

The purpose of this test is to investigate the feasibility of

SA/CSCTSWH composite in TSWH, and the thermal performance is fur-

ther evaluated in the practical application based on latent heat storage.

In this test, a unit which is one independent solar vacuum tube was

heated in solar for 10 h and then got water into it to exchange heat.

At first, it was investigated that the SA/CSCTSWH composite has a ther-

mal conductivity of 0.75 W m
−1

K
−1

which is 2.88 times higher than

that of pure SA (0.26 W m
−1

K
−1

), signifying a larger heat transfer rate.

That is because the existence of porous structure of CSC can provide a

heat transfer path for PCM and accelerate phase transition rate [41,54]

based on phonon propagation theory [55]. Further, the latent heat of

the SA/CSCTSWH composite was measured to be 84.50 J g
−1

in the DSC

curve (Fig. 13(a)). Fig. 13(b) shows temperature changes of outlet and

working medium (SA/CSCTSWH composite) in testing. In the first 30 s,

it can be seen that the composite in the tube has a high temperature

of 67.6 °C and the inlet water with an initial temperature of 20.1 °C is

dramatically increased to 61.1 °C due to heat transmission begins from

high-temperature source of PCM composite to low-temperature source

of cold water. From 30 to 120 s, the Tcomposite and Toutlet show a rapid

decline owing to a large temperature difference between composite and

inlet water, meaning a higher heat transfer rate in terms of Newton’s

law of cooling [56].

Later, the homeothermal plateau in two curves occurred in a range

of 120–450 s, signifying the latent heat release process. After 450 s, the

sensible heat as the thermal source was transferred to water in U-shaped

pipe. As the temperature difference decreases, the heat transfer rate also

declined, especially when the Tcomposite and Toutlet dropped down to a

certain point in 870 s, the Toutlet exhibits a little higher value than that

of Tcomposite.

It could be explained as follows: the thermocouple of Tcomposite was

inset in the central of solar vacuum tube and composites around this

thermocouple released heat and decreased temperature into a certain

point, causing a lower temperature than outlet part of U-shaped pipe.

Because it is known to us that the temperature of the inlet part of the

U-shaped pipe is lower than that of the outlet part. In addition, the dis-

tance difference between Toutlet thermocouple and Tcomposite thermocou-

ple may result in a ‘time delay’, which is equal to that the measuring time

of Toutlet is later than that of Tcomposite. As a qualitative system, the total

absorption heat of water during the testing time (from 0 to 1830 s) are

calculated by an equation [57]:

𝑄 = ∫
𝑇2

𝑇𝐴

𝑞 𝑑𝑇 = ∫
𝑇2

𝑇1

𝑚𝐶
𝑝,𝑤

𝑑𝑇 (4)

where Q is the absorption heat of water; q is the heat flux, Cp,w is the

specific heat of the water. Thus, based on the flow velocity of inlet water

of 0.004 kg s
−1

, the Q is calculated to be around 543.46 kJ (0.15 kW h),

representing heat which resulted from the sensible heat and latent heat

of PCM composite in this system. According to these results, it was indi-

cated that the SA/CSC15 composite as latent heat material shows good

thermal performance and can effectively be used in TSWH system to

heat water at night.
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Fig. 13. (a) DSC curve of SA/CSC
TSWH

composite; (b) temperature changes of outlet and working medium (SA/CSC
TSWH

composite) in testing for the tankless solar

water heater.

4. Conclusion

The form-stabilized SA/CSC composite PCMs were prepared by using

SA as PCM for thermal energy storage and CSC as 3D framework support.

Facile preparation and adjustable thermal performance of composite can

be achieved with a moderate H2O2 modification of CSC supporting ma-

terial. Results are below:

(1) The influences of the modification process on performances of sam-

ples were investigated. The SA loadage in the composite is enhanced

with the increase of H2O2 modification time due to the coefficient

enhancement by physical interaction and surface modification.

(2) Physical-thermo properties of the composites are analyzed. The as-

prepared SA/CSC15 composite with melting and freezing latent heat

value of 76.69 J g
−1

and 76.00 J g
−1

, shows the great form-stabilized

property, good transient temperature response behavior, thermal

stability, chemical compatibility, and excellent heat transfer rate

than pure SA. According to DSC analysis for crystallization, about

97.87% of SA in SA/CSC composite work as PCM, the rest is con-

fined by the porous structure or surface functional groups of CSC.

(3) A qualitative solar energy application system was introduced. The

composite in home-made TSWH system was used to evaluate the

thermal performance in practical application, it proved this designed

system can heat water at night and owns non-leakage advantage than

that of traditional TSWH filled with pure PCM.

Therefore, this study proposes some new insights in preparing cost-

effective and environment-friendly composite with adjustable thermal

performances, as well as a novel platform for using active carbon-based

composite PCM in a confined environment in solar thermal energy uti-

lization.
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The energy consumption in buildings for heating, ventilation, and air-conditioning is increasing with the in-

creasing demand for thermal comfort. Thermal energy storage with phase change material (PCM) has attracted

growing attention for its role in achieving energy conservation in buildings with thermal comfort. This paper

investigates the effect of PCM on the heat transfer rate in a building wall and the role of PCM on the indoor

thermal comfort of the building. Two models of building wall fragments were developed for the experimental

study. In one model, tests were conducted for different positions of the PCM layer in the building wall to identify

the optimal position of the PCM layer inside the wall. In another model, tests were carried out integrating PCM,

air gap, and other conventional building materials (brickbat and sand), one at a time, to investigate the role of

PCM on the heat transfer rate in the building wall fragment. The results show that placing the PCM layer closer

to the heat source gives a low-temperature gain of the cold water bath (indoor state) as compared with the PCM

layer near the heat sink. With PCM, the temperature rise of the cold water bath (indoor state) of the building

wall fragment was the lowest, and the slope of the temperature rise of the cold water bath becomes steadier with

time i.e., fewer temperature fluctuations. There was a significant time delay for the cold water bath to reach a

given temperature. The heat required for a unit degree increase in the temperature of the cold water bath was

higher and the peak heat flux of the wall was lower relative to the other building materials.

1. Introduction

The rapid rise of global energy consumption has raised concerns

because of the increased dependency on natural resources and nega-

tive environmental impacts. The building sector is the largest energy

consumption sector, accounting for over one-third of the total energy

consumption and an important source of carbon dioxide emissions [1].

Besides population growth, improved building services, indoor comfort

levels and the increased time spent inside buildings have dramatically

increased the energy consumption in the building sector. Heating Venti-

lation and Air Conditioning (HVAC), an essential requirement for meet-

ing the demand for thermal comfort of the people, accounts for half the

total building consumption and one-fifth of total energy use [2]. The

escalating energy consumption and the greenhouse emission associated

with the building energy consumption highlights the need to implement

efficient building materials and energy storage technologies. Among

the different energy storage technologies, thermal energy storage using

Phase Change Material (PCM) has received considerable attention in re-

cent years. PCM uses the principle of latent heat thermal energy storage

to provide high heat storage density and store a large amount of heat

∗
Corresponding author.

E-mail address: dhahmed.mpe@aust.edu (D.H. Ahmed).

during the phase change process with little variation of PCM volume and

temperature [3]. Integrating PCM into buildings not only reduces energy

consumption but also improves the thermal comfort of buildings [4].

During the day, the indoor air temperature of a room becomes hot

because of solar radiation. When PCM is incorporated in the building

structure, it undergoes a change of phase from solid to liquid due to so-

lar radiation. This phase change is an endothermic process that absorbs

heat. The heat energy is continuously stored until the PCM is melted

completely. Again, during the night as the temperature falls, the PCM

solidifies and expels the stored heat back to the room. This cycle not

only stabilizes the interior temperature but also cuts off the peak cooling

loads and heating loads by influencing the surface temperatures, keep-

ing the thermal resistance of the building envelope unaffected [5]. Due

to this nature of the PCM of storing the excessive heat during the day

and releasing the stored heat back during the night, PCM can provide

better thermal comfort for the occupants.

The thermal mass of buildings influences how the buildings interact

with solar radiation or internal heat gains. The low thermal mass of

lightweight building structures can cause the fluctuation of the indoor

air temperature, which is a key factor influencing thermal comfort.
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Phase-change materials can significantly increase the thermal mass

by storing and releasing heat to a higher degree than conventional

building materials. The integration of phase change materials into

walls, buildings, floors, and other building components can reduce heat

transfer rates at peak hours and eliminate the relatively large variations

in the internal temperature [6]. With PCMs installed, the high latent

heat of PCMs can increase the thermal mass of these enclosure compo-

nents and provide a natural regulation of internal temperature, which

leads to a reduction in indoor temperature fluctuations [7]. Through

the effective incorporation of PCM, it may be possible to maintain a

steady temperature around the comfort zone for longer periods without

using HVAC systems [8]. This will potentially minimize the need for

HVAC systems and result in building energy saving.

Selecting the PCM in the desired melting/freezing point will bene-

fit the indoor climate in two ways. First, the temperature will be held

more stable, reducing the feeling of thermal discomfort due to temper-

ature fluctuations throughout the day. Second, the peak temperature

will be reduced, thereby eliminating the possibility of reaching a level

that would lead to increased thermal discomfort. Besides, PCM may lead

to a more uniform temperature between surfaces and air temperature,

reducing thermal discomfort from radiative heat.

In recent years there has been increased research on the application

of PCM in buildings for better thermal comfort. Jamil et al. [9] investi-

gated the feasibility of PCM to reduce the air temperature and improve

the thermal comfort of a room in Melbourne. A temperature reduction

of 1.1 °C in the indoor air temperature during the daytime and a 34%

reduction in thermal discomfort hours were observed in the room with

PCM. Zhu et al. [10] studied the thermal performance of an experimen-

tal room integrated with double layers shape-stabilized phase change

material on the wall. The experimental results showed that the PCM

room could prevent overheating in summer and under cooling in winter

compared with the reference room with no PCM. Hasan et al. [11] inte-

grated PCM with conventional building materials such as plaster, straw

and wood to investigate the heat transfer rate from a heated region to

a cold region. The results showed that using PCM can lower the tem-

perature of the inner wall and the cold region. Lee et al. [12] evaluated

the thermal performance of south and west-facing building walls out-

fitted with phase change material. Experimental results showed that at

the optimal location of PCM, the peak heat flux reductions were 51.3%

and 29.7% for the south and west wall, respectively. Kuznik and Vir-

gone [13] conducted experimental research on a wall containing PCM

material and found that PCM wallboard reduces the air temperature

fluctuations and the wall surface temperature of a room. Castell et al.

[14] experimented with PCM in conventional and alveolar brick con-

struction, which showed that PCM can reduce the peak temperatures up

to 1 °C and smooth out the daily fluctuations. Hasan et al. [15] exper-

imentally studied the role of PCM in the thermal comfort of a model

of a room by incorporating a PCM layer on the ceiling and the walls

of the room. Experimental results demonstrated a reduction in indoor

temperature and cooling load.

Tardieu et al. [16] conducted a simulation to predict the thermal

performance of office-sized test rooms in Auckland for the summer and

winter months. Simulation results showed that the added thermal mass

of PCM can reduce the daily indoor temperature fluctuations up to 4 °C

in the summer days. Nghana and Tariku [17] experimentally and nu-

merically assessed the impact of PCM on indoor comfort and energy

performance of residential construction in a mild climate. Field exper-

iments using twin buildings showed a reduction of temperature fluc-

tuations of the indoor air and wall by 1.4 °C and 2.7 °C, respectively.

Simulations did not demonstrate significant summer comfort improve-

ment but showed 57% energy savings during the winter condition. Li

et al. [18] numerically investigated the effect of incorporating PCMs in

conventional building walls in Isfahan, Iran. The results showed that the

performance of the PCM-based wall is greatly influenced by the thermal

conductivity, phase-change enthalpy, and melting temperature of PCM.

Moreover, the thermal conductivity has priority over other PCM thermo-

physical properties. Reddy et al. [19] investigated the thermal perfor-

mance of a PCM integrated roof. The analysis showed that an appropri-

ate thickness of multi-PCM layers can maintain a constant comfortable

temperature in the building throughout the day in Chennai, India.

However, the selection of PCM to be used as building materials de-

pends on the heat source. For example, Zhao et al. [20] suggested that

the composite with Paraffin/Modified Inorganic Porous Materials can

be used as building material for energy storage, which has a melting

point of about 63 °C and can be used around the world under different

conditions. Hassan et al. [21] showed in their review article that paraf-

fin with a wide range of melting point can be used as building materials,

especially composite PCM. Composite PCM with a melting point ranging

from 50 to 60 °C can be used in building walls to reduce the heat transfer

from outside to inside [22–24]. In most African countries, Middle East

countries, the Australian region and some of the regions of Europe and

India, the temperature goes up to 50 °C during the summer. In hot cli-

mates, thermal insulation materials are extensively used to reduce the

heat flow into the building indoor space. PCM with a high melting point

temperature range can be used as an insulating material in building ap-

plications for hot climates. Hasan et al. [15] conducted an experimental

study incorporating PCM with a melting point of 44 °C on the walls and

ceiling of a room in Kut city, Iraq. Alawadhi [25] conducted the thermal

analysis of building brick containing PCM to be used in a hot climate. As

a part of their study, PCM with a melting point of 47 °C was integrated

into the brick. For such extreme hot weather, PCM with a higher melt-

ing point may be beneficial as many researchers focused on the leaking

issue of the phase change materials during the melting process for a high

temperature heat source [21,26].

There are lots of industrial scenarios where the room temperature

increases more than 40 °C which affects the adjacent rooms and even the

top floor. For example, the boiler room temperature may exceed more

than 46 °C [27], in such case the building wall with PCM layers may

reduce the heat transfer to the adjacent room. The literature shows that

previous studies have focused on the role of phase change materials in

improving the indoor comfort of buildings by reducing the heat transfer

rate. In the present work, the effect of PCM on the heat transfer rate

in a building wall is investigated. The novelty of the work includes a

comparison of the effects of PCM, commonly used building materials

(brickbat and sand), and air on the thermal performance of a building

wall. It is necessary to carry out a comparative analysis of the effect of

PCM on the heat transfer rate in a building to that of brickbat and sand

as these materials are primary building materials.

The research aimed to investigate the effect of PCM on the heat trans-

fer rate in a building wall and evaluate the thermal performance of a

building wall integrated with PCM. The tests were run in two models of

building wall fragments. In one model, a PCM layer was integrated into

the building wall fragment at different distances from the heat source

to determine the optimal position of the PCM layer inside the building

wall. In another model, PCM, air gap, and other conventional building

materials (brickbat and sand) were integrated, one at a time, to compare

the thermal performance of the building wall fragment for the different

materials. The thermal performance was evaluated by comparing the

temperature gain of the cold water bath (indoor temperature), the mode

of the temperature rise, the time required for the temperature rise, the

heat required for a unit degree temperature rise and the wall heat flux

for PCM and other building materials.

2. Experimental study

2.1. Experimental setup

Fig. 1 shows two models of building wall fragments that were

constructed. The models were insulated with wood to allow a

one-dimensional heat transfer through the building wall frag-

ment. Both models consisted of two water baths. A heating sys-

tem was installed in one of the water baths (hot water bath),
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Fig. 1. Models of the building wall fragment;

(a) Experimental setup 1, (b) Top view of Ex-

perimental setup 2, (c) Experimental setup 2

after assembly.

and in the other water bath (cold water bath) water was stored

at room temperature. In Experimental setup 1, there were two

segments of brick wall measuring 0.381 m (length) × 0.254 m

(width) × 0.152 m (height) (15 inch × 10 inch × 6 inch) and 0.076 m

× 0.254 m × 0.152 m (3 inch × 10 inch × 6 inch), a cavity mea-

suring 0.050 m × 0.254 m × 0.152 m (2 inch × 10 inch × 6

inch) to store PCM. In Experimental setup 2, there were two seg-

ments of plaster each measuring 0.076 m × 0.254 m × 0.114 m

(3 inch × 10 inch × 4.5 inch), a segment of stacked bricks measuring

0.114 m × 0.254 m × 0.114 m (4.5 inch × 10 inch × 4.5 inch) and two

cavities measuring 0.025 m × 0.254 m × 0.114 m (1 inch × 10 inch × 4.5

inch) to store PCM and water. A 2 kW heater was used to heat the

water in the hot water bath. The temperature readings of the different

segments of the models were recorded by pen type thermocouples.

2.2. Test procedure

Steady-state one-dimensional conduction experiment was run on the

models of the building wall fragment. The parameters which were mea-

sured included hot fluid temperature, cold fluid temperature, and the

temperatures of all segments of the building wall fragment. The tem-

perature readings were recorded at regular intervals of 5 min. In the

experiment, the hot fluid was water at 100 °C, and the cold fluid was

water at room temperature. The melting point range of the PCM used

in this study is 42 °C–72 °C based on the availability in the local mar-

ket. However, lots of literature shows that PCM with a high melting

point can be used as building materials [21,22]. It should be noted here

that there are many regions in the world with an extremely hot sum-

mer where the temperature reaches 50 °C or more. In such cases, PCM

with a higher melting point can make a significant contribution on heat

transfer [15,25]. The temperature of the hot fluid was selected to be

100 °C for the high melting point temperature range of PCM. Therefore,

the melting of the PCM can be ensured if there is any chance of melt-

ing of the PCM during the heat transfer process from the hot fluid bath

to the cold water bath. The temperature of the hot fluid was fixed by a

magnetic contactor. It should be noted that the thermocouples were cal-

ibrated using the boiling point method. The thermocouples were placed

in boiling water at atmospheric pressure for duration of over 30 min

and the fluctuations of the temperature readings were ±0.5 °C while

the water temperature was 100 °C. Once the temperature indicator of

the thermocouples stabilized, the temperature of all the thermocouples

was adjusted to the boiling temperature. In the experimental study, the

hot fluid represents the outdoor environment, and the cold fluid repre-

sents the indoor state of a building. Paraffin wax type P56-58 supplied

by the MERCK is used as phase change material (PCM). PCM was inte-

grated into the building wall fragment to study the thermal performance

of a PCM integrated building wall.

3. Results and discussion

3.1. Effect of the position of the PCM layer inside the wall

A building wall fragment comprising two segments of a brick wall

(experimental setup 1), was constructed to examine the effect of PCM

on the heat transfer in the building wall. Experiments were carried out

to determine the optimal location for incorporating the PCM layer in-

side the building wall by shifting the position of the PCM from the heat

source (i.e., Cases 1 and 2). Fig. 2 shows the composition of the building

wall fragment (experimental setup 1) and the layout of the thermocou-

ples.

In Case 1, a PCM layer was integrated into the experimental setup 1

at a distance of 0.381 m (15 inches) from the hot fluid. The PCM did not

melt and was in solid-state due to the high melting point of paraffin and

a greater distance (15 inches) of the PCM layer from the heat source.

The thermophysical properties of the PCM (paraffin wax) are given in

Table 1 [28,29]. In Case 2, the PCM layer was inserted at a distance of

0.076 m (3 inches) from the hot fluid. As the distance of the PCM layer

from the hot fluid decreased, the PCM was nearing its melting point.

Fig. 3 shows the temperature rise profile of the PCM layer in Cases 1

and 2. From the figure, it is seen that the temperature of the PCM layer

rises to 41 °C in Case 2, which is close to the temperature range of the

PCM melting point. Fig. 4 depicts the temperature rise at different points

of the wall for Cases 1 and 2. In Cases 1 and 2, the temperature variation

found in all the segments of the building wall is due to the position of
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Fig. 2. Composition of the building wall fragment (Experi-

mental setup 1); (a) Case 1 - PCM layer 15 inch from the hot

fluid, (b) Case 2 - PCM layer 3 inch from the hot fluid, (c)

Actual view of Experimental setup 1.

Table 1

Thermo physical properties of Paraffin wax [28,29].

Chemical formula Melting point (°C) Density (kg/m
3
) Solidification point (°C) Thermal Conductivity (W.m

−1
. K

−1
) Latent Heat (kJ/kg) Specific Heat (J/kg. K)

CnH2n+2 42 °C–72 °C [29] 900 [29] 56 °C–58 °C [29] 0.25 [29] 250 [28] 1840 (Solid 25 °C) [28]

Fig. 3. Comparison of temperature rise profile of PCM layer for Cases 1 and 2.

the PCM layer inside the wall. When the PCM layer was closer to the

heat source (i.e., in Case 2), the building wall segments that came after

the PCM layer had a steadier temperature rise. The reason for this is the

heat retention capacity of PCM and its slow removal, which reduced the

heat flow to the following segments. The effect of the position of the

PCM layer inside the wall is similar to the findings of Li et al. [18] that

as the position of the PCM moves closer to the exterior, heat transfer

reduction becomes greater.

The mode of the increase in the cold water bath (indoor condition)

temperature is an important factor to consider. To achieve indoor ther-

mal comfort, the rise in the indoor temperature should be steady and

without fluctuations. Fig. 5 shows that the slope of the rise in temper-

ature of the cold water bath is steeper in Case 1 compared to Case 2.

The temperature of the cold water bath increased by 1.2 °C in Case 1,

while the temperature of the cold water bath rose by 0.6 °C in Case 2.

This is because in Case 2, the thermal energy storage of the PCM pre-

vented the temperature of the cold water bath from rising steadily. The

temperature difference between the cold water bath of Cases 1 and 2 is

0.6 °C, which is not a very significant value since only the sensible heat

thermal energy storage could be utilized. The results show that moving

the PCM layer closer to the heated zone (outdoor) gives better results in

terms of temperature rise in the cold zone (indoor).

3.2. Comparison of PCM and other building materials

In the initial analysis using experimental setup 1, the PCM was ap-

proaching the melting point temperature but did not exceed it within

the time of the experiment. Therefore, a new model of building wall

fragment (experimental setup 2), smaller in size, was used for this anal-

ysis. Fig. 6 shows the composition of the building wall fragment (ex-

perimental setup 2) and the layout of the thermocouples. Steady-state

one-dimensional conduction experiment was run on experimental setup

2. Initially, the experiment was conducted incorporating PCM in the

building wall fragment. Brickbat, Sand, and Air gap were then integrated

into the building wall in place of PCM one after the other, to evaluate

the thermal performance of the building wall fragment for the different

building materials. Brickbat and sand are commonly used building ma-

terials that are combined to make concrete for the construction of build-
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Fig. 4. Comparison of the temperature rise profile of different segments of the

building wall fragment (Experimental setup 1) for Cases 1 and 2.

Fig. 5. Comparison of temperature rise profile of cold water bath for Cases 1

and 2.

Fig. 6. Composition of the building wall fragment (Experimental setup 2); (a)

Schematic diagram of experimental setup 2, (b) Actual view of Experimental

setup 2.

Table 2

Thermo physical properties of the different building materials.

Material Density

(kg/m
3
)

Thermal Conductivity

(W.m
−1

. K
−1

)

Specific Heat

(J/kg. K)

Brickbat 1700 0.7 840

Sand 1600 0.25 800

Air 1.225 0.026 1005

ings. Brickbat and sand were used individually in the building wall frag-

ment to examine the effect of each material on the heat transfer through

the building wall. Air is a poor conductor of heat. Hence, if an air gap

is left between two segments of a building wall, it can act as a barrier

to heat transfer. The effect of the air gap on the heat transfer through a

building wall fragment was also tested. The properties of the different

building materials integrated into the building wall are given in Table 2.

Fig. 7 depicts the temperature rise profile of PCM and the other

building materials used in the analysis. The temperature of PCM rose

to 46.7 °C, which was lower compared to brickbat and sand. The reason

for this is the low thermal conductivity and high specific heat of PCM.

The temperature of the air rises the least since the thermal conductivity

of air is very low compared to the other materials. On the other hand,

brickbat having a higher thermal conductivity has the highest tempera-

ture rise.

The effect of PCM on the heat transfer rate in the building wall frag-

ment is evaluated by comparing factors such as the slope of the temper-

ature rise of the cold water bath, the time required for the temperature

rise, the heat required for a unit degree temperature rise and the wall

heat flux for the different building materials.
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Fig. 7. Comparison of the temperature rise profile of the different building ma-

terials.

Fig. 8. Comparison of the temperature rise profile of the cold water bath for

different building materials.

3.2.1. Mode of temperature rise of the cold water bath

A key factor that influences the building thermal comfort is the mode

of the temperature rise of the indoor state. The slope of the cold water

bath (indoor state) temperature rise of the building wall fragment (ex-

perimental setup 2) was compared for PCM, Brickbat, Sand, and Air gap.

Fig. 8 shows the temperature rise profile of the cold water bath for the

different materials.

From the figure, it is seen that the temperature rise of the cold water

bath was the least in the case of PCM. The temperature gain of the cold

water bath is consistent with the findings of Hasan et al. [11] that adding

PCM with the conventional building materials can reduce the tempera-

ture gain of the cold water bath (indoor state). The temperature of the

cold water bath rose by 1.2 °C in 210 min in the case of PCM. On the

contrary, the temperature rise of the cold water bath was the highest in

the case of Brickbat and Air. The temperature of the cold water bath rose

by 1.9 °C in the case of brickbat and air. In the case of Sand, the temper-

ature rise of the cold water bath was 1.6 °C. Moreover, the figure shows

that the slope of the temperature rise of the cold water bath becomes

steadier with time in the case of PCM, which means the fluctuation of

Fig. 9. Heat required to raise the temperature of the cold water bath for differ-

ent building materials.

the indoor temperature reduces. But for the other materials, it becomes

steeper with the duration of time. PCM is capable of absorbing the heat

gain in the building wall fragment through the melting process before

it reaches the cold water bath, thus reducing the indoor heat gain. If

the experiment was conducted for a longer duration, then a larger dif-

ference in the cold water bath temperature would have been observed

between PCM and the other materials.

3.2.2. Time required for the temperature rise of the cold water bath

Besides the mode of the temperature rise of the cold water bath, an-

other factor that was taken into consideration was the time required

for the temperature rise of the cold water bath. The time required for

the temperature rise of the cold water bath was the highest when PCM

was incorporated in the building wall. This delayed effect is for the ab-

sorption of heat energy by the PCM layer and its slow removal. The

delay in attaining the maximum temperature of the indoor state in pres-

ence of PCM is in alignment with the findings provided by Reddy et al.

[19] who observed that with the presence of PCM in the roof, the max-

imum average temperature attained by the base layer is delayed by 2 h

compared to the roof without PCM. The thermal inertia of the indoor

state increases with the presence of PCM in the building wall. Thermal

inertia can influence the indoor air temperature to provide a steady tem-

perature rise. It is responsible for the delay the indoor state requires to

reach its peak temperature. Fig. 8 shows that with PCM the temperature

of the water bath rose by 1.2 °C in 210 min, whereas with the air gap the

time needed to raise the water bath temperature by 1.2 °C was 170 min,

which was the least compared to the other materials. In the case of Sand

and Brickbat, the time required to raise the water bath temperature by

1.2 °C was 187 min, and 182 min, respectively. That is, in the case of

PCM, the time delay was 40 min, 28 min, and 23 min compared to the

air gap, brickbat, and sand, respectively.

3.2.3. Heat required to raise the temperature of the cold water bath

The heat required to raise the temperature of the water bath was the

highest in the case of PCM. The reason for this is the high specific heat

and the latent heat of fusion of PCM. High specific heat capacity is a

desirable property for thermal energy storage as it plays an important

role in influencing the heat transfer rate and provides an additional sen-

sible heat storage effect. Moreover, through the melting process, PCM

stores a large amount of heat. Fig. 9 shows the heat required to raise the

temperature of the water bath for the different building materials.

From the figure, it is seen that with PCM, significantly higher heat

is required for a smaller temperature rise of the cold water bath than
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Table 3

Heat calculation table for different building materials.

Materials Temperature rise of

the water bath, ΔT (°C)

Heat required,

Q (J)

Q
ΔT

( 𝐽◦𝐶 )

PCM 1.2 1555.2 1296

Brickbat 1.9 1627.9 856.8

Sand 1.6 1228.8 768

Fig. 10. Overall Heat flux through the building wall for different building ma-

terials.

with other materials. That means PCM absorbs a large amount of heat

without significantly changing the temperature of the cold water bath.

The high latent heat of PCMs increases the thermal mass of the building

wall. The increased thermal mass allows the storage of high quantity of

energy, giving thermal stability inside the building. Table 3 summarizes

the heat required for a unit degree temperature rise of the cold water

bath for different building materials.

3.2.4. Heat flux

The thermal performance of the building wall integrated with PCM

was evaluated in terms of heat flux reduction. The overall heat flux

through the building wall was calculated using the following Fourier’s

law of heat conduction equation:

𝑞∕
𝐴
=

𝑇
ℎ𝑓
− 𝑇

𝑤𝑏

Δ𝑥
𝐴
∕𝑘

𝐴
+ Δ𝑥

𝐵
∕𝑘

𝐵
+ Δ𝑥

𝐶
∕𝑘

𝐶
+ Δ𝑥

𝐷
∕𝑘

𝐷
+ Δ𝑥

𝐸
∕𝑘

𝐸

(1)

where Thf and Twb are the wall surface temperatures of the hot water

bath and cold water bath, ∆x is the thickness of each segment of the

wall, and k is the thermal conductivity of the material used in each

segment.

The overall heat flux of the building wall fragment for the different

building materials was compared. Fig. 10 shows the heat flux profile

of the building wall fragment for the different building materials. In

the time 0–20 min, water in the hot water bath was heated to 100 °C

from room temperature, and the temperature of the cold water bath

remained unchanged. Therefore, within that time, the heat flux rose

sharply as heat flux is a function of temperature. When the hot fluid

temperature reached 100 °C, the heat flux attained the peak value. After

that, as the temperature of the cold water bath started increasing, the

heat flux gradually decreased, and it came to an almost constant value

when the building wall fragment reached the steady-state temperature.

It is seen from the figure that the peak heat flux through the building

wall was the lowest when there was an air gap in the building wall. This

is because of the low thermal conductivity of air compared to the other

materials.

The peak heat flux of the building wall was lower with PCM com-

pared to brickbat and sand. The peak heat flux of the wall with Brick-

bat, Sand, and PCM was 159.6 W/m
2
, 137.4 W/m

2
, and 132.2 W/m

2
,

respectively. The overall heat flux exhibits a similar trend to the one

reported by Hasan et al. [11] that integrating a PCM layer reduces the

peak heat flux. To measure the effectiveness of the PCM in the build-

ing wall fragment, the percentage of reduction in the peak heat flux is

defined as follows:

Heat flux reduction % = �̇� − �̇�𝑝𝑐𝑚
�̇�

× 100 (2)

Where �̇�𝑝𝑐𝑚 and �̇� are the peak heat flux of the building wall fragment

with PCM layer and with the other building materials (brickbat, sand),

respectively. Integrating PCM into the building wall fragment in place

of brickbat and sand produced a peak heat flux reduction percentage of

17.2% and 3.8%, respectively. The high specific heat of PCM provides

additional heat storage effect that can prevent the heat transferred from

the outdoors to indoors.

4. Conclusion

An experimental study has been conducted on building wall frag-

ments containing phase change material (PCM) to investigate the impact

of PCM on the heat transfer in a building wall and the effectiveness of

PCM in improving the indoor thermal comfort of a building. The place-

ment of the PCM layer shows that PCM closer to the heat source gives

a low-temperature gain of the cold water bath (indoor state) relative to

the PCM near to the heat sink. From the experimental results with PCM

or other building materials incorporated in the building wall, the tem-

perature gain from the cold water bath of the building wall fragment

was seen to be the lowest with the presence of PCM. The temperature

rise slope of the cold water bath also becomes more steady with time,

i.e., the indoor temperature fluctuation reduces. With PCM, there was a

significant time delay for the cold water bath to achieve a given temper-

ature as compared with the other building materials. The heat required

for a unit degree increase in the temperature of the cold water bath was

highest in the case of PCM, which revealed that PCM absorbs a large

amount of heat without significantly changing the temperature of the

cold water bath. In the case of PCM, the peak heat flux of the wall was

smaller than in the other materials.

The results suggest an opportunity for phase change materials to be

used in building applications to improve the indoor thermal comfort of

buildings. Although, there is a possibility of a better outcome if PCM

with a lower melting point is used, and the experiments are carried out

for a longer duration.
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a b s t r a c t

During the operation of the capillary heat exchange system in the metro tunnel, the pipe length, pipe spacing

and air velocity have different effects on the heat transfer effect and show certain rules. Taking Kunming as an

example, a single-factor analysis method was used to establish multiple-capillary model, and the variation of

different influencing factors in the heat transfer process was obtained. On this basis, a single-capillary model

was established to analyze the thermal interference variation of the pipe spacing between the two models. Under

the condition of ensuring the capillary outlet water temperature and heat flux, the relevant parameters of the

capillary heat exchanger were optimized. The results show that the pipe length of the capillary heat exchanger

should be kept within 3–5 m, the pipe spacing is maintained at 20–30 mm, and the capillary heat exchanger

of each set can be operated in parallel to ensure that heat exchanger have better heat transfer performance.

During the system stop running, the air velocity in winter and summer has different effects on the recovery of

surrounding rock.

1. Introduction

The temperature of the surrounding rock of the subway tunnel is

relatively constant. The heat exchanger is placed in the tunnel lining,

which can make full use of the geothermal energy stored in the subway

tunnel [1–3]. It is beneficial to reduce the consumption of high-grade

energy and has important research significance for reducing building

energy consumption [4]. Hu et al. [5,6] demonstrated that the capillary

heat exchanger is feasible in the tunnel with numerical simulation and

theoretical analysis, and has good heat transfer performance and broad

application prospects. However, in the actual heat transfer process, the

relevant parameters of the capillary heat exchanger are directly related

to the heat transfer effect, so it is very important for the practical

application of the system to understand the changing rules of each

parameter in the process of heat transfer and to optimize them. Some

scholars have done research: Yu and Gao [7] in the case of neglecting

the coupling heat transfer between tunnel and air, the convective heat

transfer coefficient between the lining and the air is calculated by

the measured value. Through numerical simulation, the recommended

range of water flow rates is 0.04–0.06 m/s. Gao et al. [8,9] used the

same simplified method to analyze the effects of capillary pipe spacing

and pipe length, and verified the relationship between water flow and

heat transfer rate by experiments. It is considered that the pipe spacing

should be kept at 20–30 mm and the pipe length should not exceed 9 m.

∗
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E-mail addresses: xlcao@swjtu.edu.cn, xlcao@home.swjtu.edu.cn (X. Cao).

Zhao [10] used numerical simulation to study the heat transfer direction

and proportion of capillary heat exchanger in winter and summer, and

analyzed the influence of different arrangements of capillary heat ex-

changer on tunnel air temperature. Sun [11] used theoretical derivation

to obtain the analytical solution of the temperature field around the

capillary heat exchanger, and also carried out experiments in Qingdao

area. A single objective fuzzy mathematical model was established

by fuzzy optimization theory, and the capillary heat exchanger was

optimized.

In summary, so far, the analysis of the influencing factors of the

capillary heat transfer system has achieved some research results, but

the research results still have some shortcomings: it mainly focuses on

the study of steady-state heat transfer between capillary heat exchanger

and tunnel surrounding rock, and the interaction with tunnel air is not

clear, on the other hand, the diameter of the capillary heat exchanger

is small, as same as the interval. When the capillary heat exchange sys-

tem operates for a period of time, there will have a thermal interaction

between each capillaries [12–14], which will cause the heat transfer

rate decrease. However, the research on this part of the capillary heat

exchanger has not yet been studied by scholars.

Therefore, this paper establishes a multi-capillary model and a

single-capillary model for heat exchange system in metro running tun-

nel. Taking Kunming as an example, the single-factor analysis method

is used to analyze the variation of pipe length, pipe spacing and air

velocity of capillary heat exchanger in short-term calculation. On this

https://doi.org/10.1016/j.enbenv.2020.01.003
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Fig. 1. Heat transfer of capillary heat exchange system in metro tunnel [11].

1. Tunnel surrounding rock; 2. Capillary heat exchanger circulating medium; 3.

Capillary wall; 4. Tunnel lining; 5. Lining wall; 6.Tunnel air; 7. Heat Conduction;

8. Convective heat transfer.

basis, combined with the thermal interference of different influencing

factors, the optimization of each influencing factor provides theoretical

guidance for the practical application of the system in the later stage.

2. System introduction

Since the temperature of the surrounding rock around the tunnel is

relatively constant, in order to make full use of the geothermal energy in

the surrounding rock of the subway tunnel, the capillary heat exchanger

is placed in the tunnel lining as the heat receiving part of the heat pump

front end, and the cooling or heating of the building can be realized by

the heat exchange between the circulating medium in the capillary and

the surrounding rock of the tunnel. At the same time, it can replace the

cooling tower device to reduce space occupation. The working principle

is as follows: the temperature of the surrounding rock of the subway is

lower in summer, and the circulating medium in the capillary is cooled

by the surrounding rock to provide cooling water for the heat pump; the

surrounding rock temperature in winter will be higher than the temper-

ature of the circulating medium in the capillary. The circulating medium

absorbs the heat in the surrounding rock, which can cool the tunnel. The

absorbed geothermal energy can be heated by the heat pump to provide

heat for the above-ground building and domestic hot water [5,11].

There are temperature differences between the tunnel air, the heat

exchange medium inside the capillary, and the tunnel surrounding rock.

There are three heat transfer modes: convection, heat conduction and

radiation. When ignoring radiation, it is mainly a convection and heat

conduction coupled heat transfer process. The thermal environment of

the running tunnel is also affected by the piston wind, train heat dissipa-

tion, etc. which will change the convective heat transfer coefficient and

heat transfer temperature difference between the air and the lining; At

the same time, the heat storage and release process of the surrounding

rock has hysteresis. Therefore, the coupling of the thermal environment

of the tunnel and the capillary heat exchanger is a dynamic heat transfer

process. The heat transfer process is shown in Fig. 1.

3. Model description

3.1. Physical model

In order to study the thermal interference in the capillary heat trans-

fer process, two models are established, namely single-capillary model

and multiple-capillary model. Fig. 2 is the cross section diagram of metro

tunnel which is treated as circle. Multiple-capillary model is the normal

arrangement of metro running tunnel capillary heat exchanger, that is,

six capillary pipes are arranged in parallel in a tunnel lining at a fixed

interval, and the physical model is shown in Fig. 3 below. The capillary

1

2
3
4
5

Fig. 2. The cross section diagram of metro tunnel. 1. Tunnel air; 2. Secondary

lining; 3. Capillary heat exchanger; 4. Primary lining; 5. Tunnel surrounding

rock.
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Fig. 3. Physical model of multiple-capillary. 1. Capillary heat exchanger;

2. Secondary lining; 3. Primary lining; 4. Tunnel surrounding rock; 5. Constant

temperature boundary; 6. Symmetrical boundary.
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Fig. 4. Physical model of single-capillary. 1. Capillary heat exchanger; 2. Sec-

ondary lining; 3. Primary lining; 4. Tunnel surrounding rock; 5. Constant tem-

perature boundary; 6. Symmetrical boundary.

arrangement and the size of the surrounding rock of the single-capillary

model are the same as the multiple-model. The only difference is the

number of capillaries. Only one capillary is placed in single-capillary

model. Its physical model is shown in Fig. 4.

The tunnel surrounding rock mainly considers its heat transfer in

the radial direction, transforming the tunnel heat transfer from three-

dimensional to two-dimensional. For the convenience of calculation, the

horseshoe-shaped tunnel is equivalent to a circular tunnel, and a two-

dimensional model of the tunnel is established. In the multiple-capillary

model, due to the small size of the capillary, the heat transfer process

of each capillary connected in parallel is the same. To reduce the cal-

culation amount, the tunnel in which some of the capillary is located

can be taken as the research object. And for the air in tunnel, it can be

regard as a one-dimensional heat transfer along the axial direction. The

heat transfer between air and surrounding rock can be coupled by the

temperature of tunnel wall in each time step.

The calculation model is simplified as follows:
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Fig. 5. Tunnel grid division.

(1) The primary and secondary liners are simplified to the same ma-

terial;

(2) The initial temperature field of the surrounding rock, lining and

capillary of the tunnel is consistent, which is the same as the

temperature at the far end of the surrounding rock. The heat ex-

change between the air and the surrounding rock during tunnel

excavation and construction is not considered;

(3) Good contact between the various parts of the tunnel, no contact

thermal resistance;

(4) The distal end of the surrounding rock is in a constant tempera-

ture layer, set to a constant wall temperature, and the tempera-

ture of the constant temperature layer [15] is approximately the

annual average air temperature of the area;

(5) The upper and lower sections are symmetrical boundaries;

(6) The inner wall surface of the capillary, the tunnel air and the

lining surface are convective heat transfer boundaries, and the

third type of boundary condition is adopted.

3.2. Mathematical model

For the convenience of calculation, it is considered that the heat ex-

change medium in the capillary and the tunnel air are evenly distributed

in the radial direction, and one-dimensional heat transfer along the axial

direction is considered [16,17].

3.2.1. Tunnel air temperature equation

𝐶a𝜌a𝐴a

(
𝛿𝑡a
𝛿𝜏

+ 𝑢
𝛿𝑡a
𝛿𝑥

)
= ℎa𝑆a

(
𝑡wall − 𝑡a

)
+𝑄 (1)

The right term of the above equation is regarded as the source term.

The tunnel is divided into a series of grids by the control volume

method, as shown in Fig. 5. Assuming that the temperature in the control

volume is evenly distributed, the increment of the temperature in the

control volume P within the time interval ▽t is equal to the sum of the

net value of the control volume and the generated value of the source

term through the convection in the same time interval, and the discrete

equation form is:

𝑇
𝑡+Δ𝑡 (𝑃 ) = 𝑇 𝑡 (𝑃 ) +

𝐴a𝑢 ⋅ Δ𝑡
(
𝑇
𝑡+Δ𝑡 (𝑊 ) − 𝑇 𝑡+Δ𝑡 (𝐸)

)
+ 𝑞aΔ𝑥Δ𝑡

𝐴a ⋅ Δ𝑥
(2)

𝑞a =
ℎa𝑆a

(
𝑡wall − 𝑡a

)
+𝑄

𝐶a ⋅ 𝜌a
(3)

𝑇
t+Δt (𝑃 )——the temperature of control volume P, K; Tt

(P)——, the

temperature of control volume P in last moment, K; 𝑇
t+∇t (𝑊 )——the

temperature of control volume W, K; 𝑇
t+∇t (𝐸)—— the temperature

of control volume E, K; Ca——Air specific heat, J/(kg K); 𝜌a—— air

density, kg/m
3
; Aa—— tunnel cross-sectional area, m

2
; ta——air tem-

perature, K; 𝜏——Time, s; u——air velocity in the tunnel, m/s;▽t

——time step, s; x——distance along the axial direction of the tun-

nel, m; ha——convective heat transfer coefficient of air and tunnel

wall, W/(m
2

K); Sa——he circumference of the tunnel cross section, m;

twall——the temperature of the inner wall surface of the tunnel lining,

K; Q——the heat dissipation per unit length of the heat source in the

tunnel, W/m;

Table 1

Grid independence verification.

Grid number 155,132 200,560 246,312 300,210

Outlet water temperature/°C 31.535 31.539 31.541 31.544

The discrete equation is a full implicit format, and the full implicit

format is unconditionally stable.

3.2.2. Temperature equation of heat exchange medium in capillary

𝐶wt𝜌wt𝐴wt

(
𝛿𝑡wt
𝛿𝜏

+ 𝜐
𝛿𝑡wt
𝛿𝑥

)
= ℎwt𝑆wt

(
𝑡pwall − 𝑡wt

)
(4)

Taking the right end of the above equation as the source term, using

the same discrete method as the air temperature equation, the discrete

equation form is:

𝑇
𝑡+Δ𝑡 (𝑃 ) = 𝑇 𝑡 (𝑃 ) +

𝐴wt𝜐 ⋅ Δ𝑡
(
𝑇
𝑡+Δ𝑡 (𝑊 ) − 𝑇 𝑡+Δ𝑡 (𝐸)

)
+ 𝑞wtΔ𝑥Δ𝑡

𝐴wt ⋅ Δ𝑥
(5)

𝑞wt =
ℎwt𝑆wt

(
𝑡pwall − 𝑡wt

)
𝐶wt ⋅ 𝜌wt

(6)

Cwt——Water specific heat, J/(kg · K); 𝜌wt——density of water, kg/m
3
;

Awt——capillary cross-sectional area, m
2
; twt——water temperature,

K;𝜏—— time, s; 𝜐——water flow velocity, m/s; x——distance along the

axial direction of the capillary, m; hwt——convective heat transfer coef-

ficient of water and capillary wall surface, W/(m
2

K); Swt——capillary

cross section Perimeter, m; tpwall—— capillary wall temperature, K;

3.3. Grid independence verification

Under certain conditions, the more the number of grid, the more ac-

curate the calculation results, but the calculation time is also increased.

In order to verify the reliability of the grid division in this paper, the

independence of the grid is verified. Due to the small size of the model,

four grids (155,132, 200,560, 246,312, 300,210) are used to verify the

grid independence. The other parameters are the same, and there is

no significant difference in the outlet water temperature as shown in

Table 1, so the smaller number of grids (200,560) is used for calcula-

tion.

3.4. Solution method and model verification

3.4.1. Solution method

The tunnel air temperature equation and the temperature equation

of the heat exchanger medium in the capillary are written as UDF func-

tion. The heat transfer of the tunnel surrounding rock is solved by Fluent.

The coupling relationship between tunnel air, surrounding rock and cap-

illary heat exchange medium is realized by data transmission between

UDF and Fluent.

3.4.2. Model verification

In order to verify the accuracy of the calculation method in this pa-

per, the numerical simulation is compared with the measured value in

the paper “Study on the heat transfer characteristics of heat exchanger

in capillary heat pump system of subway tunnel” [11]. In this paper, Sun

Fujie conducted a test on the capillary heat exchanger in Qingdao Metro

Line 2: the subway tunnel is located in a constant temperature layer of

14.6 °C, The outer diameter of the single capillary is 4.3 mm, the cap-

illary wall thickness is 0.85 mm, with a capillary spacing of 10 mm,

a summer inlet water temperature of 35 °C, and a water flow rate of

0.088 m/s. Other Thermophysical properties are listed in Table 2.

According to the experiment, a two-dimensional heat transfer model

was established for unsteady calculation with a time step of 1 s, and
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Table 2

Thermophysical properties [11].

Material name Density

kg · m
−1

Thermal conductivity

W · m
−1

· K
−1

Specific heat

J · kg
−1

· K
−1

Concrete lining 2500 1.74 1050

Surrounding rock 2650 5.0 880

Capillary 900 0.24 2000
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Fig. 6. The outlet water temperature of capillary.

calculation time is 24 h. The simulation results are compared with their

experimental results as shown in Fig. 6. When starting the operation,

the experimental results deviate greatly from the simulation results. The

reasons are as follows: (1) In the simulation calculation, the capillary

water temperature, capillary wall and surrounding rock initial tempera-

ture are both 14.6 °C, and in the actual heat transfer process, the lining

and surrounding rock have been exchanged with the air due to tunnel

excavation, etc. (2) After many experiments, the temperature field of

the surrounding rock may not be fully recovered before the experiment.

However, with the continuous operation of the system, the capillary out-

let water temperature obtained by experiment and simulation is getting

closer and closer. After 12 h, the outlet water temperature is basically

stable, which is consistent with the experimental results. The accuracy

of the calculation method is verified.

3.5. Calculation parameter selection

The interval tunnel is a 5.3 m × 4.4 m horseshoe-shaped single-line

without shaft tunnel. The thickness of the rock outside the tunnel is

2 m and the thickness of the lining is 0.5 m (primary lining 200 mm,

secondary lining 300 mm).One calculation day is 24 h, the train running

time is from 6:00 am to 23:00 pm, and the train departure time interval

is 10 min. A capillary heat exchanger is arranged inside the tunnel lining.

The outer diameter of the single capillary is 4.3 mm, the capillary wall

thickness is 0.85 mm, and the capillary spacing is 20 mm. The tunnel and

capillary heat exchanger have an axial length of 1 m. The heat exchange

medium in the capillary is water, the inlet water temperature in summer

is 38 °C, the inlet water temperature in winter is 7 °C, and the water

flow rate is 0.05 m/s. The capillary pipes are connected in parallel and

circumferentially laid in a lining 100 mm from the wall surface of the

tunnel. Capillary heat exchange system working time is the same as train

running time.

The physical parameters of the surrounding rock, lining and capillary

of the tunnel are as same as Table 2.

When a train passes, the air velocity in the tunnel is the wind speed

of the piston. When no train passes, the tunnel air maintains a natural

0 60 120 180 240 300 360 420 480 540 600
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Fig. 7. The change of piston wind with time.
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Fig. 8. The change of convective heat transfer coefficient of lining with time.

ventilation speed of 2 m/s [18]. According to the literature [16], it can

be calculated that when the train speed is 80 km/h, the speed of the

piston wind when a train passes through the tunnel is shown in Fig. 7.

Since the change of air velocity will change the convective heat transfer

coefficient between air and tunnel lining [19], the air in the tunnel can

be regarded as the air flow in the fully developed section of the smooth

round pipe, the convective heat transfer coefficient changes with the

piston wind is shown in Fig. 8.

During the running of the train, a large amount of heat is generated

due to starting resistance, running resistance, train braking, equipment,

passengers, etc. According to the research results of Zeng et al. [20], it is

known that every time the train starts in the tunnel until the brake and

then starts again, the heat dissipation in the whole process is about twice

of the kinetic energy. According to the distribution ratio of train heat

dissipation given by the US “subway environment design handbook”,

when the train running speed reaches 80.565 km/h (50 mph), 12% of

the heat dissipation of the train remains in the tunnel, that is, 12% of

the heat dissipation in the whole process of the train is the heat source

of the tunnel air. The tunnel air heat source is simplified according to

the above method: the total heat dissipation amount remaining in the

tunnel when the train passes is estimated by the train quality and the

vehicle speed. Calculate 12% of the total heat dissipation; According to

the tunnel length, the heat dissipation per unit length of train through
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Table 3

Inlet air temperature and initial temperature of surrounding rock.

Location Surrounding rock initial

temperature/°C

Air inlet temperature

in summer/°C

Air inlet temperature

in winter/°C

Kunming 14.7 19.8 7.7
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Fig. 9. Outlet water temperature of capillary in summer.

the tunnel is converted to 156 W/m. Therefore, it is considered that

when the train enters the tunnel until the train completely exits the

tunnel, the heat dissipation per unit length of the train is 156 W/m, and

heat dissipation per unit length is 0 W/m in the rest of the time.

The boundary condition of the air inlet is the first type of boundary

condition. In summer, the average temperature of the hottest month in

summer is taken as the average value. In winter, the average temper-

ature of the coldest month in the winter of 20 years is averaged [21];

the boundary condition at the exit of the tunnel is the second type of

boundary condition.

Taking Kunming as an example, the specific parameters are shown

in Table 3 below:

According to the above parameters, the non-steady state solution

is solved for the winter and summer conditions. The solution time is

one calculation day (24 h). The capillary heat exchange system is syn-

chronized with the running time of the subway. The system also stops

running when the train is not running. The grid independent solution

is obtained by trial calculation. The time step is 1 s, and the maximum

number of iterations is 20 times per time step.

4. Results analysis

4.1. Pipe length influence

Keep the other factors unchanged, only change the length of the

capillary. The summer and winter outlet water temperature changes

with the pipe length as shown in Figs. 9 and 10. With the increase

of pipe length, the heat exchange time between the capillary heat

exchange medium and the surrounding rock is longer, the heat transfer

is more sufficient, the summer outlet water temperature is reduced,

and the winter outlet water temperature is increased.

Due to the increase of the inlet and outlet temperature difference, the

heat exchange transfer rate of a single capillary increases, but the heat

flux per unit length of a single capillary decreases, as shown in Figs. 11

and 12, as the pipe length changes.

With the gradual increase of pipe length, the temperature difference

between inlet and outlet gradually decrease, and the heat flux per unit

pipe length decreases. The main reason is that the capillary heat ex-
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Fig. 10. Outlet water temperature of capillary in winter.
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change medium has the largest temperature difference with the sur-

rounding rock at the inlet of the pipe. At this time, the heat exchange

performance is the best, and the heat transfer rate is also the largest.

However, as the length of the capillary pipe increases, the capillary

heat exchange medium and the surrounding rock continuously exchange

heat. The heat exchange medium temperature gradually decreases in

summer, and the temperature gradually increases in winter. The tem-

perature difference between the process and the surrounding rock is

reduced, and the heat transfer rate along the path is also reduced.

Considering the relationship between the capillary pipe length and

the resistance loss along the path, the capillary pipe length should not

be too long. At the same time, in order to ensure the practical applica-

tion of the project, capillary heat exchanger always maintain good heat

transfer performance. It is conceivable to keep the capillary of each set

at a length of 3–5 m, and the each set of capillaries is operated in parallel

connection.

4.2. Pipe spacing influence

Thermal interference also affects the capillary heat exchange system.

The thermal interference is mainly due to the diameter of the capillary

pipe and the pipe interval. After heat exchange with the surrounding

rock for a certain period of time, the heat transfer influence range of a

single capillary is gradually enlarged, and it will affect the heat transfer

of other capillaries in the range. In the end, the mutual influence of heat

211



M. Ren, Y. Yuan and X. Cao et al. Energy and Built Environment 1 (2020) 207–214

0 2 4 6 8 10
0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

2.0

2.2

2.4

  unit length heat flux
  heat flux

Pipe length/m

m·
W/xulfta eh

h tgneltinu
yrallipa

C
-1

1

2

3

4

5

6

7

he
at

 fl
ux

/W

Fig. 12. Heat flux per unit length in winter.

0 10 20 30 40 50 60
5.0

5.5

6.0

6.5

7.0

7.5

8.0

8.5

9.0

 unit length heat flux
outlet water temperature

Pipe spacing/mm

m·
W/xulftaeh

htgnelt inu
yrallip a

C
-1

29.5

30.0

30.5

31.0

31.5

32.0

32.5

33.0

C
ap

illa
ry

 o
ut

le
t w

at
er

 te
m

pe
ra

tu
re

/

Fig. 13. Outlet water temperature and heat flux per unit length of capillary in

summer.

transfer between the capillaries will cause the overall heat exchange

effect reduce.

The capillary spacing was 10, 20, 30, 40, 50 mm, and other factors

were kept unchanged. It was found that with the increase of the pipe

spacing, the capillary outlet water temperature decreased in summer,

and increased in winter. Because the increase in the spacing of the

capillary pipes, which reduces the number of capillaries per unit

surrounding rock area, and the heat transfer rate of a single capillary

increases. The heat transfer performance in summer is greater than that

in winter, because the temperature difference between the capillary

heat transfer medium and the surrounding rock is larger than the

capillary heat transfer in winter, and the capillary heat exchanger is

more likely to release heat to the surrounding rock.

The winter and summer changes are shown in Figs. 13 and 14.

In order to quantitatively compare the degree of thermal interfer-

ence, calculate the ratio of the average heat flux of multiple-capillary

model to the heat flux of single-capillary model, which is defined as

the thermal interference intensity. The thermal interference intensity is

mainly determined by the magnitude of the ratio, and the ratio ranges

from 0 to 1, mainly in the following three cases.

(1) When the ratio is equal to 1, it indicates that mutual interference

has not formed between the capillary heat exchangers.

(2) When the ratio is closer to 0, it indicates that the thermal inter-

ference intensity between the capillary heat exchangers is high,
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Fig. 15. Thermal disturbance of capillary.

resulting in a large difference between the average heat flux of

the multiple-capillary model and the single-capillary model.

(3) When the ratio is closer to 1, it indicates that the thermal interfer-

ence intensity between the capillary heat exchangers is weak, the

average heat flux between the multiple-capillary model and the

single-capillary model is small, and the heat transfer performance

is ideal.

The thermal interference intensity in summer and winter is shown

in Fig. 15.

It can be seen from Fig. 15 that the thermal interference intensity

of the capillary heat exchanger decreases with the increase of the pipe

spacing. However, as the pipe spacing increases, the effect of weakening

the thermal interference is getting smaller and smaller. In the above con-

ditions, the thermal interference between the capillary heat exchangers

is the most severe when the pipe spacing is 10 mm.

Due to the diameter of the capillary pipe and the pipe spacing are

small, it is considered that the surrounding rock shape of the tunnel

section where the six capillary pipes with a spacing of 20 mm are ar-

ranged is approximately rectangular. At this time, the surrounding rock

area is 145.8 mm × 1000 mm = 0.1458 m
2
. According to the different

pipe spacing, the capillary heat transfer at different pipe spacing in the

same surrounding rock area can be converted. The results are shown in

Table 4.
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Table 4

Heat flux of capillary.

Pipe spacing /mm 10 20 30 40 50

Capillary number 10 6 4 3 2

Summer heat flux/W 59.4 42.3 30.8 24.6 17.2

Winter heat flux /W 17.6 12.6 9.2 7.4 5.1

Table 5

Horizontal distance between temperature monitoring point and capillary heat

exchanger.

Temperature monitoring point 1 2 3 4 5 6 7

Horizontal distance from capillary/m 0.1 0.2 0.5 0.8 1.1 1.4 1.7

Capillary heat exchanger

Tunnel surrounding rock
Primary lining

Secondary lining

1 2 3 4 5 6 7

Fig. 16. Temperature monitoring point diagram.

It can be seen from the above table that the increase of the capil-

lary pipe spacing will result in a decrease in the total heat flux per unit

length of the tunnel section. Under the condition of a pipe spacing of

10 mm, the surrounding rock heat flux is the biggest. According to the

comprehensive analysis of capillary heat transfer rate transfer rate and

thermal interference intensity, it is considered that the increase of pipe

spacing is beneficial to meet the requirements of capillary outlet water

temperature, but as the pipe spacing continues to increase, the increase

or decrease of capillary outlet water temperature continues to decrease.

At the same time, the heat flux per unit surrounding area decreases with

the increase of the pipe spacing. So the requirements of the outlet water

temperature should be met on the basis of ensuring the maximum heat

flux of the surrounding rock area, and the influence of thermal interfer-

ence on the heat flux should be reduced as much as possible. Therefore,

the appropriate pipe spacing should be set at 20–30 mm.

4.3. Air velocity influence

Due to atmospheric and temperature differences inside and outside

the metro tunnel, there is natural ventilation in the tunnel. According

to the research results of relevant scholars [9], the wind speed caused

by natural wind is 2–3 m/s. Tunnel air and surrounding rock are mainly

convective heat transfer. When the capillary heat exchange system stops

running, the tunnel air will heat or cool the tunnel surrounding rock

.The effect of heating and cooling will directly affect the heat transfer

performance of the capillary heat exchange system on the second day.

Therefore, in order to study the effects of different ventilation speeds on

heat transfer, the natural ventilation speeds were 1.5, 2.0, 2.5, 3.0 and

3.5 m/s. The effect of air velocity on surrounding rock was analyzed

according to the surrounding rock temperature.

Select seven temperature monitoring points, the parameters are

shown in Table 5 below:

In order to analyze the surrounding rock temperature under differ-

ent air velocity, the temperature of the surrounding rock monitoring

point of the horizontal distance is 0.1 m, that is, the temperature of the

monitoring point 1(shown in Fig. 16). The temperature changes of the

surrounding rock in summer and winter are shown in Figs. 17 and 18.
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Fig. 18. Temperature variation of surrounding rock in winter.

During the operation of the capillary heat exchange system in sum-

mer, the heat exchange medium releases heat to the surrounding rock

and the tunnel air. As the heat exchange of the system continues, the

temperature of the monitoring point 1 continues to rise, and the effects

of different tunnel air velocity on the surrounding rock temperature are

basically the same, so during the system operation, the tunnel air ve-

locity has little effect on the surrounding rock temperature. After 17 h,

the capillary heat exchange system and the train stopped running. The

tunnel air temperature is lower than the surrounding rock temperature

and cools the surrounding rock. At this time, the influence of different

tunnel air velocity on the surrounding rock was different, but the dif-

ference is small, in a smaller range, it can be found that the air velocity

of the tunnel air is proportional to the cooling effect of the surrounding

rock. That is, the larger air velocity, the better the cooling effect of the

surrounding rock. The main reason is that the wind speed is increased,

the convective heat transfer coefficient between the air and the tun-

nel lining is increased, and the convective heat transfer effect is further

improved.

The capillary heat exchange system in winter absorbs heat from sur-

rounding rock and air, so the air temperature is declining during system

operation. Similar to the summer results, there is little difference in the

effect of different air velocity on the surrounding rock temperature dur-

ing system operation; When the system stops running, the temperature

of the surrounding rock gradually rises, but since the temperature of
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the air is still lower than the temperature of the surrounding rock, the

greater the air velocity, the better convective heat transfer performance

between the air and the surrounding rock. More heat from the surround-

ing rock is transmitted to the air, so the lower the air velocity in winter,

the better the temperature recovery effect of the surrounding rock.

Under different air velocity in winter and summer, the capillary

outlet water temperature and heat flux are basically the same. Based on

the temperature of the surrounding rock Monitoring point 1 in winter

and summer, it can be found that during the operation of the capillary

heat exchange system, the tunnel air velocity has little effect on the

surrounding rock temperature. However, during the system stop run-

ning, different air velocity affect the recovery effect of the surrounding

rock. In summer, the greater the air velocity, the better the surround-

ing rock temperature recovery effect; and the greater the winter air

velocity, the lower the surrounding rock temperature recovery effect.

5. Conclusion

The thermal performance of capillary heat performance was ana-

lyzed by single factor analysis method. The effects of pipe length, pipe

spacing and air velocity on heat transfer process and thermal interfer-

ence of pipe spacing were studied. The analysis results are summarized

as follows:

(1) With the increase of pipe length, the capillary outlet water tem-

perature in summer (winter) decreases (rises) with the increase

of pipe length, and the heat transfer rate of a single capillary in-

creases with the increase of the temperature difference between

the inlet and outlet. However, by combining the heat flux per unit

length of a single capillary, it is found that the capillary length

should not be too long. In order to reduce the conveying resis-

tance and keep large heat transfer rate, it is considered that the

capillary heat exchangers are grouped according to the length of

3–5 m per set, and each set operates in parallel.

(2) The water temperature difference between the inlet and outlet of

the capillary heat exchanger and the heat transfer rate of the sin-

gle capillary increase with the increase of the pipe spacing, and

the thermal interference intensity of the capillary heat exchanger

decreases with the increase of the pipe spacing. However, as the

pipe spacing increases, the effect of weakening the thermal inter-

ference becomes smaller and smaller, and the thermal interfer-

ence intensity decreases. Considering the heat transfer rate and

thermal interference intensity, it is considered that the capillary

spacing of the capillary is maintained at 20–30 mm, at which

time the heat transfer rate is high and the thermal interference

intensity is small.

(3) Different air velocity have little effect on the outlet water tem-

perature and heat flux of the capillary heat exchanger, but it is

essential for the recovery of surrounding rock during the system

stop running. The higher the air velocity in summer and the lower

the air velocity in winter, the better the temperature recovery ef-

fect of the surrounding rock.
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Improving the thermal insulation of glazing units is a common strategy of reducing building energy use for

spacing cooling. This paper newly examined the application of aerogel glazing technology in Hong Kong by the

means of laboratory testing and simulation. Nine prototypes of granular aerogel glazing were selected to examine

their optical properties, and the measured optical properties of aerogel were used to calculate the total window

thermal performance indices. A typical 40-story commercial office building was chosen for energy simulation

to compare the thermal performance of aerogel glazing with different glazing technologies in Hong Kong. The

results showed that aerogel glazing could achieve the promising reduction of window heat gain up to 57% and

cooling energy up to 8.5% compared with double glazing. The heat insulation performance of aerogel glazing is

even better than the double glazing with low-E coating in Hong Kong. Therefore, aerogel glazing can be a good

alternative of glazing to comply with the existing local Overall Thermal Transfer Value (OTTV) requirement and

to reduce the building energy use for space cooling in Hong Kong and other regions.

1. Introduction

In Hong Kong, Heating Ventilation and Air Conditioning (HVAC) sys-

tem takes up one fourth of total building energy use for commercial sec-

tor [1]. Thermal behavior of building envelope is very important since it

is correlated to building energy use. Therefore, Overall Thermal Trans-

fer Value (OTTV) regulation is developed to govern the heat transfer of

a building envelope in Hong Kong which aims to reduce building energy

use. It is always a challenge for a commercial building with high Window

to Wall Ratio (WWR) to comply with the statutory OTTV requirement.

As the weakest thermal component of the building envelope, glazing

window allows for a large amount of solar heat gain and its solar heat

gain coefficient largely affects the building’s OTTV. Accordingly, there

are many energy efficient glazing technologies to improve the thermal

performance of fenestration, such as low-e glass, double glazing, vac-

uum glazing and PV glazing [2,3]. Recently, our research group also

successfully proposed a new transparent thermal blocking coating and

examined its overall energy performance [4,5].

In this paper, a new glazing technology namely aerogel glazing

system (AGS) was introduced in order to reduce the heat gain through

the window with an aim to reduce the building energy use for space

cooling. Aerogel is one of the most promising insulating materials due

∗
Corresponding author.

E-mail address: vivien.lu@polyu.edu.hk (L. Lu).

to its ultra-low thermal conductivity (0.01–0.02 W/mK) [6]. Since it is

a porous material with 20 nm average pore size which restricts the gas

conduction and convection inside the particles. The thermal properties

make them effective insulators against heat. Given the ultra-low thermal

conductivity, aerogel can be made into aerogel-enhanced blankets [7].

Considered its porous structure, aerogel can also be used as absorbing

material for rapidly oil-water separation [8] and emulsions separation

[9]. Aerogel is also performed well in terms of sound insulation.

Regarding visual performance, aerogel can optimize the visual comfort

by reducing the glare and make the indoor illumination level more

uniformly [10]. With these characteristics, aerogel glazing is very

attractive in the fenestration industry.

There are two types of aerogel, the monolithic and the granular

aerogels. In comparison, monolithic silica aerogels have higher trans-

mittance and greater insulating effectiveness. However, monolithic sil-

ica aerogels have a big concern for suffering from fragility. They are

extremely brittle and crumbly, which makes the applications of mono-

lithic silica impossible [8–9]. So that the most common aerogel glazing

is formed by filling the air gap between the double glazing with granular

aerogel.

Many researches indicated that the aerogel glazing system is a

promising energy saving window which has a low transmission of
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solar radiation. Huang et al. [10,11] modeled a commercial building

with aerogel glazing in Hong Kong. Their results showed that aerogel

glazing can reduce 4%−7% energy consumption of HVAC system. Be-

rardi et al. [12,13] investigated the energy performance of a retrofitting

project. This study showed that high thermal resistance values could

be obtained by installing the thin aerogel-enhanced products in the

opaque and transparent envelope, with overall building energy savings

up to 34%. Berardi et al. [14] showed an energy retrofitting project in

Worcester Polytechnic Institute (US). The Moretti [15] measured the op-

tical performance of different AGSs. It is indicated that a reduction in

the peak value of the indoor temperature of about 8–9 °C during sunny

days was achieved. Yang et al. [16] investigated the energy conserva-

tion potential of AGS used as skylight. It showed that replacing the single

glazing with HA-type aerogel glazing at the skylight could reduce the

envelope heat gain by 31% while indoor illumination level still met the

requirement. Liu et al. [17] simulated the optical performance of aero-

gel glazing under real climate conditions. Zinzi et al. [18] investigated

the optical and visual performance of monolithic aerogel glazing system.

It indicated that the general color rendering index was close to that ob-

tained with conventional window solutions. Lv et al. [19] had addressed

the relationship between solar radiation transmittance and the geometri-

cal parameter including filling particle sizes and filling thickness. Their

results also showed that the transmittance and shading coefficient of

aerogel glazing had a positive correlation with the particle size and a

negative correlation with the filling thickness. Liu et al. [20] calculated

the solar extinction coefficient of monolithic aerogel and estimated the

energy conservation potential of different aerogels. Gao et al. [21] inves-

tigated the visual comfort of aerogel glazing. It gave that aerogel glazing

system should be adopted because it minimized the daylight problems

like glare and high contrast zones, and it should be a possible solution

for daylighting management and an alternative that optimizes the vi-

sual comfort. The relationship between the thickness of aerogel glazing

and the visible transmittance was also examined. The higher the thick-

ness, the lower the visible transmittance and hence lower U-value. Gao

et al. [22] also showed some applications of aerogel glazing in build-

ings including single-family house, supermarket, and school. One of the

advantages of aerogel glazing on the daylighting utilization was also

highlighted while the characteristic of opaque maintained the privacy

of the room. Aerogel glazing system appears to be attractive since it

largely reduces energy consumption. Furthermore, Chen et al. [23] had

developed a dynamic heat transfer model and validated by an exper-

iment conducted under real climate conditions in China. Their results

showed that the aerogel glazing system was also applicable to Beijing,

and the application of aerogel glazing resulted in lowest energy con-

sumption in the HVAC system (11.31 kWh/m
2

annual HVAC energy

use per unit aerogel glazing area). Ihara et al. [24] had constructed a

simulation model and proved the potential of aerogel glazing system in

Singapore. The energy saving was enhanced by 18–30% by the applica-

tion of aerogel glazing in hot climate regions.

In recent years, a number of studies focused on the application of

aerogel glazing in hot and cold climate regions. However, the analysis

in a subtropical climate such as Hong Kong was limited. There is no work

on the OTTV of a building integrated with aerogel glazing either, much

less, the OTTV with different WWRs. Thus, this research paper newly

introduced an aerogel glazing technology and examined its application

in Hong Kong and the energy saving potential of aerogel glazing with

different structures and WWRs was also analysed.

In this paper, a thorough study of granular silica aerogel in the per-

spective of optical and energy use was presented. Firstly, the visual

properties of aerogel glazing technology were examined by laboratory

test. Then, based on the optical properties of granular silica aerogel, the

thermal performance indices will be further analyzed by computer pro-

gram and energy simulation software. Lastly, the visual and thermal

performance of aerogel glazing was compared to other energy-efficient

glazing types, and energy saving potential of aerogel glazing with dif-

ferent structures and WWRs was also analysed. The findings and results

Fig. 1. Flowchart of research methodology.

will be helpful to the industries that are considering the alternative heat

insulation glazing technology in Hong Kong and other regions.

2. Methodology

As shown in Fig. 1, The methodology consists of five steps: assessing

the optical parameter of aerogel glazing samples; computing the ther-

mal performance indices of samples; calculating the OTTV of the sam-

ples and other glazing technologies; finding the baseline case and input

data to simulation software EnergyPlus/WINDOW; and comparing and

evaluating the thermal performance of aerogel glazing with other glaz-

ing technologies in the perspective of energy use and solar heat gain

through window. Only the optical parameters of aerogel glazing sam-

ples are inputted into WINDOW, and the optical parameters of other

glazing are extracted from database of WINDOW.

2.1. Preparation of aerogel glazing samples

The structure of the aerogel glazing system (AGS) was constructed

by two 4 mm thick standard glasses, and the silica aerogel particles were

filled in the air cavity between the two glasses. In this study, nine sam-

ples of the aerogel glazing were prepared with various particle sizes and

aerogel filling thickness. The filling thickness of the samples is 8 mm,

12 mm and 16 mm, and the diameters of aerogel particles are 1 mm,

2.5 mm and 4 mm repectively. For example, 1P16F means the diameter

of the aerogel particle is 1 mm and the filling thickness is 16 mm. The

AGS samples are provided by Hunan Shangyifeng Advanced Material

Technology Co., Ltd. in China. A schematic diagram of granular aerogel

glazing is presented in Fig. 2.

Regarding the appearance of the aerogel glazing sample, as shown

in Fig. 2, it is a kind of semi-transparent glazing element which allows

natural daylight passing through. The light will be scattered when trans-

mitting through the aerogel glazing. So that the glare will be reduced

and the indoor illumination will be much more uniform.

2.2. Laboratory testing

A spectrophotometer (UV/VIS/NIR HITACHI UH4150), as shown in

Fig. 3, was used to measure the optical properties of aerogel glazing

at the laboratory of The Hong Kong Polytechnic University. Spectral

radiation transmittance and reflectance of samples were measured from

300 nm to 2500 nm. The wavelength interval was 2 nm. The visible,
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Fig. 2. Schematic diagram of aerogel glazing and the appearance.

Fig. 3. (UV/VIS/NIR) Spectrophotometer

HITACHI UH4150.

solar radiation transmittance, visible and solar radiation reflectance can

be calculated by the following equations:

𝜏
𝑣
=
∫ 780380 𝐷𝜆
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(4)

where 𝜏 is the transmittance, 𝜌 is the reflectance, S is the relative spectral

distribution of solar radiation, D is the relative spectral distribution of

illuminant D65. Subscript v means the parameter of visible radiation

and e means the parameter of solar radiation.

The spectral transmittance of AGS samples are measured at four

different positions. The accuracy of the measurements is estimated by

Nash-Sutcliffe model efficiency coefficient, as shown in Eq. (5).

𝑁𝑆𝐸 = 1 −
∑
𝑁

𝑖=1 (𝐼𝑚,𝑖 − 𝐼𝑎,𝑖)
2

∑
𝑁

𝑖=1 (𝐼𝑚,𝑖 − 𝐼𝑎,𝑎)
2

(5)

where Im,i is the measured transmittance, Ia,i is the average of four mea-

surements, Ia,a is the average value of average spectral transmittance.

The coefficients can range from -∞ to 1. A coefficient of 1 corresponds

to a perfect match of the two sets of data. Finally, the average is regarded

as the spectral transmittance of the sample.

2.3. Numerical simulation

In this research, two common simulation software packages, namely

WINDOW and EnergyPlus, were applied to simulate the thermal and

optical performance of aerogel glazing. WINDOW developed by Berke-

ley Lab (version 7.6) was used to evaluate the thermal performance

indices of the glazing system including U-values, solar heat gain coef-

ficient (SHGC) and visible transmittances. The algorithms adopted for
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Fig 4. Schematic drawing of an office model building.

Table 1

Air-conditioning system design condition.

Parameter Value

Indoor condition TDB 23 °C, RH 50%

Lighting load 15 W/m2

Equipment load 10 W/m2

Infiltration 0.5 ACH

Ventilation rate 10 L/s/person

Usable floor area 2000 m2

Window to wall ratio 0.4

the calculation of total fenestration product U-values and SHGC consis-

tent with ASHRAE [25], i.e. (SHGC = TSOL+ASOL × N, where Tsol is solar

transmittance, Asol is the solar absorptance and N is the friction of solar

radiation that release inward). The fenestration products in this research

were simulated in accordance with the NFRC 100–2010. International

Glazing Database (IGDB) is available in WINDOW 7.6 which is a collec-

tion of optical data for glazing products. In this paper, the thermal per-

formance indices of different glazing technologies listed in IGDB will be

used for comparison in the following sections. EnergyPlus [26] was used

for building energy simulation. EnergyPlus is a well-known building en-

ergy simulation program which can calculate the energy consumption

within the building and the heat gain through the envelope.

A 40-story commercial office building model with floor area 2000

m
2

in Hong Kong was chosen to access the energy performance of dif-

ferent glazing technologies. The building model is presented in Fig. 4.

The properties of opaque envelope are referred to Huang’s study [10].

The design condition of the model is in accordance with the guidelines

of the Hong Kong Government. The Window to Wall Ratio (WWR) was

assumed to be 40%, and all the windows were equally distributed in

4 orientations. There are 5 air-conditioning zones, including four sym-

metrically equal zones facing N, E, S, and W respectively and an interior

zone. The floor to floor height was set to be 3.2 m. Regarding the light-

ing, air-conditioning system, occupancy, and equipment schedule of the

office model, all the schedule will be in accordance with BEC 2007 [27].

Occupancy density (13 m
2
/person) according to the same reference was

chosen to fit with the situation of Hong Kong. An office model building

had been accessed from 1 Jan 2019 to 31 Dec 2019 with the weather

typical year file for Hong Kong. The design condition of the simulation

is listed in Table 1.

2.4. OTTV calculation

Overall Thermal Transfer Value (OTTV) [28] is a value that indi-

cates the average heat being transfer into a building through building

envelope, consisting of three major components: (a) thermal conduction

through opaque walls, (b) thermal conduction through window glass,

and (c) solar radiation through window glass. It is a performance-based

Fig. 5. Transmittance (a) and reflectance (b) of aerogel glasses.

building energy code which aims to reduce the building energy use. Ac-

cording to Code of Practice for OTTV in Buildings 1995, OTTV is used

as a control measure for commercial buildings and hotels. Regarding a

building tower, the OTTV should not exceed 24 W/m
2
. In this study,

double glazing with a structure of 6–12(air)−6 will be used as a base-

line which marginally fulfills the requirement of OTTV. The OTTV of

the building can be calculated by Eq. (6).

OTTV =
∑

𝑄∕
∑

𝐴 (6)

where Q is the total rate of heat transfer through envelope, W, A is the

gross area of building envelope, m
2
. Apart from aerogel glazing, five

types of glazing material extracted from WINDOW IGDB will be used as
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Table 2

Thermal properties of glazing.

Glazing type Description U-value (W/m
2
K) SHGC T

vis
𝜌

Double glazing (Baseline) 6 mm – 12 mm (air) – 6 mm 2.701 0.714 0.782 0.142

Single clear 3 mm standard glass 5.8 0.87 0.86 0.08

Double Low-e Air 6 mm – 12 mm (air) – 6 mm 1.517 0.625 0.694 0.1799

Double Low-e Vacuum 6 mm – 0.1 mm (vacuum) – 6 mm 0.639 0.578 0.751 0.1464

Reflective glass 6 mm 5.809 0.563 0.326 0.5297

1P16F Aerogel glazing 2.065 0.346 0.058 0.1237

4P8F Aerogel glazing 2.401 0.576 0.491 0.1053

4P12F Aerogel glazing 2.22 0.52 0.373 0.1025
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Fig. 6. Spectral transmittances of 2.5P12F at different positions.

OTTV comparison along with different Window to Wall Ratios (WWRs).

The properties of glazing technologies are shown in Table 2.

3. Results and discussion

3.1. The properties of the aerogel glazing samples

The laboratory testing results of spectral radiation transmittance and

spectral radiation reflectance of aerogel glazing with different filing

thicknesses and different filling particle sizes are shown in Fig. 5. The

spectral transmittance of the aerogel glazing samples are measured 4

times at different parts, as shown in Fig. 2. The spectral transmittances

of 2.5P12F at different positions are plotted in Fig. 6. The NSEs of four

measurements are 0.9987, 0.9916, 0.9924 and 0.9999, which show that

the AGS sample is pretty homogenous. The greatest difference of spectral

transmittances at different positions is 2.6%. As for the solar transmit-

tance of AGS samples, the calculated results are 34.0%, 33.0%, 34.3%

and 33.8%. The greatest difference of solar transmittance at different

positions is 1.3%. So, the AGS samples are considered homogenous.

The average is regarded as the spectral transmittance of the sample.

It is observed that the patterns of transmittance and reflectance against

different wavelength are similar. The thermal and optical performance

of aerogel glazing samples had been evaluated, as shown in Fig. 7. It

showed that the SHGC and transmittance of aerogel glazing samples

ranged from 0.346 to 0.576 and 0.058 to 0.491, respectively. It can also

be seen that the transmittance of aerogel glazing samples is not so high

(<0.35) which is one of the shortages in the application. But, the appli-

cation of aerogel glazing could achieve remarkable cooling energy sav-

ing due to its low SHGC value. The property summary in Fig. 6 implies

that larger filling particle size will result in higher transmittance while

smaller particle size will have a relatively low transmittance. On the con-

Fig. 7. Thermal and optical properties of aerogel glazing samples.

Fig. 8. Thermal and optical properties of aerogel glazing samples.

trary, a smaller filling particle size sample is expected to have a higher

reflectance. Furthermore, it is also recognized that there is a significant

drop in transmittance when the particle size is reduced from 2.5 mm to

1 mm. In accordance with the theory, computer software results show

that there is a positive correlation between SHGC and transmittance in

which SHGC increases along with transmittance.

The annual cooling energy consumption for aerogel glazing samples

was evaluated using EnergyPlus. The results were compared with the

baseline (double glazing 6–12(air)−6) case which marginally complies

with the OTTV requirement. The relationship between cooling energy

saving and visible transmittance of aerogel glazing samples is revealed

in Fig. 8. It can also be seen that transmittance has a significant
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Fig. 9. Comparison of monthly heat insulation performance.

influence on cooling energy consumption. The lower the transmittance

of the glazing, the less solar heat gain will be transmitted into the build-

ings which leads to lower energy consumption. According to the cooling

energy consumption and transmittance, the glasses with the highest

transmittance (4P8F), greatest energy saving (1P16F) and average

performance between two (4P12F), were selected from the 9 samples

for further analysis with other conventional glazing technologies.

3.2. Energy consumption

The monthly heat gain through different types of glazing windows in

Hong Kong is shown in Fig. 9. It shows that the heat gain patterns of dif-

ferent options are nearly consistent and the heat gain through aerogel

glazing application is the lowest. The insulation performance of glaz-

ing options is shown in Fig. 10. Among the glazing types, 1P16F ob-

tained a better thermal performance compared to other glazing types in

which there is a 57% reduction of heat gain when compared with double

glazing. Other aerogel glazing samples achieved improvements in win-

dow heat gain reduction of 24.5% and 32.1% respectively. It depicts

that the effectiveness of heat insulation performance of aerogel glazing

outperformed double glazing with Low-E coating.

It can be observed that the annual energy consumption of aero-

gel glazing is relatively low when compared with other glazing from

Fig. 11. Since aerogel glazing application has the lowest window heat

gain, largely reducing the energy use for space cooling. In accordance

with the heat gain pattern, the energy performance of aerogel glazing

is better than that of double glazing with Low-E coating. The relation-

ship between transmittance and energy saving of corresponding glazing

technologies is illustrated in Fig. 12. The visible transmittance of 1P16F

is very low, but it has the best energy saving potential. The visible trans-

mittance and energy saving are 5.8% and 8.5%, respectively. Because of

its low solar transmittance, the value of SHGC is very low which leads

to the reduction of solar heat gain. Double glazing with low-e coating

is always regarded as a superior solution as it has a lower SHGC, in the

meanwhile, it still introduces more solar radiation to the building. For

aerogel glazing 4P12F, although it has a lower energy saving (5.1%),

it has a higher visible transmittance (37.3%) which can have higher

efficiency in daylighting utilization. The energy saving potential is still

slightly higher than that of double low-e vacuum insulated glazing (5%).

3.3. OTTV performance

The OTTV of the selected aerogel glazing samples and other glazing

options (Table 2) are calculated in this part. The results of the OTTV cal-

culation considered cases with different WWRs are presented in Fig. 13.

The figure identified the potential of aerogel glazing technologies in

Hong Kong, and 1P16F was the most effective in fulfilling the statutory

requirement as it was the only one complying with the requirements

when the WWR was increased to 0.6 and 0.8. From the perspective

of heat transfer, it can be concluded that the thermal insulation per-

formance of the aerogel glazing system is better than the double Low-

E glass with an air gap in between. The result provides an indication

of the application of aerogel glazing which is an effective option of

minimizing the heat flow through the building glazing envelope.

Fig. 10. Comparison of annual heat insulation performance.
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Fig. 11. Comparison of energy performance.

Fig. 12. Comparison of visual and energy performance.

3.4. The potential of aerogel glazing

Previous results showed that aerogel glazing technology had an im-

pressive performance in energy saving, reducing solar heat gain flow-

ing into the building and easier to comply with the OTTV requirement.

As mentioned before, 1P16F could achieve the promising reduction of

window heat gain up to 57% and cooling energy up to 8.5% compared

to double glazing and it was the only one complying with the require-

ments when the WWR is increased to 0.6 and 0.8. Even 4P8F and 4P12F

perform slightly better than the energy efficient Low-E insulated glaz-

ing. However, the low visible transmittance of aerogel glazing is one

of the concerns in its applications. Although aerogel glazing is translu-

cent, the visible transmittance is lower than a standard 3 mm clear glass

and double Low-E glazing, which is an obvious drawback. The visible

transmittance of 1P16F is only 5.8%. As a result, the application of the

aerogel glazing will lead to lower ambient illumination level and block-

age of the view. However, the aerogel glazing can improve the indoor

daylight environment by reducing the glare making the indoor illumina-

tion level more uniformly. What’s more, considering its ultimately low

reflectance when comparing with double Low-E glazing. It can reduce

light pollution to the neighbor buildings and occupants. The combina-

tion of energy saving performance and visible transmittance (4P12F) is
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Fig. 13. OTTV performance.

the best options which can improve indoor visual comfort and reduce

the energy use for space cooling. 4P12F could reduce 32.1% heat gain

and save 5.1% cooling energy consumption compare to double glazing.

The visible transmittance of 4P12F is 37.3%. Aerogel glazing technol-

ogy is a newly developed material with excellent insulating properties

which provides opportunity for energy saving. It is also a translucent

insulating material which allows natural daylight passing through. Ad-

ditionally, it is expected that aerogel glazing can achieve remarkable

sound insulation performance. With all the advantages associated with

aerogel glazing, it is believed that aerogel technology will be a poten-

tial insulation material in Hong Kong which specifically design for heat

insulation.

4. Conclusion

This paper introduced aerogel glazing technology as an insulating

material of local glazing windows in order to achieve low energy use

for space cooling, and evaluated the energy saving potential of aerogel

glazing applications in a local 40-story commercial office building. The

following conclusions can be drawn.

(i) The results showed that aerogel glazing could achieve the promis-

ing reduction of window heat gain up to 57% and cooling energy

up to 8.5% compared with double glazing. The insulation perfor-

mance of aerogel glazing is even better than the double glazing

with Low-E coating in Hong Kong.

(ii) Aerogel glazing has very high effectiveness in minimizing the

heat flow through window with a low SHGC.

(iii) Low visible transmittance is one of the concerns in this tech-

nology. 4P12F has a balance between energy saving and visible

transmittance which is the best option in this model building.

Aerogel glazing can be a choice of glazing to comply with the exist-

ing OTTV requirement and to reduce the energy use for space cooling in

Hong Kong and other regions. In the future, the development of mono-

lithic silica aerogel can significantly enhance the solar transmittance

with a better thermal insulation property like granular aerogel glazing.
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In this paper, modeling and machine learning with experimental data and a novel calibration function for a gas-

solid flow sensor fusion are presented. Sensor fusion is the use of software that intelligently combines data from

multiple sensors in order to improve overall system performance. This technique can be applied to measurement

of mass flow rate of solids in a pipeline with non-intrusive electrostatic techniques. Data fusion from multiple

heterogeneous/homogenous sensors can overcome the limitations of an individual sensor and measured variable.

It is shown that the output voltage of a ring-shaped electrode is predominantly a function of solids mass flow

rate and velocity for a flow of bulk solids in a pipeline, when particle size, properties and ambient conditions

remain constant. By incorporating solids flow velocity in a proposed mathematical model (obtained via machine

learning), meter output voltage could be predicted with superior accuracy, for wide range of different flow pa-

rameters from numerous experiments with a pneumatic conveying system. Transposing the model yields a new

calibration function which, when deployed in signal processing software, enables accurate mass flow measure-

ment with velocity compensation. The described method also de-necessitates determination of air solids ratio

or solids volumetric concentration, thereby enabling simplification of the overall measurement system whilst

yielding higher accuracy than calibration methods from previous studies. Accurate flow measurement facilitates

enhanced monitoring and controllability of blast furnaces, power stations, chemical reactors, process plants etc.

where there are bulk solids flows in pipelines. Optimization of such highly materially consumptive and energy

intensive processes can yield significant reductions in waste and emissions (CO
2
, NOx) and increased efficiencies

in global production of energy and materials.

1. Introduction

Gas-solid flows as pneumatic conveying processes are commonplace

in industry. They are utilised in coal-fired power stations, blast furnaces

and cement, chemical, pharmaceutical and food production processes

as a method to transport bulk solids - being a fuel, reactant or food

or pharmaceutical constituent. Often, but not always, the gas phase is

air. In order to optimize these processes, reduce waste and emissions or

increase operational efficiencies, it is desirable to be able to accurately

measure the mass flow of bulk solids, preferably in a non-intrusive man-

ner. Online continuous, accurate and reliable flow measurement is a pre-

requisite for effective closed-loop control of a wide range of processes

and is often a necessity for optimum plant control in many areas of the

process industries.

Traditional coal-fired power stations and blast furnaces offer a good

example of the requirement for accurate solids flow measurement in in-

dustry. In blast furnaces, pulverised coal (or coke) is also a source of

carbon for steel production, as well as a fuel. In both traditional coal-

∗
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fired power plants and blast furnaces, coal (or coke) is pulverised prior to

transport via pneumatic conveying (with air) to the furnace via where it

enters via many separate tuyeres (nozzles). An optimum ratio of coal and

air is necessary to ensure high combustion efficiency, otherwise incom-

pletely combusted material may end up in the ash. This then presents

additional solid waste material disposal burden and is an undesirable

squandering of resources. Another parameter which must be accurately

measured and subsequently controlled is the velocity of the conveyed

fuel. If it is too low, then the flow stream can become stratified and

may even cease to flow. This could cause burners to drop out, process

temperature to deviate and the formation of obstructions could poten-

tially result in an explosion. If the velocity is too high, then there may

be excessive consumption of fuel (and so increased costs), potential for

incomplete combustion and heightened levels of abrasion and damage

to equipment and pipelines. Over-consumption of fuel also results in

additional and unnecessary emissions of CO2.

Failure to measure and effectively control both mass flow rate and

velocity can also result in the excessive formation and emission of nitro-
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Nomenclature

Aa Cross-sectional area of pipe occupied by air [m
2
]

As Cross-sectional area of pipe occupied by solids [m
2
]

dp Particle diameter [𝜇m]

L Distance between electrodes [m]

M Mass of solids in hopper [kg]

Qm Mass flow rate of solids [kg/hr]

Ras Air-solids ratio [dimensionless]

RH Relative humidity [%]

T Time interval for cross correlation function [s]

t Time [s]

Vrms Root mean square meter voltage [mV]

𝜖 Particle electrical permittivity [F/m]

𝜌a Density of air [kg/m
3
]

𝜌s Density of solids [kg/m
3
]

𝜎 Solids conductivity [S/m]

𝜏 Time lag in cross correlation function [s]

𝜏o Transport time for solid particles [s]

ѵa Velocity of air [m/s]

ѵp Particle velocity [m/s]

gen oxides (NOx) which cause ozone depletion and environmental acid-

ification. As well as this, issues with the excessive deposition of molten

ash and incombustible by-products, known as slagging, can occur inside

the furnace, reducing the overall efficiency of the plant. To minimize the

potential for aforementioned issues and to minimize oscillatory process

response, inconsistent/uneven flame magnitude and unintentional drop-

out of individual burners, the mass flow rate and velocity of fuel to each

individual tuyere must be controlled so as to be equivalent and consis-

tent. The input gas-solid flow as an air-fuel mixture is transferred to the

furnace through many (often more than a dozen) tuyeres via separate

conveying pipelines downstream of a distributor, i.e. the flow is split

into different streams. Accurately maintaining an equal and consistent

supply to each burner necessitates closed-loop control, and therefore

measurement of, the fuel flow rate through each individual conveying

line. Optimum burner control and furnace operation therefore necessi-

tates a non-intrusive gas-solid flow measurement system like the one

described in this paper.

Increasingly, newly built modern coal-fired power plants instead em-

ploy dense phase conveying, whereas the system described in this paper

is more suitable for lean phase conveying, so will be more applicable

to older less-efficient plants, as a means of reducing waste, emissions

(CO2, NOx), process deviations etc. and therefore resulting financial im-

plications and overall operating costs. A similar type of metering system

would also be applicable to other industrial processes where a flow of

pneumatically conveyed bulk solid material, fuel or reactant is required

to be distributed to downstream reactors, furnaces or other vessels.

Flows within large scale pneumatic conveying systems used to transport

chemicals or other bulk solids (e.g. powders, pelletised fuels/materials)

from one area of a process plant to another could be effectively moni-

tored and controlled, improving operability and reliability. A range of

industrial processes, in the production of chemicals, materials, pharma-

ceutical and food products, could be significantly optimised through the

provision of accurate non-intrusive gas-solid flow metering technology,

this being the underlying incentive for continuing research and devel-

opment in this area.

There are various meters that are already commercially available

that do enable measurement (or at least detection) of flow of bulk solids

[1], some of which are intrusive in nature, and are unable to conduct

measurement without disturbing the flow stream. This is undesirable

and wastes energy which has been already invested in the transfer of ma-

terial. Also, some designs may be damaged over time by constant abra-

sion due to the high level of kinetic energy possessed by the fast-flowing

solids. As such, invasive (e.g. various probes) and semi-obstructive (e.g.

Coriolis) measurement systems are usually deemed unsuitable for con-

tinuous service on two-phase gas-solid pneumatic conveying pipelines

and non-intrusive meter designs are preferable, though there is a need

for such systems to offer greater accuracy.

There are many different non-intrusive gas-solid flow measurement

system designs presented in the literature. Many authors present meth-

ods based on attenuation, scattering and Doppler techniques using op-

tical sensors [2], digital imaging techniques [3], microwaves [4] x-rays

and gamma rays [5] and ultrasonic waves [6] to measure both solids

volumetric concentration and flow velocity. A main issue with optical

techniques is that a sensing window is usually required, which can then

become contaminated resulting in the detection of false signals lead-

ing to errors. The same is true for systems which employ digital image

processing techniques which is unfortunate given that one study com-

bining a digital imaging approach to concentration measurement with

electrostatic velocimetry [3] purported solids mass flow rate measure-

ment with a maximum error of around ±4%. This level of accuracy is

commendable (for a multiphase meter), however the described system

would be inapplicable in many industrial scenarios, with bulk materials

which result in contamination and also with denser solid phase flows.

In a studies employing ultrasonic methods [6], the solids concentra-

tion can be inferred from attenuation and the gas phase velocity can be

determined from the acoustic propagation velocity. However, the solids

velocity is estimated using an assumed value for slip velocity (between

gas and solid phase), which can vary. Therefore, there is some uncer-

tainty in the solids velocity and the mass flow rate which is derived

from combining the former with the measured concentration. Optimum

frequency is dependent on the size of the particles, and multiple trans-

ducers may be required if the cross section of the pipeline is relatively

large. Yan states the difficulty of using acoustic methods [7] due to high

attenuation in gasses and high particle impingement noise.

Radiometric systems based on microwaves, x-rays and 𝛾 rays have

also been designed to enable velocity, concentration and mass flow rate

measurement though those with divergent interrogation beams incur

spatial sensitivity error across the pipe cross section. Designs with many

narrow parallel 𝛾 ray beams [5] perform better, though such designs are

expensive due to their inherent complexity, also use of ionizing radiation

is usually avoided in commercial or industrial applications unless com-

pletely necessary. Magnetic resonance imaging is another non-invasive

technique found in the literature [8] but again it is costly due to complex

construction. Also, it requires the pipe section to be made from a ma-

terial which does not attenuate electromagnetic fields and so cannot be

effectively grounded. Also, as Kawaguchi [8] states, the time resolution

is poor, which limits the maximum flow rate which can be measured.

Numerous studies have been conducted with electrical sensing meth-

ods [9–20], such as the one presented in this paper. Many commercially

available non-intrusive meters based on electrostatic techniques have

been deployed in power stations [9] and blast furnaces, though whilst

they can offer flow detection, they currently lack the accuracy to be

utilised in furnace/reactor control loops, which limits the potential for

process optimization. The main limitations of these types of sensor are

that they are particularly sensitive to factors such as humidity and/or

moisture content, particle size and (electro)chemical properties of the

bulk solid material itself. Another drawback is non-uniform spatial sen-

sitivity as analysed by Zhang [10], with an adverse effect on the sen-

sors output being more pronounced for non-dispersed, heterogeneous

or roping flow regimes. Also, the induced voltage is dependent on a

wide range of different parameters, rendering it somewhat challenging

to extract useful information from the raw signal. Capacitive tomogra-

phy techniques have been deployed [11] to visualize flow pattern and

can be combined with electrostatic tomography [12] in order to improve

performance, though there is a trade-off between resolution (or number

of pixels) and sensitivity, as for an increased number of individual elec-

trodes they must therefore be smaller in width in order to fit around a

given pipe circumference. However, all of previously described sensing
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Fig. 1. Diagram of electrostatic ring-shaped flowmeter.

methods are more complex and costly than electrical sensing methods

and, as shown in the following sections, it is possible to overcome these

limitations and attain reasonably accurate values for solids flow velocity

and mass flow rate using simple electrodes.

A well-studied non-intrusive electrostatic solids flow sensor design,

often deployed under lean phase conditions, is the ring-shaped elec-

trode. Many decades of research [13] detail the development of gas-

solid flow measurement systems utilizing sensors of this type, though as

attaining high accuracy presents a significant measurement challenge,

the field of research continues to be active. In order to maximize po-

tential performance, it is necessary to model this type of sensor, and

research usually adopts one of several approaches. The first is modeling

of dynamic characteristics of the sensor with regards to flow charac-

teristics, particle distribution and size [14]. Another area of focus is on

modifying the sensor structure, e.g. electrode width [15] in order to ana-

lyze performance. Zhang presents a means to improve spatial sensitivity

through reweighting of the signal spectrum [16]. Many publications re-

late to measurement of flow velocity via the cross-correlation technique

[17–20]. Another avenue is modeling of the sensor in order to predict

its output [21] with regards to flow rate, concentration etc. with con-

sideration of effects of various parameters including velocity, with some

studies utilizing measured velocity to compensate its apparent effect on

the measured voltage [20], as a way to improve measurement accuracy.

The focus of this paper is more relatable to the latter, though presents

findings in the form of a novel calibration function and models exhibit-

ing a higher level of accuracy to those previously described [20,21],

with a reduction in design complexity by de-necessitating determina-

tion of air-solids ratio or solids volumetric concentration. The described

approach differs to other methods in the literature which often deploy

complex apparatus [2–8] for measurement of solids volumetric concen-

tration (e.g. via tomography, radiation/absorption, digital imaging tech-

niques) in addition to velocity measurement (often via cross-correlation

[22]), combining both of which to obtain an indirect measurement value

for mass flow rate. With the methods and calibration function presented

in this paper, only two or more ring-shaped electrodes and effective sig-

nal processing are required to determine mass flow rate to a good degree

of accuracy. Given that in industrial scenarios there are often many sep-

arate distributed conveying lines feeding furnaces, reactors or vessels

such that many meters may be required, it is desirable for the design to

be of relatively low cost/complexity, require minimal maintenance, yet

offer good performance.

As shown in Fig. 1, the ring-shaped electrode is installed flush with,

though electrically insulated from the pipe wall. The pipeline either side

of the sensor assembly should be earthed, to avoid high levels of elec-

trostatic charge accumulation, brush/corona discharge and the potential

for explosions should the minimum energy be exceeded. The design is

relatively simple and therefore low cost.

This arrangement does not impede the flow of solid particles in the

conveying line and so minimises electrode wear, though allows the elec-

trode to be sensitive to the electrostatic charge carried by the flowing

solids. The charge is generated through contact electrification or the tri-

boelectric effect as the particles collide with each other and the pipe

wall. For lean phase conditions, with an increase in mass flow rate, one

can usually expect a higher output voltage from the meter. Unfortu-

nately, the relationship is not one of direct proportionality or even non-

linear one. There are many other variables which affect the measured

voltage which must be considered.

2. Modelling

A main issue is that, unlike simpler measurement systems, the volt-

age induced in the electrode is related to not only the mass flow rate

of solids, but also air-solids ratio, particle velocity, flow profile, parti-

cle size [13], humidity, air density and the electrostatic properties of

the bulk material itself. It is a complex relationship with many interact-

ing variables resulting in the measured voltage signal. The raw signal

is noisy AC, so the rms (root mean square) voltage is utilised, which is

the quadratic mean and a measure of the energy content of the signal.

When assuming a dispersed/homogenous flow regime within a given

pipeline, a comprehensive model of the electrostatic ring-shaped flow

meter which yields output (rms) voltage would be a complex function

of multiple constituent variables.

𝑉
𝑟𝑚𝑠

≅ 𝑓
(
𝑄
𝑚
,𝑅

𝑎𝑠
, 𝑣
𝑝
, 𝑑

𝑝,
𝑅𝐻, 𝜌

𝑎
𝑎 𝜎, 𝜖

)
(1)

However, one can assume that some of the latter variables remain suf-

ficiently constant for a given system. Variables and conditions can be

controlled/fixed under experimental (or industrial process) conditions

and from subsequent observation it was found for a conveying system

using the same bulk solid material, same grade or particle size, humid-

ity and ambient conditions, the output (rms) voltage of a ring-shaped

electrode around a conveying pipeline can said to be predominantly a

function of the mass flow rate Qm, air-solids ratio Ras and particle ve-

locity vp. The meter function to be found is therefore;

𝑉
𝑟𝑚𝑠

≅ 𝑓
(
𝑄
𝑚
,𝑅

𝑎𝑠
, 𝑣
𝑝

)
(2)

A model for the calibration of an electrostatic flow sensor of this

type has been presented previously by Zhang [21]. This model expressed

meter output voltage as a function of air-solids ratio and mass-flow rate,

but did not incorporate particle velocity, or at least not as a distinct

variable, and was of the form;

𝑉
𝑟𝑚𝑠

=
(
𝐴𝑅

𝑎𝑠
+ 𝐵

)
𝑄
2
𝑚
+
(
𝐶𝑅

𝑎𝑠
+𝐷

)
𝑄
𝑚
+ 𝐸𝑅

𝑎𝑠
+ 𝐹 (3)

Where A, B, C, D, E and F are constants to be determined. This model was

found to have a maximum relative error of around 7%. Whilst this level

of error would likely be considered too high for a single-phase meter,

for a multiphase meter it is actually acceptable, though a greater level

of accuracy is desirable. Also, if possible, it would be beneficial to have

a model which does not require air solids ratio, as it is challenging to

measure practically, requiring additional hardware and signal process-

ing. Therefore, the aim of this research is to obtain a new system model

for an electrostatic gas-solid flow meter which exhibits superior relative

accuracy, incorporates particle velocity, and de-necessitates determina-

tion of air-solids ratio. This will then lay the foundation for a gas-solids

flow metering system of relatively low complexity yet a useful degree

of accuracy, sufficient for industrial application.

As solids mass flow rate has proven difficult to measure directly, this

measurement challenge is still of research interest in a time when single

phase gas and liquid flow meters (e.g. Coriolis) exist with stated accu-

racies of 0.05%. Current multiphase gas-solid flow meter designs are

somewhat behind, usually no better than ±10%, but it is thought that

accuracy can be improved by utilization of multiple homogenous or het-

erogeneous sensors and combining data in software to improve system

performance in a method termed ‘sensor fusion’. With electrostatic gas-

solid flow measurement, this can be achieved through the use of multi-

ple ring-shaped electrodes at different positions on the pipeline. This can

reduce the issue of sensitivity to flow profile and enable simultaneous
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Fig. 2. Diagram of pneumatic conveying system.

determination of particle velocity using the cross-correlation technique

[22], which is a well-understood technique described and demonstrated

in the literature [17–19]. If an upstream voltage signal from the flow of

electrostatically charged solids is denoted as x(t), and a delayed signal at

a downstream position is y(t), then the transport time 𝜏0 can be found

via the cross correlation function Rxy(𝜏) of x(t) and y(t), for the time

interval T which is defined by;

𝑅
𝑥𝑦
(𝜏) = lim

𝑇→∞
1
𝑇

𝑇

∫
0

𝑥(𝑡)𝑦(𝑡 + 𝜏)𝑑𝑡 (4)

Where Rxy(𝜏) is maximum when 𝜏 = 𝜏0. Although the delayed down-

stream version of the signal may differ somewhat, this technique is still

very effective. As the distance L between the electrodes is known, the

charged particle velocity can be calculated as;

𝑣
𝑝
= 𝐿

𝜏0
(5)

In several studies [17,18] regarding electrostatic gas-solid flow mea-

surement, the flow or particle velocity is the intended measurand, ac-

quisition of which often being the main scope/objective of the research.

In other studies [20], the measured velocity is used to compensate the

measured voltage signal, to increase the accuracy of mass flow measure-

ment. One such technique, which has actually been deployed in some

commercial metering systems, is to divide the measure rms voltage by

the velocity times a constant kG;

𝑄
𝑚
=
𝑉
𝑟𝑚𝑠

𝑘
𝐺
𝑣
𝑝

(6)

However, it is thought that an improved model and calibration function

can yield greater accuracy, the acquisition of which being the underlying

aim of this research. To obtain such a model, and to discern its accuracy,

experimental data must be first acquired from a pneumatic conveying

system.

3. Obtaining experimental data

The Teesside University pneumatic conveying rig shown in Fig. 2 was

used to collect data. A 40 mm pipeline containing conveyed solids con-

sists of a vertical and horizontal section with 4 electrostatic meters. The

configuration enables simultaneous measurement of particle velocity us-

ing the cross-correlation technique. An inverter-controlled fan takes in

air, which is mixed with solids (Fillite – extracted from power station fly

ash) and introduced to conveying line via a screw feeder. The mass of

Table 1

Machine learning techniques with model performance metrics (ranked).

Method R
2

RMSE (mV) MAE (mV)

Linear Regression 0.93 11.37 9.07

Linear State Vector Machine 0.93 11.48 9.10

Boosted Regression Tree Ensemble 0.89 14.69 10.86

Fine Regression Tree 0.87 15.86 12.46

Bagged Regression Tree Ensemble 0.84 17.30 13.15

Fine Gaussian State Vector Machine 0.74 22.39 15.00

solids in a supply hopper is continuously weighed using a load cell, and

the reference solids mass flow rate is obtained by mass differentiation

with respect to time. An additional inverter controls the speed of the

screw feeder. Air flow rate is measured downstream and air exits the

system via an exhaust.

The instantaneous root-mean square voltage from each meter, the

mass of solids in the hopper, the air flow rate and solids velocity are

all logged in software (Labview) every second during an experiment.

Twenty five different experiments were conducted, all with different

mass-flow rates, solids velocity and air-solids ratio. Over 5000 data sam-

ples of each parameter were obtained. These values were then used to

form a split train/test data-set, to enable acquisition of system model

via machine learning techniques. As an example, Fig. 3a and b show

data for solids mass (kg) in the hopper, used to obtain a reference value

for mass flow rate (kg/s) and meter 1 output rms voltage (mV) respec-

tively during one such experiment, for a mass flow rate of approximately

33.5 kg/hr and average velocity of around 37 m/s. The directly mea-

sured parameters and their respective measurement accuracies are listed

below. Other parameters, e.g. mass flow rate, air solids ratio, are then

inferred from these measurements.

• Meter voltage (mV) ±0.01%

• Mass of solids (kg) ±1%

• Particle velocity (m/s) ±2%

• Air velocity (m/s) +2.5%

4. Preliminary model derivation with machine learning

Using the Regression Learner app in MATLAB, a variety of machine

learning algorithms were deployed with the train data set (70% of over-

all data) and are ranked below in Table 1 order of their respective model

performance metrics; R
2

value, root mean square error (RMSE) and

mean absolute error (MAE).
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Fig 3. (a). Mass flow rate reference. (b). Meter 1 rms voltage.

As can be seen, the best-fitting model/technique of those tried is

linear regression. This enables the derivation of a linear equation for

meter output voltage;

𝑉
𝑟𝑚𝑠
(𝑚𝑉 ) ≅ 3.3𝑄

𝑚
+ 2.1𝑣

𝑝
+ 8.3𝑅

𝑎𝑠
− 48.2 (7)

As well as having the best fit to test data, with this type of model

there is less concern with regards to overfitting a because the data con-

forms well to a simple model rather than requiring say a complex regres-

sion tree, or state vector machine. Yan [23] utilised machine learning

with artificial neural networks to be able to attain accuracy of around

±15% with the same type of meter. However, a greater level accuracy

is desirable and also with ANN techniques is difficult to interpret the

model structure whereas with a mathematical model in the form of an

equation it is easier to do so. The data used to train the linear regres-

sion model were all instantaneous values, and so show some variance

from the mean. Although this will inevitably affect the initial fit of the

model, the fit will be improved with regards to steady-state (moving) av-

eraged data. However, a higher order model, accurate within the speci-

fied range, that captures the non-linear nature of Vrms with Qm and yields

zero output for zero flow is desired.

5. Model enhancement

An improved model should also encapsulate the slightly non-

linear/curved nature of meter voltage with increased mass flow rate.

This is seen in the data set when experiments with similar flows param-

eters are grouped in terms of air solids ratio and velocity to see the effect

of altering each parameter and also mass flow rate in isolation. A higher

order model which predicts zero output for zero flow is preferable, as it

corresponds to the reality of the system intended to be modelled (when

disregarding noise). Although the initial linear regression model was

deemed insufficient, it facilitates the derivation of the unknown coef-

ficients for a second order polynomial model. A model with a similar

structure was presented by Zhang [21] given by Eq. (3). This model was

found to have a maximum relative error of around 7%. The newly pro-

posed model has zero offset, incorporates particle velocity and has the

form;

𝑉
𝑟𝑚𝑠
(𝑚𝑉 ) ≅

(
𝑎 + 𝑏𝑅

𝑎𝑠
+ 𝑐𝑣

𝑝

)
𝑄
2
𝑚
+
(
𝑑 + 𝑒𝑅

𝑎𝑠
+ 𝑓𝑣

𝑝

)
𝑄
𝑚

(8)

Where a, b, c, d, e and f are constants/coefficients which can be deter-

mined via multiple polynomial regression. Alternatively, they can be ob-

tained through utilization of the initial multiple linear regression model

of Eq. (7). By substituting values for Ras and vp and then applying the

quadratic regression algorithm, a set of n (in this case nine) second or-

der polynomials expressing Vrms as a function of Qm could be obtained

as shown in Fig. 4. As previously mentioned, there will be no offset

term, unlike the model of Eq. (3). In MATLAB, this constraint can be set

when conducting polynomial regression using the following MATLAB

function;

Pn = polyf ix(Qm,Vrms, 0, 0) (9)

Where Pn is the resulting polynomial function, and the two zeros corre-

spond to the co-ordinates (Qm, Vrms) at the origin. Therefore, the even-

tual model will yield zero output voltage for zero flow and with zero

offset, the set of obtained polynomial functions shown in Fig. 4 have

the form;

𝑉
𝑟𝑚𝑠

= 𝐴
𝑛
𝑄
2
𝑚
+ 𝐵

𝑛
𝑄
𝑚

(10)

Though the numerical values for the co-efficients An and Bn are dif-

ferent for each polynomial, they can be expressed as linear sub-functions

of Ras and vp. Obtaining these linear functions will yield an overall model

which will express Vrms as a function of Qm, Ras and vp for the domain

shown in Fig. 4, within which the measured values obtained from ex-

periment reside. For each polynomial in Fig. 4 the corresponding values

for Ras and vp were substituted and therefore known, as were the coeffi-

cients An and Bn and found to change incrementally with Ras and vp As

for given sets of three of the nine polynomials, one of the parameters Ras

or vp was fixed, the constants a, b, c, d, e and f for the overall polynomial

model could be determined by means of simultaneous equations;

𝐴
𝑛
= 𝑎 + 𝑏𝑅

𝑎𝑠
+ 𝑐𝑣

𝑝
(11)

𝐵
𝑛
= 𝑑 + 𝑒𝑅

𝑎𝑠
+ 𝑓𝑣

𝑝
(12)

The constants or coefficients for the proposed model of Eq. (8) were

then determined as;

𝑎 = 0.047, 𝑏 = −0.008, 𝑐 = − 0.002, 𝑑 = 0.111, 𝑒 = 0.546, 𝑓 = 0.136

As shown in the following section, this refined non-linear model

was subsequently found to be more accurate at predicting meter out-

put voltage than the linear model and significantly more accurate than

the model of Eq. (3) within the range shown. However, it should be

noted that if various factors such as the bulk solid material itself, its

electrostatic properties, particle size, ambient conditions, electrode di-

mensions, pipeline dimeter etc. are altered, then the co-efficients will

need to be re-determined i.e. these constant values are specific to Fillite

flowing in a 40 mm pipeline, using the described meter design and for

the specified range of mass flow rate 10–40 kg/hr, velocity 15–30 m/s

and air-solid ratio 1.5–3.5. In this range Eq. (8) is valid, though for more

expansive ranges a higher order model may be required.

Although it should be noted that Fig. 4 is formulated via substitution

of values into a derived mathematical model, and that practically it may

not be possible to alter mass flow rate without altering either particle

velocity or air solids ratio, the figure facilitates analysis of the effect of
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Fig. 4. Multiple polynomial regression model.

each variable in isolation. As expected, the rms voltage Vrms does indeed

increase with mass flow rate Qm, though is clear that both air solids ratio

and particle velocity have a modifying effect. Particle velocity seemingly

has a greater effect on the output voltage than air solids ratio; modify-

ing the former has a much more pronounced effect on the output rms

voltage as modifying the latter by the same proportion. This finding is in

agreement with earlier studies [15,21], including those in which there

is an attempt to compensate the effect of velocity [20]. An explanation

may be that particles with greater velocity experience a greater number

of collisions resulting in a greater transfer and accumulation of electro-

static charge, and so a higher measured output rms voltage is observed.

This observation, and those of previous studies, therefore suggest that

incorporation of particle velocity in the proposed model is indeed war-

ranted, as it is clearly a dominant variable with regards to its effect on

the measured output rms voltage.

A more challenging observation to explain is that meter output volt-

age appears to increase with air-solids ratio, i.e. a lower proportion of

solids in relation to air. This also agrees with the findings of other stud-

ies and Zhang [15,21] suggests that this is again due to velocity, as for

a given mass flow rate, for a higher air solids ratio the velocity is invari-

ably higher if a given mass of solids is to be conveyed per unit time. If

this explanation is correct, then it may be possible to eliminate air-solids

ratio from the meter model and transposed calibration function yet still

maintain accuracy, as the meter output signal appears to be more sen-

sitive to velocity than any other variable, followed by mass flow rate as

the intended measurand. If this is possible then the calibration function

and the required measurement system can be simplified significantly,

de-necessitating determination of air-solids ratio and so requiring just 2

or more voltage signals and the delay between them in order to accu-

rately determine solids mass flow rate. The model of Eq. (8) is used to

predict meter output voltage for a range of flow parameters and com-

pared to experimental data in the following section. In a subsequent

section, a refined model which does not incorporate air-solids ratio is

then derived and again compared to steady state moving averaged data

obtained from twenty five experiments with different flow parameters.

6. Initial modelling results

The following table shows the root mean square meter voltage Vrms

for 25 experiments conducted, using the apparatus of Fig. 2 with vary-

ing parameters; particle velocity vp ranging from 15 to 30 m/s, air-solids

ratio ranging from 1.5 to 3.5 (which is typical of power station concen-

trations) and mass flow rate ranging from 10 to 40 kg/hr. The meter

Table 2

Experimental data and model.

ѵ
p

R
as

Q
m

V
rms

V
fcn

e
r
%

15.59 3.29 10.96 41.18 42.85 4.06

15.56 2.83 12.64 45.47 46.64 2.57

15.53 2.46 14.51 51.68 50.95 −1.40

19.41 3.15 14.72 59.26 62.09 4.79

19.38 2.84 16.18 63.91 65.77 2.91

15.46 2.05 17.34 57.59 57.67 0.14

23.14 3.27 17.40 81.65 80.06 −1.95

19.27 2.46 18.57 74.50 71.84 −3.57

23.07 2.85 19.86 86.66 86.75 0.11

26.73 3.23 20.98 103.41 101.39 −1.96

15.31 1.58 22.17 66.40 69.59 4.81

19.23 2.00 22.67 82.02 82.74 0.88

23.07 2.45 22.99 97.24 95.51 −1.78

26.69 2.86 23.56 107.06 108.69 1.53

22.95 2.03 27.46 111.22 107.82 −3.06

26.69 2.43 27.56 119.36 120.06 0.59

19.01 1.60 28.03 95.79 97.10 1.37

30.00 2.48 31.43 136.04 141.85 4.27

26.34 2.03 32.76 129.82 133.77 3.04

22.50 1.62 34.04 124.37 125.37 0.80

18.77 1.19 37.29 118.86 123.48 3.90

29.78 2.03 38.17 159.50 159.16 −0.21

voltage is predicted as Vfcn using the aforementioned non-linear regres-

sion model of Eq. (8) and the relative error (%) of the prediction is also

calculated. The model fit to steady state data from 25 experiments of

Table 2 is then shown graphically in Figs. 5 and 6.

It is clear to see from Fig. 5 that meter output voltage is not simply

directly proportional to solids mass flow rate, and that is due to multiple

different parameters, yet the presented model of Eq. (8) is able to accu-

rately predict meter output voltage from the available data. As expected,

the refined model shows an improved fit to steady state (moving) aver-

aged meter voltage, as opposed to instantaneous values from the orig-

inal sampled data. As can be seen, the maximum relative error is less

than 5%. This is more than acceptable for a multiphase flow meter and

is constitutes a significant improvement to that of the previous model

(Eq. (3)) from the literature, which did not incorporate particle veloc-

ity. However, it is desirable to simplify the model where possible and

ascertain whether accuracy can be maintained using less predictor vari-

ables i.e. without air-solids ratio, which is more difficult to determine

than the other variables, as it does not simply depend on measuring a

voltage or the time delay between signals.

229



A.J. Kidd, J. Zhang and R. Cheng Energy and Built Environment 1 (2020) 224–232

Fig. 5. Model fit to V
rms

with Q
m

.

Fig. 6. Predicted vs. optimal V
rms

.

7. Model refinement and results

As in practice it is difficult to measure air-solids ratio, it is desirable

to eliminate it from the model if possible. With the experimental appara-

tus of Fig. 2, it was possible to infer Ras via air flow and mass measure-

ments, though in industrial applications with distributed downstream

conveying lines this may be difficult or even impossible. If a suitable

model can be found where Ras is not a predictor variable, no additional

instrumentation would be required. A system utilizing only ring-shaped

electrodes would then be sufficient to measure mass flow rate, as only

meter rms voltage and particle velocity would be required to attain it.

As both mass flow rate and velocity are both flow variables relating to

air solid ratio, it is thought that a model incorporating only Vrms, Qm

and vp can exhibit sufficient accuracy to constitute a useful multiphase

meter. The meter function to be found is therefore;

𝑉
𝑟𝑚𝑠

≅ f
(
𝑄
𝑚
, 𝑣
𝑝

)
(13)

One way to obtain a model of this form is by utilizing the previously

presented model of Eq. (8), and the fact that air solids ratio Ras may be

expressed as;

𝑅
𝑎𝑠
=
𝑣
𝑎
𝐴
𝑎
𝜌
𝑎

𝑣
𝑝
𝐴
𝑠
𝜌
𝑠

(14)

As can be seen, Ras is itself a function of particle velocity. So, if the

density of air, density of solids and occupied cross-sectional area of the

pipe remains fairly constant (homogenous flow) coupled with the fact

that for each experiment it was found that the ratio of air velocity to par-

ticle velocity was also observed to fairly constant, a model of following

form can be proposed;

𝑉
𝑟𝑚𝑠

=
(
𝛼 + 𝛽𝑣

𝑝

)
𝑄
2
𝑚
+
(
𝛾 + 𝛿𝑣

𝑝

)
𝑄
𝑚

(15)

Using the same method(s) as described in the foregoing section(s),

the constants and coefficients of Eq. (15) have been determined to two

significant figures as;

𝛼 = −2.2 × 10−3, 𝛽 = −1.0 × 10−3, 𝛾 = 1.8 × 10−1, 𝛿 = 1.2

Transposing the above model yields a calibration function, imple-

mentable in system software, enabling determination of mass flow rate

from online measurement of rms voltage(s) and particle velocity;

𝑄
𝑚
=

√
𝑉
𝑟𝑚𝑠

(
𝛼 + 𝛽𝑣

𝑝

)
+ 0.25

(
𝛾 + 𝛿𝑣

𝑝

)2 − 0.5
(
𝛾 + 𝛿𝑣

𝑝

)

(
𝛼 + 𝛽𝑣

𝑝

) (16)

The obtained model of Eq. (15) bears some similarity to those pre-

sented in previous work on gas-solid flow metering with velocity com-

pensation [20]. The model of Eq. (6) intends to compensate the effect of

velocity by dividing the measured voltage Vrms by measured velocity vp

and a calibration constant kG. Given in the meter model form expressing

expected meter output rms voltage as the subject;

𝑉
𝑟𝑚𝑠

= 𝑘
𝐺
𝑣
𝑝
𝑄
𝑚

(17)

Which, like Eq. (15), expresses Vrms as a function of vp and Qm. In a

further study [20], the relationship between meter rms voltage Vrms,

mass flow rate Qm and flow velocity vp was perceived to be;

𝑉
𝑟𝑚𝑠

= 𝑘1𝑣𝑝𝑄𝑚
(
1 − 𝑘2𝑄𝑚

)
(18)

Fig. 7. (a). Earlier model (Eq. (17)) fit to V
rms

. (b). Earlier model (Eq. (17)) fit with Qm.
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Fig. 8. (a). Earlier model (Eq. (18)) fit to V
rms

. (b). Earlier model (Eq. (18)) fit with Q
m

.

Fig. 9. (a). New model (Eq. (15)) fit to V
rms

. (b). New model (Eq. (15)) fit with Q
m

.

Fig. 10. Simplified measurement system.

As can be seen, this is similar to the newly obtained model of Eq. (15),

in that it is second order with regards to mass flow rate Qm, however

it only incorporates two constants k1 and k2, whereas Eq. (15) incorpo-

rates four constants, 𝛼, 𝛽, 𝛾 and 𝛿. The two aforementioned velocity com-

pensation functions from the literature were utilised with the (steady

state) data obtained from experimentation as detailed in Section 3. Op-

timum values for the constants were found so as to minimize the error of

prediction of meter voltage for the given range of mass flow rate and ve-

locity. The performance of the models of Eqs. (17) and 18 are compared

with the newly obtained meter model of Eq. (15) in terms of accuracy

of meter output voltage prediction in Figs. 7, 8 and 9 respectively.

As can be seen from Figs. 7, 8 and 9, the newly presented meter

model of Eq. (15) exhibits a higher level of accuracy. Preliminary re-

sults with such a model indicate a mean relative error of less than 1%

and a maximum relative error of less than 6.5%, which is acceptable for

a multiphase meter with the additional advantage that there is no re-
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quirement to measure air-solids ratio. Whilst the error is slightly higher

than that of the model of Eq. (3) that incorporates air-solids ratio, the

error is less that of previous models of Eqs. (3), 17 and 18 from the liter-

ature. The results also suggest that compensating the effect of velocity,

simply by dividing meter voltage by measured velocity and a constant,

as with equation or transposing Eq. (18), will not yield an accurate value

for mass flow rate. Also the model of Eq. (18), whilst more accurate than

Eq. (17), does not exhibit an acceptable level of accuracy as the maxi-

mum relative error is as much as 13%. However, the newly presented

model of Eq. (15) exhibits half the maximum relative error at 6.5%, and

so if transposed and utilised as a calibration function it will result in

significantly higher accuracy for solids mass flow rate measurement.

8. Model application

As the calibration function of Eq. (16) only requires rms voltage and

particle velocity, only two (or more) electrodes are then required and

the measurement system can be of the form shown in Fig. 10.

As shown, only two ring-shaped electrodes are required, though

more can be used to potentially increase performance. The two elec-

trodes actually act as three sensors – two electrostatic voltage meters

and an electrostatic cross-correlation velocimeter as a sensor fusion.

The continuously sampled data from each sensor is used to determine

mass flow rate, subsequent to signal processing incorporating mathe-

matical functions in software - the two main functions being the cross-

correlation function of Eq. (4) and the calibration function of Eq. (16).

Given that measurement of solids flow velocity is necessary in order

determine mass flow rate, the measured velocity can also constitute an

additional output. Therefore two measured variables can be obtained

using just two (or more) simple electrodes effectively acting as three

(or more) sensors, and with their processed output signals utilised with

the newly presented calibration function, a simple yet accurate gas-solid

flow metering system is the result.

9. Conclusions

Both presented models of Eqs. (8) and 15 exhibit a low mean rel-

ative error (less than 1%) and low maximum relative error (5% and

6.5% respectively) when compared to test data. Additionally, the cali-

bration function of Eq. (16) de-necessitates determination of air-solids

ratio which is difficult to measure in practice, and requires only rms

voltage and particle velocity measurement. This enables the overall sys-

tem to be less complex, comprised solely of two or more ring-shaped

electrodes, and could even be achieved with a single meter assembly in-

corporating two electrodes. A method is provided for the calibration of

simple yet relatively accurate non-intrusive solids mass flow measure-

ment system, capable of utilization in flow control loops. This could then

enable process optimization and reductions in waste and emissions for

some of the most energy intensive and polluting industrial processes in

global production of energy and materials. Subsequent work will ascer-

tain both a theoretical basis for the obtained model, (i.e. a bottom-up

as opposed to top-down modeling approach) and optimum filter coeffi-

cients for online input data smoothing whilst maintaining a suitably fast

response to varying flow parameters, in order to maximize the dynamic

performance of the measurement system.
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