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ABSTRACT

An interior partition wall integrated with active thermal storage and a dynamic insulation system was built and 
then installed in an office building in Oak Ridge, Tennessee, TN. This smart wall, termed the Empower Wall, was 
equipped with embedded pipes in the building envelope core component and an additional pipe network enclosing 
rigid insulation to switch on and off the active insulation dynamically. The performance of the wall’s contribution 
to cooling load reduction under different parameters has been investigated in previous publications. Aiming to be 
deployed into model predictive control and other optimization methods, simplified and reliable models for the 
developed wall and the room accommodating it are required. They are needed to characterize the properties and 
thermal response of both Empower Wall and building envelope, which form an essential component for accurate 
indoor temperature or cooling/heating demand prediction. In this study, simplified gray-box and regression 
models as well as machine learning model were developed and the performance of them were compared and 
analyzed.

KEY WORDS: Thermal energy storage system, Active insulation system, Gray-box modeling, Machine learning 
algorithm

1. INTRODUCTION

Buildings in the United States consume about 76% of the total national electricity demand and HVAC systems 
are responsible for about 35% of the total energy used in residential and commercial buildings [1].   Reducing 
the energy consumption and peak demand of buildings is a critical step towards achieving sustainable energy 
demands, both nationally and internationally. Applications of building envelope systems as thermal batteries 
to store energy and on-demand releasing the accumulated energy can offer an opportunity to harvest thermal 
energy, such as during non-peak load hours. Conversely, the stored energy can be used during high peak load 
periods [1].

Thermally activated building systems (TABS), a well-known active thermal energy storage (TES) system in 
buildings, can serve as a short-term, sensible and low-temperature thermal energy storage technology by being 
actively charged and passively discharged [2]. These wall systems consist of pipes or ducts embedded into the 
building walls and are used to reduce the energy consumption required for space heating and cooling. To add 
an active energy discharging component, active insulation systems (AIS) can be incorporated into wall systems 
to release the stored energy to the indoor environment when needed. Simulation results have shown that 
notable energy and peak demand savings were achieved in building envelope equipped with AISs under 
optimal control [3]. Not many research works focus on building systems with both active storage and active 
discharging mechanisms. An advanced TES system integrated with an active insulation system (AIS), called 
Empower Wall, has been proposed [2,4,5]. The detailed thermal performance under different AIS/TES 
parameters was investigated as well as the mathematical modeling and validation results were shown in [2]. 
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The built empower wall was then deployed into a conference room and the energy and cost savings were 
achieved under smart control [4]. The peak load shift capabilities of the proposed wall in different US climate 
zones were also evaluated [5].

Instead of detailed physical modeling methods, data-driven models, like gray-box and black-box models, are 
preferred in model predictive control and other optimization approaches [6]. In this paper, simplified gray-box 
and regression models as well as machine learning model are proposed to characterize the thermal response of 
the developed Empower Wall and building envelope. The performance of those models was compared and 
analyzed. 

2. EXPERIMENT SYSTEM INTRODUCTION

2.1 Empower Wall System

An interior partition wall integrated with active thermal storage and an active (dynamic) insulation system was 
demonstrated in previous publications. This proposed smart wall was equipped with embedded pipes in the 
building envelope core component and an additional pipe network enclosing rigid insulation to dynamically 
switch on and off the active insulation, as shown in Fig.1. 

Fig. 1 Schematic layout of the EMPOWER Wall system

The two distinct pipe systems were key components that each corresponded to one of the temperature 
regulating systems, either the TES system or the AIS. Cross-linked polyethylene (PEX) pipes were used for 
the TES system, while copper pipes were used for the AIS. The wall structure was designed to be connected 
to a water supply reservoir, water chiller, and control system. The detailed layouts of PEX and copper piping 
work can be referred in [4]. 

All the components cooperate to regulate the temperature of the surrounding air. When cooling is needed, 
water is run from the external copper pipe manifold to the internal copper pipe manifold, allowing heat to be 
transferred from the surroundings to the thermal mass of the wall. The cool surface of the wall provides 
occupant comfort and reduces HVAC loads. During charging and idle times of the wall, the water circulation 
is shut down. The on-demand capabilities of the AIS reduce electricity costs by lowering the use of the HVAC 
system during peak demand hours. This capability can provide peak-load reduction, cost savings, reduced 
burden on the electric grid, and the higher opportunity to use renewable energy sources.
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Fig. 2 Horizontal section view of Empower Wall

The horizontal section view was shown as Fig.2. The instrumented PEX tube was inserted at the central 
position of the concrete form in Empower Wall (at C-C plane). The concrete form, which is done by 3-D 
printing, was filled with grout, once the PEX tubing and the part of the copper piping were securely placed. 
One half component of the AIS system was placed facing one of the interior sides of the concrete form. The 
detailed parameters are listed in [5]. Multiple kinds of sensors, e.g., thermocouples and heat flux transducers, 
were on four different planes, i.e., A-A, B-B, C-C and D-D. The specifications can be also found in [5].

2.2 Test Building Information and Air Conditioning System

The reference building is an office building at Oak Ridge National Laboratory, Oak Ridge, TN, USA, as shown 
in Fig.3. It is an office building with 26,822 ft2 of floor area. The building contains open office, enclosed 
offices, conference rooms, and shipping and receiving area. A conference room (room 102), as shown in Fig.5, 
was selected for deployment and demonstration of the developed Empower wall system. The room is with 
about 600 ft2 (56 m2) of conditioned floor area, and there is a dedicated roof top unit (RTU), which provides 
both cooling and heating for the room. The conference room is used several times per day for a meeting and 
other gathering purpose. 

(a) reference building (b) test room

Fig. 3 View and drawing of the reference building and test room

The test period was from April 2021 to August 2021. During the test period, the Empower Wall system with 
RTU and RTU-only baseline system were alternately operated every other week for evaluation purposes. The 
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TES + AIS integrated wall system served as a secondary cooling system, and the RTU served as the primary 
cooling system.

3. DEVELOPMENT OF DATA-DRIVEN MODELS

This paper targets on development of data-driven models for both Empower Wall and building envelope. Those 
models are expected to be applied into advanced optimal control methods. 

Data-driven models adopt an inverse approach for model development, assuming that there are certain 
mathematical relationships between model inputs and outputs [7]. Data-driven models can be further 
categorized into “black-box” and “gray-box” models [6]. A black-box model is purely derived from measured 
data, and model inputs and outputs may not necessarily present clear physical meaning. By contrast, gray-box 
models are built based on a combination of physical principles and measured data.

3.1 Development of gray-box model for building envelope

One of the most popular gray-box methods is the Resistance-Capacitance (RC) model, also called lumped 
capacitance or network model, which is composed of electrical analogue resistances (R) and capacitances (C) [8]. 
Capacitance represents thermal capacity (i.e., property of objects to describe its capability to store heat), while 
resistance represents thermal resistance (i.e., property of objects or materials to resist the heat flow through it). The 
values of R and C are estimated based on samples of inputs and outputs by applying an identification algorithm, 
e.g., nonlinear regression algorithm, which typically minimizes a norm of either simulation errors or prediction 
errors [9]. The boundaries on the parameters in the identification process are normally estimated from a rough 
description of the building geometry and materials [10]. One obvious advantage is that the RC modeling methods 
allow model training using short periods of data, e.g., one to four weeks, recorded by a limited number of sensors.

One simplified RC model was developed in this research to predict the mean indoor temperature, i.e., 
(Tin,left+Tin,right)/2, which are measured by the two temperature sensors in the test room 102. The schematic of 
the developed RC model is shown in Fig. 4.

Fig. 4 Schematic of the developed building RC model
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The subscript wall, roof, w, n, im, win and amb indicate exterior wall, roof, west orientation, north orientation, 
internal thermal mass, exterior windows and outdoor ambient temperature, respectively. Each model consists 
of four states: mean indoor air temperature (Tin), mean west exterior wall temperature (Twall,w), mean north 
exterior wall temperature (Twall,n) and mean internal thermal mass temperature (Tim).

The heat transfer in the building model is described using the following set of first-order differential equations:

𝐶𝑖𝑛
𝑑𝑇𝑖𝑛(𝑡)

𝑑𝑡 =
𝑇𝑤𝑎𝑙𝑙,𝑤(𝑡) ― 𝑇𝑖𝑛(𝑡)

𝑅𝑤𝑎𝑙𝑙,𝑤2
+

𝑇𝑤𝑎𝑙𝑙,𝑛(𝑡) ― 𝑇𝑖𝑛(𝑡)
𝑅𝑤𝑎𝑙𝑙,𝑛2

+
𝑇𝑖𝑚(𝑡) ― 𝑇𝑖𝑛(𝑡)

𝑅𝑖𝑚
+

𝑇𝑎𝑚𝑏(𝑡) ― 𝑇𝑖𝑛(𝑡)
𝑅𝑤𝑖𝑛

+
𝑇𝑠𝑜𝑙,𝑟(𝑡) ― 𝑇𝑖𝑛(𝑡)

𝑅𝑟𝑜𝑜𝑓
+

𝑄𝐴𝐶 ∗ 𝐶1 + 𝑄𝑐ℎ𝑖𝑙𝑙𝑒𝑟 + 𝑄𝑒𝑚𝑝𝑜𝑤𝑒𝑟                                            (1)

𝐶𝑤𝑎𝑙𝑙,𝑤
𝑑𝑇𝑤𝑎𝑙𝑙,𝑤(𝑡)

𝑑𝑡 =
𝑇𝑠𝑜𝑙,𝑤,𝑤(𝑡) ― 𝑇𝑤𝑎𝑙𝑙,𝑤(𝑡)

𝑅𝑤𝑎𝑙𝑙,𝑤1
―

𝑇𝑤𝑎𝑙𝑙,𝑤(𝑡) ― 𝑇𝑖𝑛(𝑡)
𝑅𝑤𝑎𝑙𝑙,𝑤2

(2)

𝐶𝑤𝑎𝑙𝑙,𝑛
𝑑𝑇𝑤𝑎𝑙𝑙,𝑛(𝑡)

𝑑𝑡 =
𝑇𝑠𝑜𝑙,𝑤,𝑛(𝑡) ― 𝑇𝑤𝑎𝑙𝑙,𝑛(𝑡)

𝑅𝑤𝑎𝑙𝑙,𝑛1
―

𝑇𝑤𝑎𝑙𝑙,𝑛(𝑡) ― 𝑇𝑖𝑛(𝑡)
𝑅𝑤𝑎𝑙𝑙,𝑛2

(3)

𝐶𝑖𝑚 
𝑑𝑇𝑖𝑚(𝑡)

𝑑𝑡 = ―
𝑇𝑖𝑚(𝑡) ― 𝑇𝑖𝑛(𝑡)

𝑅𝑖𝑚
+ 𝑄𝑠𝑜𝑙𝑎𝑟 ∗ 𝐶2                                                      (4)

Where, Tin is the average of Tin,left and Tin,right. Cin, Cwall,w, Cwall,n, and Cim are the equivalent overall thermal 
capacitances of indoor air, west exterior wall, north exterior wall, and internal thermal mass, respectively (J/K). 
Rwall,w, Rwall,n, Rwin, Rim, and Rroof are the equivalent overall thermal resistances of west exterior wall, north 
exterior wall, windows, internal thermal mass, and roof, respectively (K/W).

Qsolar is the total solar radiation rate (W) transmitted through the exterior windows into the zone. The effects 
of solar radiation on exterior walls and the roof were considered by calculating Tsol,wall,w,  Tsol,wall,n, and Tsol,roof 
respectively, which are the sol-air temperatures. 

QAC is the sensible cooling/heating supply from the HVAC (W), which is calculated from the following 
equation:

𝑄𝐴𝐶 = 𝑇𝑟𝑡𝑛,𝑎𝑖𝑟(𝑡) ― 𝑇𝑠𝑢𝑝,𝑎𝑖𝑟(𝑡) ∙ 𝑐𝑎𝑖𝑟 ∙ 𝜌𝑎𝑖𝑟 ∙ 𝑉𝑎𝑖𝑟                                        (5)

Where, Tsup,air and Trtn,air are the HVAC(RTU) supply air and return air temperatures (°C), respectively. Vair is 
the volume flow rate of air (m3/s), which is constant. ρair is the air density (kg/m3). cair is the specific heat of 
air (J/(kg·K)).
Qchiller is the heat dissipation (supplied cooling) from the empower wall chiller (W), which is calculated from 
the following equation:

𝑄𝑐ℎ𝑖𝑙𝑙𝑒𝑟 = 𝑇𝑟𝑡𝑛,𝑤𝑎(𝑡) ― 𝑇𝑠𝑢𝑝,𝑤𝑎(𝑡) ∙ 𝑐𝑤𝑎 ∙ 𝜌𝑤𝑎 ∙ 𝑉𝑤𝑎                                     (6)

Where, Tsup,wa and Trtn,wa are the chiller supply water and return water temperatures (°C), respectively. Vwa is 
the volume flow rate of chilled water (m3/s), which is constant. ρwa is the chilled water density (kg/m3). cwa is 
the specific heat of chilled water (J/(kg·K)).
Qempower is the discharge rate of the empower wall (W), which is calculated from the following equation:

𝑄𝑒𝑚𝑝𝑜𝑤𝑒𝑟 = 𝐻𝐹𝐴𝑒𝑚𝑝𝑜𝑤𝑒𝑟(𝑡) ∙ 𝐴𝑒𝑚𝑝𝑜𝑤𝑒𝑟                                                  (7)

Where, HFAempower is the average heat flux, which is measured by heat flux transducers, between empower 
A-A plane and indoor air (W/m2). Aempower is the empower wall area (m2).

The solar radiation through window is characterized by Qsolar (W) in the following:

𝑄𝑠𝑜𝑙𝑎𝑟 = 𝐼𝑛(𝑡)𝐴𝑤𝑖𝑛,𝑡𝑜𝑡𝑆𝐻𝐺𝐶                                                          (8)
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where, I is the direct normal solar irradiance (W/m2), which was measured by a dedicated weather station 
installed on the roof of a light commercial building which is also located closed to test building. Awin,tot is the 
total exterior window area (m2). SHGC is the solar heat gain coefficient of windows. 

The effects of solar radiation on exterior walls (west and north walls) and the roof are considered by calculation 
of Tsol,wall,w, Tsol,wall,n, and Tsol,roof respectively, which are the sol-air temperatures,  shown in the followings:

𝑇𝑠𝑜𝑙,𝑤,𝑤(𝑡) =
𝛼𝑤𝑎𝑙𝑙

ℎ(𝑡) 𝐹𝑤𝑎𝑙𝑙,𝑤(𝑡)𝐼(𝑡) + 𝑇𝑎𝑚𝑏(𝑡)                                               (9)

𝑇𝑠𝑜𝑙,𝑤,𝑛(𝑡) =
𝛼𝑤𝑎𝑙𝑙

ℎ(𝑡) 𝐹𝑤𝑎𝑙𝑙,𝑛(𝑡)𝐼(𝑡) + 𝑇𝑎𝑚𝑏(𝑡)                                               (10)

𝑇𝑠𝑜𝑙,𝑟𝑜𝑜𝑓(𝑡) =
𝛼𝑟𝑜𝑜𝑓

ℎ(𝑡) 𝐹𝑟𝑜𝑜𝑓(𝑡)𝐼(𝑡) + 𝑇𝑎𝑚𝑏(𝑡)                                               (11)

where, αwall and αroof are the solar absorption coefficients of exterior wall and roof, respectively. Tamb is outdoor 
dry bulb temperature (°C), which was also measured by the weather station. Fwall,w, Fwall,n and Froof  are the view 
factors of exterior walls and roof, which are the coefficients calculated based on the building location and 
season. h is convective heat transfer coefficient of roof and exterior wall surfaces (W/m2·K). C1 and C2 are the 
effective heating/cooling gain coefficients, and they are used to adjust Qac and Qsolar for unknown factors. Both 
C1 and C2 are assumed to be unknown and need to be identified by the searching algorithm illustrated in the 
next sub-section.

The searching process for the optimal values of the undetermined parameters (i.e., Cwall,w, Cwall,n, Cim, Cin, 
Rwall,w1, Rwall,w2, Rwall,n1, Rwall,n2, Rroof, Rwin, and Rim) in this RC models is a nonlinear optimization process. An 
objective function to minimize the root mean squared error (RMSE) is used to evaluate the fitness between the 
results predicted by the RC model and the measured data (i.e., mean indoor temperature) during the training 
period. The parameters were identified using the particle swarm optimization (PSO) method, which is a 
computational method that optimizes a problem by iteratively trying to improve a candidate solution with 
regard to a given measure of quality [11].

3.2 Development of simplified regression model for Empower Wall

A simplified regression model was developed to predict the discharge rate of the Empower Wall. Theoretically, 
the empower wall is always discharging as long as the mean wall temperature is lower than the indoor air 
temperature. In this research, it is assumed that no charging is conducted during in daytime, the discharging 
effect is considered when both chiller (for TES charging) and pump (for AIS discharging) were off only. The 
following equations list how the discharge rate (W) was predicted by the regression model. 

For discharging period (when AIS is on):

𝑄𝑒𝑚𝑝𝑜𝑤𝑒𝑟𝑠𝑖𝑚𝑢(𝑡) = 𝐶𝑜𝑒𝑑𝑖𝑠_1 ∗ 𝑇𝑖𝑛(𝑡) ― 𝐶𝑜𝑒𝑑𝑖𝑠2
+ 𝐶𝑜𝑒𝑑𝑖𝑠3 ∗ 𝑇𝐶―𝐶𝑠𝑖𝑚𝑢(𝑡) + 𝐶𝑜𝑒𝑑𝑖𝑠4 + 𝐶𝑜𝑒𝑑𝑖𝑠5 ∗ 𝑡2   (12)

Where, Qempower_simu is predicted discharge rate of the empower wall (W). Coedis_1, …, Coedis_5 are the 
coefficients. t is the time step after discharge starts (t = 0,1,2…n). TC-C_simu is the predicted average temperature 
of C-C plane, which is calculated by the following equation:

𝑇𝐶―𝐶𝑠𝑖𝑚𝑢(𝑡) = 𝐶𝑜𝑒𝑑𝑖𝑠6 ∗ 𝑇𝐶―𝐶𝑠𝑖𝑚𝑢(𝑡 = 0) + 𝐶𝑜𝑒𝑑𝑖𝑠7 ∗ 𝑡 + 𝐶𝑜𝑒𝑑𝑖𝑠8              (13)

Where, Coedis_6 – Coedis_8 are the coefficients which are identified by least square method using historic 
operation data. 
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3.3 Development of machine learning model

In this study, a RNN (recurrent neuron network). RNN is time-series model, which recognizes the temporal 
structure of input data. Recurrent neural network (RNN) was shown to provide better accuracy than ANN for 
prediction of energy consumption [12]. In addition, compared to “shallow” machine learning algorithms, RNN is 
more robust to input uncertainties.

A RNN model was developed to predict both indoor air temperature (Tin) and Empower Wall discharge rate 
(Qempower), the following variables were used as inputs: Tamb, Tsol,wall,w,  Tsol,wall,n, Tsol,roof, Qsolar, QAC, on/off signals 
of charging and discharging, charging rate (Qcharge), and initial temperature of measured C-C plane temperature 
(Tc-c_mea (t=0)).

4. MODEL PERFORMANCE COMPARISION AND RESULTS ANALYS

In this section, the results from the above models were compared and analysed. Specifically, the training and 
test results of the predicted Tin from the RC model were compared with those from the RNN model, the training 
and test results of the predicted Qempower from the regression model were compared with those from the RNN 
model. The data interval is 1 minute.

4.1 Comparison and analysis of indoor air temperature prediction results 

Fig. 5 Training results of indoor air temperature prediction

The indoor air temperature prediction training and test results from both RC model and RNN model were 
shown in Fig.5 and Fig.6, respectively. Actually, the whole month data in May, 2021 were used as training 
data for RNN model (to predict both Tin and Qempower) and the data from May 19 to 30, 2021 were used as the 
training data for RC model. Such intended approach aimed to introduce more data for RNN model training 
since machine learning algorithms often require higher amount of data to train the model. On the contrary, due 
to the physical knowledge introduced into the RC model, it often requires less data for calibration and training 
[13].
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Fig. 6 Test results of indoor air temperature prediction

Tin_ACT is the measured mean indoor air temperature, Tin_RC is the predicted results from the RC model and 
Tin_RNN is the predicted result from the RNN model, as shown in Fig.5 and 6. The training RMSE values for 
RC model and RNN model are 0.70 and 0.37 ℃, respectively. However, the test RMSE values for RC model 
and RNN model are 0.78 and 1.22 ℃, respectively. Such accuracy comparison may suggest that machine 
learning algorithms may have higher risk of overfitting problem and thanks to the known physical knowledge 
about the modelled system, gray-box models are more likely to have stable performance.

4.2 Comparison and analysis of discharge rate prediction results

The discharge rate prediction training and test results from both regression model and RNN model were shown 
in Fig.7 and Fig.8, respectively. Qempower_ACT is the measured Empower Wall discharge rate, Qempower_Reg is the 
predicted results from the regression model and Qempower_RNN is the predicted result from the RNN model. 

Fig. 7 Training results of Empower Wall discharge rate

In terms of the training results, the accuracy of the RNN model was not much worse than that of the regression 
model. However, for THE test data, the RNN model can hardly accurately capture the short-term fluctuations 
during discharging periods which were likely to be caused by the Tin fluctuation, in another word, the 
fluctuation of the difference between Tin and TC-C. It seems that further tuning work for RNN model is needed.
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Fig. 8 Test results of Empower Wall discharge rate

5. CONCLUSIONS

An advanced TES+AIS integrated wall system was originally designed to collect and store heating/cooling 
energy during non-peak load hours so that energy consumption and cost can be reduced. In order to be applied 
into optimal controls, data-driven models, including gray-box model, simplified statistical (regression) model, 
and machine learning model were developed to predict both indoor air temperature and discharge rate from 
the integrated wall system (Empower Wall). The data measured from a real conference room with a RTU air 
conditioning system, local weather station, and the Empower Wall system were used to train and test the 
models. 

In terms of the indoor air temperature prediction, due to the physical details within the model, the prediction 
results from the gray-box model (i.e., RC model) were more accurate and more likely to stay reliable, compared 
to those from the RNN model. The RNN model was not sensitive to the short-term fluctuations for prediction 
of the discharge rate, compared to the regression model. It is worth noticing that theoretically, Qempower is 
coupled with the Tin. The RNN model predicted both at the same time, while the RC model and regression 
model took measured Qempower and Tin as inputs, respectively. Therefore, to form a fairer comparison, an 
integrated gray-box/regression model may be required to be developed in the future study. 
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C equivalent overall thermal capacitances (J/K) charge charging
C1 C2 coefficient (-) chiller chiller

Coedis_1…Coedis_8 coefficient (-) empower empower wall
F view factor (-) in indoor air
h convective heat transger coefficient () im internal thermal mass

HFA heat flux (W/m2) m measured
I direct normal solar irradiance (W/m2) n north
Q Heat gain (W) roof roof

Qsolar solar radiation through window (W) rtn return air
R equivalent overall thermal resistances (K/W) sol solar

SHGC Solar heat gain coefficient (-) sup supply air
T temperature (℃) tot total
V volume flow rate w west
ρ density (kg/m3) wa water

Subscripts wall exterior envelope
AC air conditioning (conditioner) win windows
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