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Abstract 

Within the residential building sector, the air-conditioning (AC) load is the main target for peak 
load shifting and reduction since it is the largest contributor to peak demand.  By leveraging its 
power flexibility, residential AC is a good candidate to provide building demand response and 
peak load shifting. For realization of accurate and reliable control of AC loads, a building 
thermal model, which characterizes the properties of a building’s envelope and its thermal mass, 
is an essential component for accurate indoor temperature or cooling/heating demand prediction. 
Building thermal models include two types: “Forward” and “Data-Driven”. Due to time-saving 
and cost-effective characteristics, different data-driven models have been developed in a number 
of research studies. However, few developed models can predict temperatures in respective 
zones of a multiple-zone building with an open air path between zones e.g., an open stairwell 
connecting two floors of a home. In this research, a novel hybrid modeling approach is proposed 
to predict the average indoor air temperatures of both the upstairs and downstairs. A developed 
RC model is used to predict the building mean temperature, and supervised machine learning 
techniques are used to predict the temperature difference between the downstairs and upstairs. 
Compared with the measured data from a real house, the results obtained have 
acceptable/satisfactory accuracy. The method proposed in this study integrates the advantages of 
black-box and gray-box modeling. It can be used as a reliable alternative to predict the average 
temperatures in respective floors of typical detached two-story houses. 
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1. Introduction 

1.1 Background of research 

The residential building sector accounts for approximately 37% of total U.S. electricity 
consumption [1].  Meanwhile, as of 2011, there were over 132 million housing units in the U.S., 
and of those 87% had heating, ventilation and air conditioning (HVAC) systems. In the southern 
United States, the percentage of homes with air conditioning approaches 100% [2]. These air 
conditioning (AC) units tend to exacerbate peak demand issues. For example, during the 2011 
summer peak in the ERCOT (Electric Reliability Council of Texas) grid, over 50% of the total 
electrical load was from homes [3], whose loads were primarily driven by their air conditioning 
systems. 

Building demand management, including both peak load management (PLM) and demand 
response (DR), has been proposed for building peak power and energy reduction as well as 
reliable operation of the electric grid [4]. Within the building sector, HVAC systems have the 
best potential to provide both PLM and DR [5]. HVAC peak load shifting and DR has been the 
focus of recent research [6, 7]. Different facilities integrated with residential HVAC systems 
have been applied to provide peak load shifting and DR, such as PV [8, 9, 10], battery storage 
system [11], active thermal storage system [12, 13], and phase change materials (PCM) [14, 15]. 

The performance of the above control techniques relies heavily on the quality of building model, 
which characterizes the properties of the building’s envelope and thermal mass. Buildings 
contain significant thermal mass that can be utilized as a valuable distributed storage asset for a 
variety of applications [16]. Building thermal models can be used for different purposes, e.g., 
building thermal load prediction under certain set-points [17], decision of proper amount of 
energy to be stored in cool storage system during off-peak hours [18], precooling of building 
thermal mass [19], peak demand limiting [20], forecast of energy consumption in building [21], 
quantification of building demand flexibility [22] and fast DR control of HVAC system [23]. 

There are two main categories of building modeling methods according to ASHRAE: “Forward” 
and “Data-Driven” [24]. The most important step in selecting an energy modeling method is 
matching method capabilities with project requirements. A forward (white-box) model has 
parameters of physical significance and requires a relatively larger amount of building 
knowledge for practical implementations. The fundamental principles of forward models are 
normally based on the theory of heat transfer and thermodynamics. There are different popular 
building simulation programs based on this approach including EnergyPlus, Trnsys and 
Modelica [25].  Forward models are not practical for large-scale optimal control (virtual storage 
control/DR control) of building and HVAC system due to: 1. the huge effort required to 
manually calibrates the model parameters for buildings with limited sensor information [26]. 2. 
the considerable amount of building information needed for parameter setting also restricts the 
applicability of such kind of models. It is usually too time consuming and not cost-effective to 
collect such information [18].  



Data-driven models adopt an inverse approach for model development, assuming that there are 
certain mathematical relationships between model inputs and outputs [27]. Data-driven models 
can be further categorized into “black-box” and “gray-box” models. 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. More specifically, domain expertise is adopted to specify the 
model architecture and define model inputs. Measured data are then used for parameter tuning 
[28]. The ease of using prior knowledge of a building system within the model identification 
process is one obvious attraction [29]. 

The following sub-section introduces the state-of-art research of development of data-driven 
models and implication for optimal control of HVAC system and building demand management.   

1.2 Literature review 

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) [30]. 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) [30]. The order of such kind of model is 
determined by the number of lumped capacitances (nodes) [31]. The physical interpretation of 
the parameters is dependent on how the building is divided into entities in the model [28]. 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 [29]. The boundaries on the parameters in the 
identification process are normally estimated from a rough description of the building geometry 
and materials [26]. 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.  

A simplified RC model for predicting single-zone building thermal load based on heat transfer of 
building envelope and internal mass was developed in [32]. The parameters of building thermal 
network models for building envelope (6R4C) were determined by frequency characteristic 
analysis and the parameters of thermal network models (2R2C) for lumped internal mass are 
identified with genetic algorithm (GA). A search for the most suitable building RC model was 
realized by statistical tests, i.e. likelihood ratio test and forward selection method [28]. The 
predicted value was compared with the “measured” indoor temperature, which was formed as the 
first principal component of the measurements from the indoor temperature sensors. A hierarchy 
of models has been formulated based on prior physical knowledge with increasing complexity, 
which range from 2 states/order (2R2C) to 5 states/order (5R5C), to simulate a single thermal 
zone for Model Predictive Control (MPC) control [33]. A method was proposed to reduce the 
large-state space dimension of a RC model for a multi-zone building [35]. The convection 
among different zones was not considered since there is no open area among the zones. A 
prototype energy signal tool was developed for whole-building energy use evaluation [36]. The 
energy consumption was modeled by a 4R1C single-zone model and the uncertainty in energy 



consumption was quantified by a Monte Carlo exploration of the influence of model parameters 
on energy consumption. A method was proposed to improve the accuracy of single-zone RC 
models by considering unmeasured disturbances [29]. Both physical parameters in a RC model 
and disturbance model which characterizes the unmeasured inputs to the RC model were 
estimated. A semi-dynamic building envelope model is developed in which a RC model (5R2C) 
is the first part to predict heat transfer along the width of the active pipe-embedded envelope [39]. 
The results were compared with the output of a CFD model which is used as a virtual experiment 
for validating the semi-dynamic model. A new singe-zone wall system with structure of three-
layer sandwich-type panel with outer layers consisting shape-stabilized phase change material 
(SSPCM) wallboard and conventional brick was developed [40]. The simplified dynamic model 
represented the brick layer by three resistances and two capacitances (3R2C) and the SSPCM 
layer by four resistances and two capacitances (4R2C). A 2R2C model was developed to 
calculate average cooling demand reduction in different zones of a commercial building 
simulated by TRNSYS when the developed fast DR strategy using both active and passive 
building thermal storages was applied [41]. It helped to predict the effective storage capacity and 
storage efficiency of the building mass. The above developed model was also taken as a part of 
the identification process of active cool thermal energy storage capacity and average power 
reduction for building demand management [42].   

Recently, black-box models have gained increasing interests due to their capability in analyzing 
large-scale data and flexibility in practical applications. In the building field, black-box models 
have been primarily used to predict whole-building energy consumptions, indices for system 
performance, and indoor environment [43, 44, 45]. The techniques used can be generally 
categorized into two types, i.e., statistical methods and supervised machine learning. Commonly 
used statistical methods include multiple linear regression and time series modeling. As an 
example, the most straightforward approach to building cooling load prediction is to develop a 
linear regression model between building cooling load and indoor-outdoor temperature 
differences [46, 47]. Considering that building operations generally present lagging effects, time 
series modeling methods, such as autoregressive model with extra input (ARX) and 
autoregressive integrated moving average (ARIMA) models, have been used to take into account 
the effect in previous time steps [48, 49, 50, 51]. While statistical methods are relatively easy to 
implement, they can only capture linear relationships among building variables. Since building 
operations are typically complicated and nonlinear, the resulting accuracy can be poor. 
Supervised machine learning algorithms have been used as solutions [52]. The most widely used 
techniques include support vector machines (SVMs) [53, 54], artificial neural networks (ANNs) 
[55, 56], decision trees [57] and ensemble learning [58]. As an example, seven different machine 
learning techniques, including Feed-Forward Neural Network (FFNN), Hierarchical Mixture of 
Experts (MHE) and etc., were tested and compared based on the data from a residential house 
[59]. The Least Squares Support Vector Machines (LS-SVM) resulted in the best prediction 
performance in terms of 1-hour ahead building energy consumption. Different machine learning 
algorithms, such as ANN and SVM, were applied to predict the profiles of non-AC loads, which 
were then used as inputs to the RC model and AC regression model [26]. The research results 
validated the usefulness of machine learning in modeling complicated and nonlinear 



relationships. In most above research works; the prediction targets were the thermal dynamics 
and power performance in single-zone buildings.   

1.3 Research gaps and research objective 

Previous studies mainly focused on the prediction of average temperature or cooling demand in 
single-zone buildings, e.g. one node to represent the average indoor temperature [29, 32, 33, 36, 
40, 48, 54, 56], as well as prediction of overall mean temperature (average indoor air temperature 
of multiple floors)/overall cooling demand for multiple-zone buildings [28, 41, 42, 57, 58]. Few 
developed models can predict mean temperatures in respective zones of in-situ multiple-zone 
building with an open air path between zones, e.g. the detached two-story house with open 
stairwell. Many existing detached two-story houses in the U.S. use one AC system combined 
with supply duct dampers to control the respective temperatures in downstairs and upstairs. 
Alternatively, new homes are often equipped with two separate AC systems, i.e., one for upstairs 
and one for the downstairs. Under both situations, the ability to predict respective temperatures 
of both the upstairs and downstairs is required to ensure the temperatures stay within the 
respective (potentially different) comfort limits specified by the homeowner during AC system 
DR or optimal control in common detached two-floor houses.  

However, it could be very difficult to specify a comprehensive gray-box model to take into the 
air mass movement and the corresponding heat transfer in the stair area due to the convection 
effect.  

Meanwhile, there are few studies on the development of black-box building models for 
residential buildings, rather than commercial buildings [53, 59]. Most developed models were 
used to estimate whole building monthly electrical consumption based on low granularity data 
sets. Therefore, there is a need to investigate the usefulness of state-of-the-art machine learning 
techniques for predicting the dynamic performance in residential buildings based on high 
granularity data input, which is essential for optimal control or fast demand response control.  

In this research, a creative hybrid modeling approach, using both gray-box and black-box 
modelling methods, is proposed to realize prediction of average indoor air temperatures of both 
the upstairs and downstairs of a typical detached two-story house. The developed RC model is 
used to predict the overall mean indoor air temperature (average indoor air temperature of both 
floors) and the data-driven model is used to predict the temperature difference between the 
downstairs and upstairs. The separate temperatures in the downstairs and upstairs are achieved 
accordingly. 

Several major innovative aspects are involved in this study:  

1. First, this research provides a practicable and effective solution for prediction and control 
of the indoor air temperatures of downstairs and upstairs in two-story houses with open 
stairwells.  

2. Second, this research shows that the adopted black-box methods can efficiently and 
accurately predict the dynamic building thermal performance while, in most previous 
research, black-box models were used to estimate monthly electrical consumption 
estimation based on low-granularity data in residential homes.   



3. Third, the developed hybrid building thermal modeling approach can be easily applied in 
different scenarios, such as HVAC system operation monitoring, retrofit projects, and 
demand flexibility identification.   

4. Fourth, the performance of different black-box modeling methods is compared in detail 
based on the data from a real typical detached two-story house. 

The following sections in this paper begin with a description of the typical two-story house in the 
U.S. and the installed AC system. The natural convection phenomenon and developed hybrid 
modelling approach is then introduced in Section 3. In Section 4, the outline of gray-box model 
is described. The testing results, i.e. overall mean indoor temperature, and the corresponding 
accuracy are shown. It is followed by the development of black-box models in Section 5. The 
performance of different supervised machine learning techniques in terms of prediction accuracy 
and computation load is compared and discussed. The performance evaluation of the developed 
hybrid modelling approach is shown in Section 6. Lastly, the conclusions are drawn in Section 7.  

2. Description of a typical, detached, two-story house in the U.S. and installed 

AC system 

As shown in Fig.1, the reference building being modelled in this research is a typical, single-
family, detached house located in Knoxville, Tennessee. It was built in 2013 and is part of a 
large subdivision of similar homes built around the same time. The 2-story, 223 m2 (2,400 ft2) 
was built to meet the International Energy Conservation Code (IECC) 2006 [60]. The home 
energy rating score (HERS) value is a metric used to compare the expected energy use of 
different homes. The building being modelled in this paper achieved a HERS score of 92, which 
is 8% better than RESNET’s reference value of 100 (representing a 2004 IECC built home) [61]. 
Additional information can be found in [62]. 

  



Fig.1. A view of reference house in Tennessee 

The house was unoccupied to eliminate the uncertainty and variability introduced with human 
occupants.  However, the sensible and latent heat loads associated with occupancy were 
simulated using sensible heaters and ultrasonic humidifiers. These were run on a schedule to 
provide all sensible and latent internal gains (e.g., humans, lighting, cooking, appliance usage) 
based on the Building America House Simulation Protocol [63].  

The overall mean indoor air temperature is defined as the average of measured temperatures 
from two sensors which are located near the thermostats downstairs and upstairs respectively, as 
shown in Fig. 2 and Fig. 3. 

 
Fig.2. Thermostat at downstairs 

 
Fig.3. Thermostat at upstairs 

The air-conditioning system consists of a variable-speed heat pump, a fan-coil air handler with 
variable-speed blower, and a zoning system dividing the home into two zones (upstairs and 

Thermostat 
at downstairs



downstairs). The dampers used to control airflow by the zoning system can modulate their 
position between the fully-open and fully-closed positions. The position of the damper is 
reported by the zoning system as an integer between 0 and 15 (0 being fully-closed and 15 being 
fully-open), and these positions were used to determine the ratio of supply-air delivered to each 
zone.   
 

3. Natural convection between two floors and developed hybrid modelling 

approach 

 

Fig.4 Schematic of heat transfer between upstairs and downstairs in typical detached house in the 
U.S. 

 
As shown in Fig.4, for prediction of average indoor temperatures in the downstairs (Tin.1) and 
upstairs (Tin.2), both conduction (Qfl), heat transfer through the floor, and convection (Qst) in the 
open stairwell area need to be calculated. A number of studies have been carried out on the 
natural convection in a certain space. These studies can be divided into three types of methods:   

The first type is the empirical equation for natural convection. The research on the empirical 
equations of natural convective heat transfer can be divided into large space and limited space. In 
a large space, the heat transfer can be expressed in the following equations [64, 65]: 

𝐺𝐺𝐺𝐺 = 𝑔𝑔𝑔𝑔∆𝑡𝑡𝑙𝑙3

𝜈𝜈2
                                                                    (1) 

𝑁𝑁𝑁𝑁 = 𝐶𝐶(𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)𝑛𝑛                                                               (2) 
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where, Gr is Grashof number, g is acceleration of gravity, Pr is Prandtl number and Nu is 
Nusselt number (a measure of convection heat transfer at a surface), ∆𝑡𝑡  is the temperature 
difference to generate natural convection, C is coefficient which is relevant to the type of object. 
v is kinematic viscosity, l is characteristic length (stair area) 𝛼𝛼 is volume expansion coefficient. 

In the limited space, the air flow between two plates was investigated [66, 67]. The empirical 
equations of natural convective heat transfer were given as follows: 

Gr = 𝑔𝑔𝑔𝑔∆𝑡𝑡𝛿𝛿3

𝜈𝜈2
                                                                    (3) 

𝑁𝑁𝑁𝑁 = 𝐶𝐶(𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)𝑛𝑛(𝐻𝐻/𝛿𝛿)𝑚𝑚                                                        (4) 

For a vertical limited space, the equation can be expressed as follows:  

𝑁𝑁𝑁𝑁 = 0.197(𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)
1
4(𝐻𝐻
𝛿𝛿

)−1/9                                                     (5) 

where, δ is the width of the limited space and H is the volume expansion coefficient. 

As seen, the natural convection can be calculated through the above empirical equations. 
However, there are some inadequacies for these equations:  

1. They are used for air flow around an object, which is different from the research case in the 
current study.  

2. The solution of convection depends on the temperature difference, which is difficult to achieve 
in the current study. 

The second type is the experimental method. It is realized by carrying out experiments to 
measure the heat transfer between the downstairs and upstairs. However, it should be noticed that 
a large number of experiments should be conducted to construct the relationship between the 
natural convective heat transfer and the influential factors, which is not practical in our research 
project. 

The third type is the computational fluid dynamics (CFD) method. CFD is good at studying 
indoor air quality, natural ventilation, and stratified ventilation as they are difficult to predict by 
other methods [68]. Costa investigated the natural convection in the partially divided space, 
which approximated the second-floor of a house. The air temperature distribution and heat 
transfer can be calculated [69]. Jin et al [70] adopted a coarse-grid and fast fluid dynamics (FFD) 
technology to reduce the computing time and get an accurate result. However, the equations used 
in the CFD method, and even in the simplified FFD method, are very complex. Considerable 
input data and foreknown knowledge for each single house is needed for this “physical” 
modelling method, which makes it impractical for application in large-scale building thermal 
response and power flexibility identification.  

In general, obvious natural convection occurs when the indoor air temperature of downstairs is 
larger than that of upstairs. This dynamic and intermittent heat transfer along with mass transfer 
is hard to be described by a simplified building thermal model, e.g., RC gray-box model. But 



rather, the consideration of this phenomenon would probably lead to increase complexity of the 
model due to the underlying physics. 

Therefore, a black-box modeling method is more practical and promising for our research 
purpose. Qst is set as a function of the temperature difference between the downstairs and 
upstairs which is determined by the indoor heat gain difference, as shown in Eq. (6): 

𝑄𝑄𝑠𝑠𝑠𝑠 = 𝐹𝐹(∆𝑇𝑇) = 𝐹𝐹(𝑇𝑇𝑖𝑖𝑖𝑖,1 − 𝑇𝑇𝑖𝑖𝑖𝑖,2) = 𝐹𝐹′ �∆𝑄𝑄𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�  = 𝐹𝐹′(∆𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼,∆𝑄𝑄𝐴𝐴𝐴𝐴 ,∆𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,∆𝑄𝑄𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 )       (6) 

where, ∆Qgain is the heat gain difference between the downstairs and upstairs. ΔQIHL is the 
difference of sensible heat gains from indoor heat sources downstairs and upstairs (W). ΔQAC is 
the difference of cooling supply downstairs and upstairs (W). ΔQsolar is the difference of solar 
radiation through windows downstairs and upstairs (W). ΔQwall is the difference of heat 
conduction through exterior walls downstairs and upstairs (W). 

For the purpose of predicting indoor temperatures, Eq. (6) is further simplified into Eq. (7), in 
which the temperature difference between the downstairs and upstairs, instead of Qst, is predicted 
by identifying the relationship between temperature difference and heat gain difference by 
leveraging supervised machine learning algorithms. This is used in conjunction with a gray-box 
(i.e., RC model) method that is used to predict the overall mean building indoor temperature (i.e., 
(Tin,1+ Tin,2)/2). Using these two methods together allows for Tin,1 and Tin,2 to be determined. So 
far, a hybrid building thermal modelling approach is formed. 

               ∆𝑇𝑇 = 𝑇𝑇𝑖𝑖𝑖𝑖,1 − 𝑇𝑇𝑖𝑖𝑖𝑖,2 = 𝐹𝐹′ �∆𝑄𝑄𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�  = 𝐹𝐹′(∆𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼 ,∆𝑄𝑄𝐴𝐴𝐴𝐴 ,∆𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,∆𝑄𝑄𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 )                (7) 

It is worth noting that Tin,1 and Tin,2 are the equivalent average temperatures of the downstairs and 
upstairs respectively, which are measurements from individual sensors (Fig. 2 and 3). It is 
assumed that the temperature in each floor (zone) is uniform. 

In the reference building in this study, for the downstairs and upstairs, the areas of walls and 
windows in different orientations are almost the same. Therefore, the inputs for machining 
learning model can be reduced as shown in Eq. (8):   

   ∆𝑇𝑇 = 𝑇𝑇𝑖𝑖𝑖𝑖,1 − 𝑇𝑇𝑖𝑖𝑖𝑖,2 = 𝐹𝐹′ �∆𝑄𝑄𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔�  = 𝐹𝐹′(∆𝑄𝑄ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒,∆𝑄𝑄𝐴𝐴𝐴𝐴  )                     (8) 



 

Fig.5 Flowchart of the prediction process of equivalent average temperatures in downstairs and 
upstairs 

As shown in Fig.5, the flowchart exhibits how the indoor temperatures in the downstairs and 
upstairs are predicted by combining the results from the RC model and the black-box model. For 
gray-box model, net internal heat gain, weather data, and building properties are used as inputs. 
The black-box models, in which the supervised machine learning algorithms are leveraged, uses 
the net internal heat gain (ΔQIHL and ΔQAC), as inputs. The superscript k means the kth sampling 
time. 

The details of the RC model and black-box model as well as the corresponding required inputs 
and building information are elaborated in the following sections. 

4. Gray-box model for prediction of average indoor temperature 

In this section, the Gray-box model structure is introduced. The training and testing results of the 
RC model are then shown. Accuracy indices of mean average error (MAE) and root mean 
squared error (RMSE), are introduced to evaluate the model performance. 

4.1 Outline of mathematical model 

This gray-box model is used to predict the overall mean building indoor temperature, i.e. 
(Tin,1+Tin,2)/2. which are measured by individual sensors (Fig. 2 and 3). They represent the 
average temperature in each floor respectively. The schematic of the developed RC building 
thermal model is shown in Fig. 6. 
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Fig.6. Schematic of the simplified building thermal network model (4R4C) 

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

𝐶𝐶𝑤𝑤
𝑑𝑑𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡)

𝑑𝑑𝑑𝑑
= 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠,𝑤𝑤(𝑡𝑡)−𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡)

𝑅𝑅𝑤𝑤/2
− 𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑤𝑤/2
                                   (9) 

𝐶𝐶𝑖𝑖𝑖𝑖
𝑑𝑑𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑑𝑑𝑑𝑑
= 𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑤𝑤/2
+ 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
+  𝑇𝑇𝑖𝑖𝑖𝑖(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑖𝑖𝑖𝑖
+ 𝑇𝑇𝑎𝑎𝑎𝑎(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤
+ 𝐶𝐶1𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼 +

𝐶𝐶2𝑄𝑄𝐴𝐴𝐴𝐴 + 𝑄𝑄𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 + 𝑄𝑄𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  (10) 

𝐶𝐶𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 
𝑑𝑑𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑑𝑑𝑑𝑑
= 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠,𝑟𝑟(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
− 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
                             (11) 

𝐶𝐶𝑖𝑖𝑖𝑖 
𝑑𝑑𝑇𝑇𝑖𝑖𝑖𝑖(𝑡𝑡)

𝑑𝑑𝑑𝑑
= −𝑇𝑇𝑖𝑖𝑖𝑖(𝑡𝑡)−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)

𝑅𝑅𝑖𝑖𝑖𝑖
+ 𝐶𝐶3𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠                                      (12) 

Where, Tave is the average of Tin,1 and Tin,2. 

Cw, Cattic, Cim, and Cin are the equivalent overall thermal capacitances of exterior wall, air in attic, 
internal mass and indoor air respectively. Rw, Rattic, Rroof, Rim and Rwin are the equivalent overall 
thermal resistance of exterior walls, attic floor, roof, internal mass and windows respectively. All 
resistances and capacitances are assumed to be time-invariant.  



Building internal mass includes, interior partitions, furniture, etc. It absorbs solar radiation 
passing through the windows [71]. It is necessary to consider the building internal mass 
independently since the effect of building internal mass on cooling/heating energy consumption 
and indoor temperature is significant. The area of internal mass is difficult to calculate and thus 
assumed to be the floor area although the actual area of internal mass is larger than the floor area. 

QIHL sensible heat gains from indoor heat sources (W), e.g. human, equipment and lighting, 
which is approximated by adding the sum of circuits, i.e. the total electrical energy use for each 
electrical circuit in the house, on each level for the separate floor. The energy use of some 
circuits is not converted to heat inside the home such as the air conditioner, garage outlets, 
exterior lights, water heater (located in the garage), and the dryer (where most of the heat is 
vented outside).  The power use on these circuits was subtracted from the estimation of the 
internal heat load. QIHL is calculated from the following equations: 

𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼,1 = 𝑊𝑊ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,1 −𝑊𝑊𝐴𝐴𝐴𝐴,1 −𝑊𝑊𝑊𝑊𝑊𝑊,1 −𝑊𝑊𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,1 −𝑊𝑊𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔,1 −𝑊𝑊𝑒𝑒𝑒𝑒,𝑙𝑙,1 − 𝑠𝑠𝑠𝑠𝑠𝑠(𝑊𝑊𝑛𝑛,2)       (13) 

𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼,2 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑊𝑊𝑛𝑛,2)                                                                     (14) 

𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼 =  𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼,1 + 𝑄𝑄𝐼𝐼𝐼𝐼𝐼𝐼,2                                                                 (15) 

where, W is the power consumption (W). The subscripts house, AC, WH, dryer, garage and ex,l 
mean the whole house, AC, water heater, dryer, garage and exterior lights respectively. The 
subscripts 1 and 2 mean downstairs and upstairs respectively. The subscript n means the total 
number of circuits. QIHL is assumed to be known in this study and a model is required to predict 
it in future studies.  

QAC is the measured total cooling capacity (W) of the AC. For calculation of the separate QAC for 
each floor, i.e. QAC,1 and QAC,2, the damper positions, relative duct area, and maximum flow 
capacity in each duct are considered. 

Infiltration and mechanical ventilation loads are calculated based on Eq. (16) and (17).  The 
house being modelled is equipped with a fresh air ventilation system that operates continuously.  
Therefore, the heat transfer due to ventilation can be calculated based on the mass flow rate of air 
being exchanged, the specific heat capacity of air, and the temperature difference between the 
outdoor, fresh air and the indoor air.  Estimating the amount of indoor air that is exchanged with 
the outdoors due to leakage in the building or infiltration is extremely complicated.  A simplified 
approach is used instead, where the infiltration rate is assumed to scale linearly with the wind 
speed (available from weather data and forecasts).  A coefficient, i.e. Coew, is used to scale the 
wind speed to the infiltration rate and is estimated during the training process. 

𝑄𝑄𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 = 𝐶𝐶𝑝𝑝 ∙ 𝑉𝑉 ∙ 𝜌𝜌 ∙ (𝑇𝑇𝑎𝑎𝑎𝑎(𝑡𝑡) − 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡))                                                     (16) 

𝑄𝑄𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐶𝐶𝑝𝑝 ∙ (𝑇𝑇𝑎𝑎𝑎𝑎(𝑡𝑡) − 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡)) ∙ 𝐶𝐶𝐶𝐶𝑒𝑒𝑤𝑤 ∙ 𝑆𝑆𝑆𝑆                                               (17) 

where, V is the mass flow rate of air being exchanged (m3/s). ρ is the air density (kg/m3). Cp is 
the specific heat of air. Sp is the wind speed (m/s). 



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

𝑄𝑄𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝐹𝐹𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡)𝐼𝐼(𝑡𝑡)𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤,𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆                                                (18) 

where, I is the direct normal solar irradiance (W/m2). Awin,tot is the total window area (m2). SHGC 
is the solar heat gain coefficient of windows. Fwin is the area-weighted average of view factors of 
windows with different orientations, which are calculated using a solar calculator spreadsheet 
developed by NOAA [72]: 

𝐹𝐹𝑤𝑤𝑤𝑤𝑤𝑤(𝑡𝑡) = ∑ 𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤,𝑖𝑖
4
𝑖𝑖=1 𝐹𝐹𝑖𝑖(𝑡𝑡)
∑ 𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤,𝑖𝑖
4
𝑖𝑖=1

                                                (19) 

Subscript i indicates the orientations, i.e. east, south, west and north. Awin is the general area of 
window (m2). Fi is the view factor for windows with different orientations. 

One assumption in this research is that the available information is limited in terms of the 
number of measured points, e.g. only two indoor temperature data measurements available, and 
general properties of building materials. The effective heating/cooling gain coefficients C1, C2 
and C3 are therefore introduced as one main innovation. C1, C2 and C3 are used to adjust QIHL, 
QAC and Qsolar for unknown factors. All C1, C2 and C3 are assumed to be unknown and need to be 
identified by searching algorithm illustrated in Sub-section 4.2.  

For QIHL, the unknown factors include realistic sensible heat ratio (SHR) of internal loads (e.g., 
cooking often results in electrical energy being converted to both sensible and latent heat) and 
possible exhausted heat (e.g., range hood operation during cooking can reduce the sensible heat 
gain). For QAC, unknown factors include SHR with typical range of 0.6 to 0.8 and the installed 
inefficiencies such as long refrigerant lines, low indoor airflow, dirty coils, improper refrigerant 
charge, etc., which are estimated at 10-20%. For Qsolar, the unknown factors include window 
shading such as insect screens, blinds/curtains and external shading. 

It is assumed that C1QIHL and C2QAC are transmitted to indoor air directly by convection and 
C3Qsolar, is absorbed by internal thermal mass.  

The effects of solar radiation on exterior walls and the roof are considered by calculation of Tsol,w 

and Tsol,r respectively, which are the sol-air temperatures,  shown in the followings: 

𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠,𝑤𝑤 = 𝛼𝛼𝑤𝑤
ℎ(𝑡𝑡)𝐹𝐹𝑤𝑤(𝑡𝑡)𝐼𝐼(𝑡𝑡) + 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜                                               (20) 

𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠,𝑟𝑟 = 𝛼𝛼𝑟𝑟
ℎ(𝑡𝑡)𝐹𝐹𝑟𝑟(𝑡𝑡)𝐼𝐼(𝑡𝑡) + 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜                                                 (21) 

where, α is the absorption coefficient of wall and roof. Tout is outdoor dry bulb temperature (°C). 
h is convective heat transfer coefficient of roof and exterior wall surfaces (W/m2 K), which is 
calculated by the correlation between h and wind speed developed from ASHRAE Handbook 
[73]: 

ℎ = 𝑥𝑥𝑥𝑥𝑥𝑥 + 𝑦𝑦                                                             (22) 



where, x and y are the regression coefficients.  

Fw and Fr in Eq. (20) and Eq. (21) are the area-weighted averages of view factors of exterior 
walls and roofs with different orientations.  

where, Awall is the general area of each wall (m2). Fi is the view factor for walls with different 
orientations. Subscript j indicates the orientations, i.e. north and south, of roof.  

𝐹𝐹𝑤𝑤(𝑡𝑡) = ∑ 𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤,𝑖𝑖4
𝑖𝑖=1 𝐹𝐹𝑖𝑖(𝑡𝑡)
∑ 𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤,𝑖𝑖4
𝑖𝑖=1

                                                     (23) 

𝐹𝐹𝑟𝑟(𝑡𝑡) =
∑ 𝐹𝐹𝑗𝑗(𝑡𝑡)2
𝑗𝑗=1

2
                                                         (24) 

A comparison among Fr, Fw and Fwin in Sep 1, 2012 is shown in Fig.7 for illustration purpose. 

 

Fig.7 Comparison of view factors in a typical day in September 

In summary, three main data sources are required for RC model development. The weather data 
are assumed to be available from a weather station directly. The building properties are available 
from building plans or general estimations for calculation of solar radiation and sol-air 
temperature. The measured or estimated data include the whole house power, HVAC power, 
water heater power, dryer power and power use in unconditional spaces.   

4.2. Parameters identifications 

The searching process for optimal values of the undetermined parameters in this model is a 
nonlinear optimization process. Given a set of parameters, the gray-box model can predict the 
indoor air temperature (Tin) profile. An objective function is used to evaluate the fitness between 
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the predicted results and measured data collected from the reference building during the training 
period. The objective function J of such optimization is to minimize the integrated RMSE, as 
defined in Eq. (25): 

𝐽𝐽(𝑅𝑅𝑤𝑤,𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝑅𝑅𝑖𝑖𝑖𝑖,𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤,𝐶𝐶𝑤𝑤,𝐶𝐶𝑖𝑖𝑖𝑖,𝐶𝐶𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎,𝐶𝐶𝑖𝑖𝑖𝑖,𝐶𝐶1,𝐶𝐶2,𝐶𝐶3,𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤,𝐶𝐶𝐶𝐶𝑒𝑒𝑤𝑤) = �∑ (𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎,𝑎𝑎𝑎𝑎𝑎𝑎−𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎,𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)2𝑁𝑁
𝑘𝑘=1

𝑁𝑁−1
  

(25) 
where, Tave,act is the measured overall mean building indoor dry bulb temperature. Tave,simu is the 
result from the model. The parameters are identified by particle swarm optimization (PSO) 
method. PSO is a computational method that optimizes a problem by iteratively trying to 
improve a candidate solution with regards to a given measure of quality. It solves a problem by 
having a population of candidate solutions and moving these particles around in the search-space 
according to simple mathematical formulae over the particle’s position and velocity. The 
searching ranges for Cw, Cattic and all the R are referred to the recommended parameters values of 
buildings in zone 4 from IECC [60]. Cim can be assumed to a be in the range of 100 to 450 (KJ/K 
m2) [74]. The lower and upper limits for each R and C are 1/3 and 3 times of the estimated 
values respectively. The ranges of C1, C2 and C3 are estimated based on experiences.  

The model development is written and the PSO package is imported in RStudio [75], which is a 
free and open-source integrated development environment (IDE) for R. 

4.3. Training and testing results of the RC model 

In this sub-section, the data collected from the reference building in different consecutive time 
periods with various operation conditions, e.g. different schedules of AC indoor temperature set-
points, as well as different outdoor weather conditions are used for training and validating the 
RC model. The data collected from 4/21/2017 to 5/16/2017 (25 consecutive days) are used for 
training section and the data collected from 5/29/2017 to 6/14/2017 (17 consecutive days) are 
used for testing. 

The scheduled AC and heater set-points are listed in Table 1. 

Table 1 The scheduled AC and heater set-points for RC model development 
Day of the week Time heater/AC Set-points 

Monday 8:00 am to 4:00 pm 18.3◦C/26.7◦C 
4:00 pm to 8:00 am 21.7◦C/24.4◦C 

Tuesday 8:00 am to 5:00 pm 18.3◦C/26.7◦C 
5:00 pm to 8:00 am 20.6◦C/23.3◦C 

Wednesday 8:00 am to 5:00 pm 18.3◦C/26.7◦C 
5:00 pm to 8:00 am 19.4◦C/25.6◦C 

Thursday 8:00 am to 3:00 pm 19.4◦C/25.6◦C 
3:00 pm to 8:00 am 21.7◦C/24.4◦C 

Friday 8:00 am to 6:00 pm 19.4◦C/25.6◦C 
6:00 pm to 8:00 am 20.6◦C/23.3◦C 

Saturday Whole day 20.6◦C/23.3◦C 



Sunday 8:00 am to 10:00 pm 21.7◦C/24.4◦C 
10:00 pm to 8:00 am 20.6◦C/23.3◦C 

 

Tact is the measured overall mean indoor air temperature and TRC is the indoor temperature from 
the model for a 24-hour prediction horizon. The resulting parameters identified by PSO are: Rw = 
0.0134 K/W, Rattic = 0.0235 K/W, Rroof = 0.00156 K/W, Rim = 0.00171 K/W, Cw = 10,383,364 J/K, 
Rroof = 0.00156 K/W, Cattic = 704,168 J/K, Cim = 23,396,403 J/K, Cin = 8,665,588 J/K, C1 = 0.691, 
C2 = 0.784, C3 = 0.1, Rwin= 0.021 K/W and WinS = 0.01. 

 
Fig.7 RC model training results from April 21 to May 16, 2017 

 
The data collected from 5/29/2017 12 a.m. to 6/14/2017 12 p.m. are used for testing. The results 
are shown in Fig. 8. 

To quantify the deviations of the predicted data from the measured data in both training session 
and testing sessions, two indices are used to evaluate the deviations: MAE and RMSE: 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |𝑇𝑇𝐴𝐴𝐴𝐴𝐴𝐴(𝑡𝑡) − 𝑇𝑇𝑅𝑅𝑅𝑅(𝑡𝑡)|𝑛𝑛
𝑖𝑖=1                                        (26) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑇𝑇𝐴𝐴𝐴𝐴𝐴𝐴(𝑡𝑡) − 𝑇𝑇𝑅𝑅𝑅𝑅(𝑡𝑡))2𝑛𝑛
𝑖𝑖=1                                     (27) 

Table 2 Accuracy indices of the developed RC model 
Time Training/Testing MAE RMSE 

Apr 21 to May 16, 2017 Training 0.343◦C 0.456◦C 
May 29 to Jun 14, 2017 Testing 0.499◦C 0.619◦C 
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Table 2 lists the two accuracy indices of the developed model in training and testing sessions. It 
can be found that the developed RC model has satisfactory performance in prediction of the 
overall mean building indoor temperature under different scenarios. 

 

 
Fig.8 RC model testing results from May 29 to Jun 14, 2017 

 

5. Black-box models for predicting temperature differences between 
downstairs and upstairs. 

This section first introduces seven supervised machine learning algorithms. The black-box 
models are then built based on these algorithms to predict the temperature difference between the 
downstairs and upstairs. The prediction performance of these algorithms is shown and compared. 
Both MAE and RMSE are introduced to evaluate the prediction accuracy.  

5.1 Description of seven supervised machine learning algorithms  

Seven predictive methods are used for model development, i.e., Generalized Linear Models 
(GLM), support vector regression (SVR), artificial neural network (ANN), random forests (RF), 
gradient boosting trees (GBM), extreme gradient boosting (XGB) and light gradient boosting 
(LGB). These methods are selected based on their performance in previous studies and potentials 
in describing complex relationships. The first method, i.e., GLM, is used as the performance 
benchmark, as it is only capable of capturing linear relationships. The other six methods are 
suitable for discovering the underlying nonlinear relationships between model inputs and outputs. 
Four of them, i.e., SVR, ANN, RF and GBM, are relatively mature solutions and their 
performance has been validated in previous studies [43]. The other two methods, i.e., XGB and 
LGB, are relatively new techniques recently developed in the machine learning community [76, 
63]. XGB and LGB are improved versions of gradient boosting trees. They can better tackle the 
overfitting problem with higher computation efficiency [77].  
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5.2 Training and testing results of the black box models 

In this sub-section, the data collected from the reference building in different three consecutive 
time periods with various operation conditions, e.g. different schedules of AC indoor 
temperature set-points, are used to train and validate the black-box model in which seven 
supervised machine learning algorithms are leveraged.  

The data collected from 7/15/2017 00:00 to 7/20/2017 23:45 and 6/30/2017 00:00 to 7/7/2017 
23:45 are used for model training. The data collected from 7/25/2017 15:05 to 7/30/2017 23:05 
are used for model testing. The entire dataset is accordingly divided into training and testing data 
with proportions of around 70% and 30% respectively. 

In the Fig 9 and 10, the curves marked as “ΔTact” are the measured temperature differences 
between the downstairs and upstairs. ΔTGLM, ΔTANN, ΔTSVR, ΔTRF, ΔTXGB, ΔTLGB and ΔTGBM are 
the training results from the methods of GLM, ANN, SVR, RF, XGB, LGB and GBM 
respectively.  

 
Fig. 9. Training results from black-box models (1 of 2) 
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Fig. 10. Training results from black-box model (2 of 2) 

The corresponding respective AC indoor temperature set-points for downstairs and upstairs are 
also shown in Fig 11 and Fig 12. The curves marked as “Tset,1” and “Tset,2” are AC set-points of 
downstairs and upstairs respectively. The set-points of heaters are constants as 18.3◦C.  

 
Fig. 11. The indoor temperature setpoints in the training period (6/30/2017 to 7/7/2017) 
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Fig. 12. The indoor temperature setpoints in the training period (7/15/2017 to 7/20/2017) 

To ensure the model performance, 3-fold cross-validation is used for parameter optimization. 
Two parameters are optimized for developing SVR models with a radial basis function kernel, 
i.e., the complexity parameter C and the smoothing parameters sigma. The higher the C value, 
the more complex the SVR model. A large C may lead to more accurate training performance. 
However, it may also cause the over-fitting problem. The sigma controls the shape of the 
decision boundary, i.e., the larger the sigma, the more flexible and smooth the decision 
boundary. A three-layer architecture (i.e., one input layer, one hidden layer and one output layer) 
is used to develop artificial neural network models. The number of neurons at the hidden layer is 
optimized through cross-validation. In terms of the other four tree-based methods, the number of 
trees is defined as 100 for comparison purposes. The number of input variables considered for 
each tree splitting is the main optimization target for RF models. Two parameters, i.e., the 
interaction level and shrinkage, are optimized for GBM models. The maximum tree depth and 
the learning rate are optimized for XGB and LGB models. The optimization result is summarized 
in Table 3. 

In the Fig 13 and 14, the testing results from the seven different methods are shown. The 
corresponding respective AC indoor temperature set-points for downstairs and upstairs are also 
shown in Fig 15. The set-points of heaters are constants as 18.3◦C. 
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Fig. 13. Testing results from black-box models (1 of 2) 

 
Fig. 14. Testing results from black-box models (2 of 2) 
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Fig. 15. The indoor temperature setpoints in the training period (7/25/2017 to 7/30/2017) 

Table 3 Parameter optimization results 

Methods Parameters Values 

ANN No. of hidden neurons 20.00 

SVR 
C 10.00 

Sigma 0.23 

RF No. of candidate splitting variables 2.00 

GBM Interaction 3.00 
Shrinkage 0.10 

XGB Learning rate 0.10 
Max tree depth 6.00 

LGB Learning rate 0.10 
Max tree depth 7.00 

 

The prediction performance of each method is evaluated based on their prediction accuracy and 
the computation load. Table-4 summarizes the predication accuracy on the testing data and the 
computation time for model development. The prediction accuracy is also evaluated using 
RMSE and MAE.  

Table 4 lists the accuracy matrices of different methods. In terms of RMSE, The ANN and GBM 
have relatively poor performance when compared with other nonlinear methods. In terms of the 
computation time, GLM and ANN result in the shortest and longest computation time 
respectively. This is in accordance with domain expertise, as the computation time is 
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proportional to the complexity of model architectures and the number of model parameters. Two 
recently developed tree-based methods, i.e., LGB and XGB, have the smallest computation time 
among nonlinear methods. Both methods adopt a parallel way to tree development. In addition, 
LGB uses histogram-based algorithm to handle numeric variables and therefore, the resulting 
training speed is faster.  

Table 4 Prediction performance of seven black-box models on testing data sets 
Methods MAE     RMSE Computation time (s) 

GLM 0.547◦C 0.693◦C 0.003 
ANN 0.625◦C 0.768◦C 6.994 
SVR 0.541◦C 0.701◦C 0.260 
RF 0.438◦C 0.552◦C 0.261 

GBM 0.448◦C 0.575◦C 0.338 
XGB 0.392◦C 0.499◦C 0.207 
LGB 0.433◦C 0.551◦C 0.198 

 

6. Performance evaluation of the developed hybrid modeling approach 

This section shows the overall prediction results of the temperatures in respective floors are 
shown. The performance of the developed hybrid modelling approach is then evaluated. 

The RC model is used to predict the overall mean temperature in the black-box model testing 
period (7/25/2017 15:05 to 7/30/2017 23:05). The results are shown in Fig. 16. The MAE and 
RMSW are 0.435◦C and 0.56◦C respectively. 

The final results, i.e. the predicted average temperatures in respective floors, produced by RC 
model plus different black-box modeling methods are then calculated. For the sake of clarity, 
only the results from RC+ XGB are shown in the Fig. 17. T1,act  and T2,act are the measured 
downstairs and upstairs temperatures respectively. T1, XGB and T2, XGB are the predicted downstairs 
and upstairs temperature respectively. It is obvious that the predicted temperatures are quite 
closed to the real ones.  

The detailed accuracy indices of the developed hybrid modeling approach are listed in Table 5. 
The results from RC+XGB have the best accuracy. The average MAE and RMSE of RC+XGB 
are 0.510 and 0.641 respectively. 



 
Fig. 16. The predicted overall mean indoor temperature by RC model (7/25/2017 to 7/30/2017) 

 
Fig. 18. The predicted indoor air temperatures in respective floors by XGB+RC 

Table 5 Overall prediction performance of developed hybrid modeling approach 

Gray-box 
method 

Black-box 
methods 

Predicted average 
temperature in respective 

floors 

MAE        RMSE 

RC GLM T1 0.629 0.756 
T2 0.475 0.605 

ANN T1 0.584 0.724 
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T2 0.550 0.684 

SVR T1 0.592 0.724 
T2 0.507 0.647 

RF T1 0.553 0.676 
T2 0.491 0.626 

GBM T1 0.537 0.698 
T2 0.509 0.642 

XGB 
T1 0.518 0.643 
T2 0.502 0.638 

LGB T1 0.563 0.698 
T2 0.523 0.660 

 

 

7. Conclusion 

In typical existing detached two-story houses in the U.S., zoned AC systems (either through the 
use of dampers or two independent ACs) are used to achieve indoor thermal control in both the 
downstairs and upstairs. The ability to predict the respective indoor air temperatures of both the 
upstairs and downstairs is required to realize practical and efficient AC control. The traditional 
gray-box modeling method may not be able to predict the respective temperatures directly, since 
it is difficult to specify a comprehensive gray-box model to take into account the air mass 
movement and the corresponding heat transfer in the stair area due to natural convection.  

This inspires us to develop a creative and efficient hybrid modeling approach to realize accurate 
prediction of the indoor air temperatures of both the upstairs and downstairs. In this hybrid 
method, the developed RC model is used to predict the overall mean indoor air temperature and 
the data-driven model is used to predict the temperature difference between the downstairs and 
upstairs. The data from an in-situ typical two-story house are used to validate the proposed 
approach.  

Based on the testing results, the following conclusions can be drawn:  

1. Two accuracy indices showed that RC model has satisfactory performance, i.e. 0.499◦C of 
MAE and 0.619◦C of RMSE, in prediction of the overall mean building indoor temperature 
under different scenarios for a 24-hour horizon by using around 3 weeks’ data for training 
section. 

2. In terms of the testing results, the adopted seven black-box methods/supervised machine 
learning techniques have different prediction performance. The ANN and GBM have 
relatively poor performance when compared with other nonlinear methods. In terms of 
the computation time, ANN result in the longest computation time. Two recently 
developed tree-based methods, i.e., XGB and RF, have better accuracies than other 
methods. For instance, the MAE and RMSE of XGB are 0.399◦C and 0.499◦C respectively. 



3. The developed hybrid approach has excellent performance in prediction of average 
temperatures in downstairs and upstairs. For instance, the average MAE and RMSE of 
RC+XGB are 0.510 and 0.641 respectively. 

In general, this research provides a practicable, easy-to-use and effective solution for prediction 
and control of the interactive indoor air temperatures in downstairs and upstairs of two-story 
houses with open stairwell area. The resulted models are simpler, thus computationally tractable 
for calculation of the optimal control, e.g. MPC, for large system. It is worth noticing that some 
features in the developed approach can be promoted and directly applied in modelling of other 
houses in U.S.: 1. The first-order RC model structure which considers the non-homogeneous heat 
transfer features of exterior wall, roof and internal mass separately. 2. the identification method 
of the view factors in RC model. 3. The available data of AC cooling supply and sensible heat 
outputs from human and/or heaters in downstairs and upstairs. 

The research is part of a project named “Virtual battery-based characterization and control of 
flexible building”. The overall goal of the project is to optimally control building loads to behave 
as virtual storage to provide grid services, integrate more renewable generation and improve 
building operational efficiency while meeting the needs of building occupants. This work 
facilitates that aim by developing robust and accurate building thermal modeling method. 
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