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Abstract

A large amount of energy is wasted through inefficient operation of heating, ventilation, and air conditioning (HVAC) system
due to the lack of reliable building occupancy measurement and prediction. To mitigate this problem, an innovative change-point
logistic regression model is developed to provide an accurate forecast of building occupancy. A novel building HVAC control al-
gorithm is then developed by embedding the occupancy prediction model into the model predictive control (MPC) framework. The
occupancy-based MPC algorithm tries to minimize building electricity consumption and maximize building occupants’ comfort at
the same time. A penalty factor is introduced which allows building occupants to determine the optimal trade-off between com-
fort and energy efficiency. Numerical simulation results show that the proposed HVAC control strategy with real-time occupancy
prediction not only reduces electricity consumption but also improves building occupants’ comfort.
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1. Introduction

Buildings account for approximately 40% of the world’s energy consumption [1]. In the United States alone,
buildings are responsible for nearly 40% of the greenhouse gas emission and 70% of the electricity usage. Adoption of
energy efficient building controls can significantly reduce the greenhouse gas emissions and electricity bill for building
owners. In residential and commercial buildings, HVAC system, plug loads and lighting loads consume majority of
the electricity. In particular, HVAC systems account for around 50% of the total building energy consumption [2].
Given that more and more buildings are controlled by Building Automation System (BAS), one of the most effective
ways of reducing the energy consumption of the HVAC system is to improve the existing building control strategies.

MPC has been widely adopted in building HVAC system controls to improve the energy efficiency [3-7]. To
accommodate the weather uncertainty, stochastic model predictive control (SMPC) algorithm is proposed for building
climate control [8]. Building occupancy prediction is incorporated into a real-time MPC framework for HVAC system
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by using Hidden Markov Model based occupancy detection method [9]. In [10] and [11], building occupancy predicted
by using simple historical proportion method and inhomogeneous Markov chain are incorporated into the building
HVAC control algorithms. The effectiveness of occupancy based MPC algorithms have been demonstrated through
simulations. The simulation results in [12] have shown that a higher energy saving level can be achieved with more
accurate building occupancy prediction algorithm.

Nomenclature

R, Solar radiation on Wall i (W)

T our Temperature of outside air (°C)

Ty Temperature of Wall i (°C)

T oom Temperature of the room air (°C)

Cyi Thermal capacitance of Wall i (J/°C)

Cuir Thermal capacitance of the room air (J/°C)

Reai Thermal resistance of the conduction inside Wall i (°C/W)

Rev.our,i Thermal resistance of the convection between Wall i and the outside air (°C/W)
Revini Thermal resistance of the convection between Wall i and the room air (°C/W)
Oin Internal heat gain (W)

Cn Specific heat of the supply air (J/kg-°C)

m Mass flow rate of the supply air (kg/s)

Tsuppiy Temperature of the supply air (°C)

X State vector

D Disturbance vector

y(k) Occupancy state of a building at time interval k

Bo Intercept term in the logistic regression

B Coeflicient vector in the logistic regression

X Vector of covariates in the logistic regression

Y Response variable in the logistic regression

h Time index

Bi The ith coefficient in the logistic regression with change points

h; The ith change point

P Number of change points

Ny Number of data points in the testing dataset

Wenitier Electric power of the chiller (W)

Wtan Electric power of the fan (W)

CcopP Coeflicient of performance for the chiller

kfan Fan power constant

Wh Electric power of the HVAC system (W)

A Penalty factor (W/°C?)

T desire Desired room temperature (°C)

Upin Lower bound of the control variable u (J/kg-°C)

Upax Upper bound of the control variable u (J/kg-°C)

T nin Lower bound of the room temperature 7’ypn (°C)

T nax Upper bound of the room temperature 7,0, (°C)

Trs Center of Taylor series expansion for the room temperature 7, (°C)
Urs Center of Taylor series expansion for the control variable u (J/kg-°C)
K Total number of time intervals in the testing period

In this paper, an innovative building occupancy prediction algorithm based on logistic regression model with
change-points is proposed. The logistic regression model with change-points outperforms the historical proportion
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and inhomogeneous Markov chain model and yields lower forecast error. A novel energy saving control strategy for
the HVAC system is then proposed, which integrates the occupancy prediction model into the MPC framework. In the
proposed control strategy, a penalty factor can be adjusted by the building occupants to select the optimal trade-off
between energy efficiency and comfort. Simulations with real occupancy data are carried out to validate the proposed
control strategy.

The rest of the paper is organized as follows. Section 2 presents the system model including the building thermal
model and the occupancy prediction model. Section 3 describes the proposed control strategy. Section 4 presents the
simulation results and discussion. The conclusions are stated in Section 5.

2. System modeling
2.1. Thermal modeling of buildings

The primary heat storage elements of buildings are the walls, floor, and roof. The heat transfer processes have
three basic modes, i.e., conduction, convection and radiation [13]. In the building thermal model, the heat transfer
inside the walls is governed by the conduction. The heat transfer between the walls and the air is governed by the
convection. The solar heat gain from the sun is governed by the thermal radiation process. Treating the heat flow as
current, the temperature as voltage and the heat storage elements as capacitors, we can transform the building thermal
model into a resistor-capacitor (RC) circuit model. Many studies have been conducted on the configuration of RC
models [9,14-16]. We adopt a 2R1C model similar to the one presented in [14], which is simple yet accurate. In this

Wall i
Heat extracted

| 0.5Redi py he HVAC
Rs,i

Rcv,in,i

T, out
Cair 7

cv,out,i

I

Internal heat
gain Q,

Fig. 1. RC circuit of a single wall.

paper, we consider a single zone' building including four external walls, the roof and the floor, which is assumed to
be conditioned by a variable air volume (VAV) system with air handling unit (AHU). The modeling method can be
extended to more complex buildings with multiple zones. Fig. 1 gives the RC circuit that connects the solar radiation,
outside air, a single wall and the room air. Based on this RC circuit, we formulate the following equation to describe
the thermal dynamics of Wall i:2

dTw,i Tout - Tw,i Troom - Tw,i Rcv,out,i

Cyi = + + R, 1)
' dt Rcv,out,i + 0~5Rcd,i Rcv,in,i + 0~5Rcd,i Rcv,out,i + O-SRcd,i o

By combining the thermal dynamic equations of the external walls, the roof and the floor, the dynamic equation
for the room temperature can be derived as follows:

6

dTruom _ Tw,i - Troum .
Cair - ; m + Qin - Cshm(Troom - Tsupply) (2)

! A zone is an individual conditioned space which is controlled by one thermostat.
2 The wall temperature and the room air temperature are the average temperature of the wall and room air respectively. Wall 1 to Wall 4 represent
the four external walls. Wall 5 and Wall 6 represent the roof and floor.
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Fig. 2. Room temperature simulated from the simplified RC circuit model and EnergyPlus.

where Q;, denotes the internal heat gain. Cgy, 1 and 7,1, Tepresent the specific heat, mass flow rate and tempera-
ture of the supply air respectively. Note from equations (1) and (2) that the thermal model of the single-zone building
is a seventh order nonlinear system with multiple inputs. By defining the control variable u as the mass flow rate of
supply air 7z, the system equations can be expressed in the state-space as follows:

X =Ax+ f(x,u) + D 3)

where x = [Ty, 1, Ty, Trooml! is the state vector. D is the disturbance vector that contains solar radiation R;,,
outside air temperature 7,,, and internal heat gain Q;,.

Note that the disturbance vector D can be estimated in practice. For instance, the solar radiation can be predicted
through artificial neural network (ANN) techniques [17]. The outside air temperature can be forecasted on an hourly
basis by using Kalman filter [8]. The internal heat gain can be estimated from the nominal power of the electric
devices and the number of occupants in the building.

To validate the proposed building thermal model, we conducted simulations on MATLAB and compared our results
with that of EnergyPlus [18]. The test building model has a dimension of 10m x 10m x 3m which is assumed to be
located in Riverside, California. The weather information is derived from [19]. The thermal resistances and thermal
capacitances in the proposed model are calculated from the corresponding parameters set in the EnergyPlus such as
the wind speed, the materials, the thickness of the walls, etc. Fig. 2 gives the simulated room temperatures of the
proposed model and EnergyPlus. The simulated temperature time series from the simplified RC circuit model closely
track that of the EnergyPlus model. This observation demonstrated the validity of the simplified thermal model of the
test building.

2.2. Occupancy prediction

In this paper we propose a novel statistical model to predict the probability of a building being occupied at certain
time. Define y(k) as the occupancy state of a building at time interval k. If the building is occupied at time interval
k, then y(k) = 1, otherwise y(k) = 0. Denote the probability of y(k) = 1 as P(y(k) = 1). Thus our goal is to predict
P(y(k) = 1). Since the occupancy state is a binary variable, we propose a logistic regression model with change-points
to characterize the statistical properties of the historical data and predict the future occupancy states.

The logistic regression model is a generalized linear regression model which is widely used for the analysis of
binary data. Its basic form is given as follows [20]:

logit(p(x,)) = ln(%> = Bo + B x, @

where p(x.) = P(Y = 1|x.), logit is the link function that transforms the probability p(x.) into a linear regression,
and [n denotes the natural logarithm. Then,

o0+B7 X, 5
P(Y = l|x,) = o i 5
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Fig. 3. Probability of occupancy calculated based on the simple proportion method.
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Fig. 4. Logit of occupancy probability versus time index.

where f is the intercept. B denotes the coeflicient vector. x. represents the vector of covariates and Y is the

response variable.

In this application, the response variable is y(k) and there are two covariates. Note that building occupants’ behavior
is strongly dependent on time of the day. For instance, people tend to stay at home during the evening, and be away
from home during the day. Thus, we select the time index £ that corresponds to y(k) as the first covariate. Suppose
there are H time intervals in a day, then the time index % represents the Ath time interval of the day. The relationship
between h and k is formulated as:

H, mod(k,H) =0
| modk, H), mod(k, H) < H

(6)

y(k — 1) is selected as the second covariate because the occupancy state at time interval k is highly correlated with
the occupancy state at time interval kK — 1. We extend the conventional logistic regression model by adding change-
points of time index as additional covariates to model the nonlinearity of the logit function logit(p(x.)). The proposed
occupancy prediction model can be formulated as follows:

P
g, y(k = 1)) 2 By + Bih + Bay(k = 1) + ) Bua(h = hi), )
i=1

8(y(e=1)

P(y(k) = 1|k, y(k — 1)) = T+ sl )
where ; denotes the ith coefficient. h; represents the ith change point. p is the number of change points and
(h = hj)y = max(0, h — h;).

To validate the effectiveness of the proposed model in occupancy prediction, 73 days of occupancy data are col-
lected from a low-income residential house in San Antonio, TX [21]. The length of each time interval is 15 minutes.
There are 96 time intervals in a day and & = 1,2,---,96. Given that the occupancy pattern of weekdays generally
differs from that of weekends, the data are separated into two groups, i.e., weekdays (53 days in total) and weekends
(20 days in total). For validation purpose, we only consider the occupancy prediction for weekdays. The case of
weekends can be analyzed similarly. The weekday data are then divided into two sets, i.e., training dataset (30 days in



272

Jie Shi et al. / Energy Procedia 111 (2017) 267 — 276

0.35 T T T T T T T T T

HOGRO000D00anoNoCD

Tl
< Q
= " *  Logit model
0.25 Simple proportion| |
© Markov chain
t+]
0‘2 1 L 1 L L 1 1 L Il ) L
0 8 16 24 32 40 48 56 64 72 80 88 96

time interval

Fig. 5. MAE of the occupancy prediction methods.

total) and testing dataset (23 days in total). Fig. 3 shows the occupancy probability calculated by the simple propor-
tion method and Fig. 4 shows the corresponding logit versus time index based on the training dataset. Three change
points of the time index are introduced to fit the nonlinear logit function shown in Fig. 3. The optimal combination of
change points (44, 56, and 68) and the coefficients of the model covariates are estimated with the maximum likelihood
method. Detailed discussion of the maximum likelihood estimation method can be found in [22].

The implementation of multi-period model predictive control requires multi-period ahead occupancy forecasts.
In this study, multi-period ahead occupancy forecasts are made by iteratively applying the one-period ahead model
represented by equations (7) and (8). It should be pointed out that y(k — 1) is updated with the predicted occupancy
probability of previous time interval during the iterative process. We conduct the rolling forecast of occupancy states
from one time interval ahead to 96 time intervals (one day) ahead prediction on the testing dataset. The rolling forecast
approach makes use of fixed windows of data to re-estimate the model parameters when new data become available.
The accuracy of the forecast model is evaluated by the mean absolute error (MAE) metric:

s+N;—1

D PG = D= y(K)|

k=s

®
MAE =

Ny

where s is the first time interval being predicted and Ny is the number of data points in the testing dataset. As a
comparison, we also carry out the same forecasts by using the simple proportion [10] and the inhomogeneous Markov
chain methods [11]. Fig. 5 gives the forecast results of all the three methods. The numbers on the horizontal axis
represent the corresponding time intervals ahead prediction, e.g., 10 represents ten time intervals ahead prediction. It
is shown that the proposed logistic regression model with change-points generally outperforms the other two methods.
In addition, for the first three time interval ahead predictions, both the new method and Markov chain perform much
better than the simple proportion method.

3. Control strategy

In this section, a novel occupancy-based HVAC control strategy is developed by embedding the occupancy predic-
tion algorithm into the MPC framework. The objective of the proposed control strategy is to minimize both electricity
consumption and the expected occupants’ discomfort. Compared with the existing methods, the proposed control
framework allows the room temperature to exceed the predefined comfort zone when the probability of presence is
very low. The key idea behind the proposed control strategy is that significant reduction in electricity consumption
can be achieved by relaxing the temperature constraints when the room is not expected to be occupied.

Let us first derive the electricity consumption of a HVAC system. In the cooling season, the chiller and the supply
fan are responsible for the majority of the electricity consumed by a HVAC system. The following two questions
describe the relationships between the electricity consumptions of the chiller, the fan and the mass flow rate of supply
air u [3,23]:

ucsh(Tour - Tsupply)
CoOP

Wenitier = (10)
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Wfan = kfanbl (1 1)

where COP is the coefficient of performance for the chiller and &, is the fan power constant.
The proposed building HVAC control strategy is formulated as follows:

fo+w
min Wi + APY(t) = D(Troom — Taesire)*dt
u fo

st. x=Ax+ f(x,u)+ D
Upin < U < Upgx (12)
Tmin < Tr(mm < Tmax

ucsh (Tout - Tsupply)

Wy = kgt +
= Bt coP

where w denotes the prediction horizon. Wy represents the power of the HVAC system. A denotes the penalty
factor and T,y is the desired room temperature. The first term in the objective function represents the electricity
consumption of the HVAC system. The second term in the objective function represents the weighted expected
discomfort of the building occupants. The room air temperature 7,,, and the control variable u are constrained
within the predefined bounds. It should be pointed out that A and Ty are set by the building occupants according
to their preferences. In fact, AP(y(f) = 1) in (12) can be seen as the weight put on the comfort against the electricity
consumption. If the occupants care more about their comfort than the cost of electricity, then a relatively large A
should be selected. Otherwise, a smaller A should be selected to achieve lower electricity cost.

Note that the proposed control strategy can easily satisfy customers’ needs to control the room temperature within
the comfort range all the time. By setting A to zero and replacing the room temperature bounds [7,in, T max] With the
comfort zone, the proposed control strategy can be reduced to the MPC discussed in [4,7,23].

It is extremely difficult to obtain the analytical form of the optimal control strategy from the nonlinear optimization
problem given above. Instead, we adopt the sequential quadratic programming (SQP) approach in [24,25] to find a
numerical solution. The basic idea of SQP is using the Taylor series to transform the original nonlinear optimization
problem into the quadratic programming (QP) problem and solve the QP problems iteratively until the solution con-
verges. Details of the SQP approach can be found in [24]. In practice, the control signals of the HVAC are given in
a discrete manner. Therefore, the original system is discretized by using the zero-order hold with an hourly sampling
frequency, which is widely applied in building simulation studies [3,11,25]. Then the original nonlinear optimization
problem is transformed into the following discrete quadratic programming problem:

to+N—-1
m“in Z {WH(n) + /U’()’(n) = 1)[Troom(n) - Tzlesire]z}

n=ty

st. x(n+1) = Agx(n) + Byu(n) + HyD(n) + g(T7rs (n), urs (n))
Umin < u(n) < Umax
Tmin < Troom(n) < Tmax

u(”)csh(Tout(n) - Tsupply)
COP

Wi (n) = kfanlurs () + 3urs (n)*[u(n) — urs (n)] + Surs (W[un) — urs ()1} +

where N is the prediction horizon. A;, B; and H, are the coefficient matrices for the discretized system. Trg(n)
and urg (n) are the centers of Taylor series expansion for the room temperature and control variable. g(Trs (n), urs(n))
is the residual term. This QP problem can be solved by software packages such as YALMIP [26]. We start the
computation process by setting initial values of T7s(n) and urg(n). Then the QP problem described by equations
(17)-(21) is solved iteratively until the convergence condition is met. In this study, the algorithm terminates when the
change in the values of Trg(n) and urs (n) between two iterations are less than 1%.
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4. Simulation results and discussion
4.1. Simulation results

To validate the proposed control strategy, numerical simulations are carried out on the test building and the oc-
cupancy dataset discussed in Section 2. The comfort zone is set to be [20 °C,24 °C] and the room temperature is
constrained within [18 °C,28 °C]. The desired temperature is chosen as 22 °C.

A comprehensive performance comparison is conducted between the proposed occupancy-based HVAC control
and the traditional MPC algorithm. Note that both the proposed control strategy and the traditional MPC algorithm
can be categorized as receding horizon control strategies. In other words, although an optimal trajectory of control
variables is determined at time ¢ for horizon [,z + w], only the first step of the control strategy is implemented. In
the MPC framework, the occupancy prediction horizon keeps being shifted forward and updated control strategies
keep being generated. Fig. 6, 7 and 8 depict the simulation results with the occupancy data of the first day. It can be
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Table 1. Performance comparison

MPC A=150 A =230 A =330 A =450
DI-I 4349 4737 2745 1681 1092
DI-II 123.7 365.4 122.2 37.6 14.0
Average power [Watt] 1807 1447 1660 1841 1984

seen from Fig. 6 that the room temperature under the traditional MPC scenario is tightly controlled within the given
comfort zone regardless of the building occupancy state. On the contrary, the room temperature under the proposed
control strategy can exceed the upper bound of the comfort zone during periods when the probability of the building
being occupied is very low. The penalty factor A determines the optimal trade-off between energy efficiency and
comfort. A building occupant who cares more about energy efficiency will select a smaller 4. As shown in Fig 6,
this allows the temperature to exceed the upper bound of the comfort zone even when the building is expected to be
occupied. As A increases, more weight is put on occupants’ comfort and the electricity consumption of the HVAC
system also increases.

To quantify the improvement of the proposed building HVAC control strategy over the traditional MPC, two dis-
comfort indices are introduced as follows:
Discomfort index I (DI-I):

s+K-1

DI-I = Z y(k)(Troom(k) - Tdesire)2 (14)
k=s

Discomfort index II (DI-II):

s+K-1
DIl = Z y(k) & Dis(k),
k=s
Tr(mm(k) - 24, Tr(mm(k) > 24 (15)
ADis(k) = § 20 — Trpom(k), Troom(k) <20
0, else

where s is the first time interval in the testing period and K is the total number of time intervals in the testing period.
DI-I and DI-II are two discomfort indices for the building occupants. In order to quantify the energy efficiency of the
two control strategies, the average power consumptions by the HVAC system are calculated. The performance metrics
of the traditional MPC and the proposed control strategy with different penalty factors are shown in Table 1. As the
penalty factor for discomfort A increases, the discomfort indices decrease and the electricity consumption increases.
The proposed building HVAC control with real-time occupancy prediction clearly outperforms the traditional MPC
algorithm. By setting A at around 230, the proposed algorithm not only saves more than 8% of electric energy but also
makes the building occupants more comfortable.

4.2. Discussion

Most of the existing HVAC control systems do not consider occupancy information. In this work, we propose a
novel control strategy that incorporates the logistic regression based occupancy prediction into the MPC framework.
The simulation results show that, by adopting the proposed control strategy, the electricity consumption of HVAC
system can be reduced by 8%. Moreover, the overall comfort for the building occupants can also be improved by
selecting an appropriate penalty factor.

5. Conclusions

A novel energy saving control strategy for building HVAC system is proposed by embedding the occupancy pre-
diction algorithm into the MPC framework. A logistic regression model with change-points is proposed to forecast
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the building occupancy state. The proposed forecasting algorithm outperforms the simple proportion method and
the Markov Chain algorithm. Numerical simulations are carried out to investigate the effectiveness of the proposed
control strategy. The simulation results show that the real-time occupancy based building HVAC control algorithm
not only improves the building occupants’ comfort level but also reduces the electricity consumption.
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