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Abstract—Thermostatically controlled loads (TCLs) are 
one of the best candidates to participate in the direct load 
control (DLC). However, few attentions are given to the 
parameters optimization of the TCLs control system, due 
to the complexity of the TCLs’ dynamics. In this paper, the 
parameters of the feedback control system based on the 
direct compressor control mechanism (DCCM) are opti-
mized using the modified state-queuing (SQ) model, which 
can well characterize but greatly simplify the dynamics of 
the TCLs. The simulation results verify the effectiveness of 
the proposed method. 
 

Index Terms—Control parameters optimization, the di-
rect compressor control mechanism, genetic algorithm. 

I.  INTRODUCTION  

ECENTLY, the direct load control (DLC), which is    
a kind of simple and practical way of load man-

agement, has received wide public concern. It is well 
known that the DLC is used mainly for reducing the 
demand of the peak load, shifting the load, or meeting 
the requirements of reliability [1]. With the development 
of the smart metering and high-speed communication 
technologies, the power consumption of the end-use 
appliances can be directly monitored and controlled 
through DLC and at the same time, the control means 
become more and more diversified. 

Among all the end-use appliances which participate in 
the DLC, the most suitable appliances should be ther-
mostatically controlled loads (TCLs), such as refrigera-
tors, freezers, and water heaters. Because these loads can 
store thermal energy like batteries, and temporarily shut-
ting down these loads would not cause much inconven-
ience to residents [2]. 

According to different mechanisms of TCLs partici-
pating in the DLC, the control methods can be mainly 
categorized into direct form [1], [3]-[5] and indirect 
form [2], [6]-[9]. The direct form means that the on/off 
states of the compressor in the TCLs are directly con-
trolled to regulate the power. This form is also called the 
direct compressor control mechanism (DCCM) [10]. 
While in the indirect form, the parameters of the TCLs, 
such as the temperature set-points and the switch cycles 
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of the TCLs, are indirectly controlled to regulate the 
power. If the parameters are the temperature set-points, 
this mechanism is also called thermostat set-point con-
trol mechanism (TSCM) [10]. The DCCM and TSCM 
can also be combined together to achieve better perfor-
mance [10].  

Though all sorts of methods are designed to control 
the TCLs, very few attentions have been given to the 
parameters optimization of the TCLs control system. 
One of the important reasons is that it takes a long time 
for simulation due to the complexity of the aggregate 
TCLs model. 

So far there are some modeling approaches that can be 
applicable to the TCLs control system. The simplest one 
is the reduced-order linear time-invariant (LTI) model 
[11]-[13], which models the aggregate TCLs with a 
transfer function in order to simplify the TCL model. 
The LTI model can be used for the TCL controller pa-
rameters optimization. However, the LTI model is only a 
transfer function of the power and temperature. Thus it 
is only suitable for the TSCM, but is impossible for the 
DCCM. The recently proposed state-queuing (SQ) model 
is easier for extension compared with LTI model. It is 
used in characterizing the dynamics of large TCLs pop-
ulations in many research works [7] [14]-[16]. However, 
to the best of our knowledge, the SQ modeling approach 
has not been used for parameters optimization of the 
TCLs control system. In addition, the traditional SQ 
model is not accurate enough according to the previous 
study [15]. 

To fill this gap, this paper puts forward a method for 
the controller parameters optimization of TCLs based on 
the modified SQ model. This paper is also an extension 
of our previous work [15]. This paper puts the modeling 
method [15], which proposes a modification method for 
improving the accuracy of the SQ model, into the appli-
cation. Compared with [15], this paper makes the fol-
lowing progress: a) Considering close-loop control of 
TCLs based on DCCM, and b) Optimizing the control 
parameters based on genetic algorithm (GA). 

The remaining of this paper is organized as follows: 
In Section II, the SQ modeling approach and the modi-
fied SQ model are presented. In Section III, the parame-
ters optimization using the SQ model is provided.  
Testing results are analyzed in Section IV. Finally, con-
clusions are summarized in Section V. 
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II.  THE STATE-QUEUING MODELING APPROACH 

This section reviews the Equivalent Thermal Parame-
ter (ETP) model of the individual TCLs, and further re-
views the SQ modeling approach as well as the modified 
SQ modeling approach. Compared with the traditional 
SQ model, the modified SQ modeling approach can im-
prove the accuracy of the SQ model. 

A. Modeling of the Individual TCLs 

Most TCLs should be periodically switched on and off 
with the purpose of maintaining the internal temperature 
in a predefined range, as shown in Fig. 1. The dynamics 
of individual TCLs can be represented by the ETP model. 
The discrete form of the ETP model for a single TCL 
can be written as [4]-[6], [10], [17]-[18]: 
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where t is the time step, Ti is the inside air temperature, 
Ta is the ambient temperature, Δt is the time step size, R 
is equivalent thermal resistance, C is equivalent heat 
capacity, Q is equivalent heat rate which is positive for 
the cooling mode and negative for the heating mode. w 
is a discrete variable which reflects the on/off states of 
the TCL (0 for off, and 1 for on). T– and T+ are the lower 
and upper limits of the inside temperature, and are usu-
ally determined by the temperature set-point and the 
dead-band ΔT (T–=Tset–0.5ΔT and T+= Tset+0.5ΔT) [5]. 
Note that though the accuracy and simplicity of the indi-
vidual TCLs model, modeling the aggregate dynamics of 
large numbers of TCLs is not easy work due to the 
heavy computational burden. 
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Fig. 1.  The operating cycles of an individual TCL (in the cooling 
mode) 
 

B. SQ Modeling Approach 

To effectively model the aggregate dynamics of large 
numbers of numerous TCLs, SQ modeling approach is 
proposed [7], [16]. To implement the SQ modeling ap-
proach, the normalized temperature dead-band is divided 
into Noff and Non intervals for both power-on and pow-
er-off states, as shown in Fig. 2. Let xi(k) denote the 
number of TCLs in state i at time step k. Then a state 
vector X(k)=[x1(k), x2(k), …, xN(k)] can be constructed to 
represent the aggregation of the TCLs. The time 
-depended variation of X(k) can be depicted by a state 
transition process, which can be represented by: 

( 1) ( )+ = ⋅k kX X P             

 

(3) 

where P is a N×N transition matrix. The number of states 
N= Noff+Non decides the size of the P matrix. According 
to the existing research works, we assume the Noff and 
Non to be 20 [5] in the following examples if there is no 
special statement. 
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Fig. 2.  The states of the SQ model (for the cooling devices) 

 
 

For the TCLs with heterogeneous parameters, the P 
matrix can be derived by the Monte Carlo method [10]. 
The Monte Carlo method randomly creates a fleet of 
TCLs in a starting state. Based on the individual TCLs 
model, these TCLs’ ending temperatures can be calcu-
lated, according to which the TCLs can be mapped into a 
number of ending states. Then the transition probabili-
ties from the starting state to the ending states can be 
obtained. 

To show an example of Monte Carlo method, we take 
State 1 as the starting state, and define uniformly dis-
tributed normalized temperatures for all the TCLs. At the 
next time step (one time step later), the ending tempera-
tures of these TCLs can be calculated by (1). And the 
probability density is shown in Fig. 3. From Fig. 3(b) we 
can get the transition probabilities from State 1 to other 
states. Similar process can be taken to get transition 
probabilities from State 2-N to other states. Then the 
complete P matrix can be obtained. 
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Fig. 3.  An example of using the Monte Carlo method to get transition 
probabilities. (a) The probability density of the starting temperatures. 
(b) The probability density of the ending temperatures. 

C. The Modified SQ Modeling Approach 

Though the SQ modeling approach is computationally 
efficient, it is not accurate enough in characterizing the 
aggregate dynamics of TCLs. 

The fundamental reason lies in that the aggregate 
TCLs do not exactly have the Markov property, which is 
the basic condition for the Markov-chain like modeling 
approach, such as the SQ modeling approach which is 
based on the transition matrix. Markov property requests 
that the future state X(k+1) depends only upon the pre-
sent state X(k), and does not depend on the past (e.g. 
X(k−1)). However, the aggregate TCLs do not exactly 
have the Markov property according to [15]. More de-
tails about the Markov property analysis of the aggregate 
TCLs refer to [15]. 

To fill this gap, a modified SQ modeling approach is 
proposed in [15] to improve the accuracy of the SQ 
model. In the modified SQ modeling approach, the tran-
sition matrix is modified by 

       ' = ⋅P P M                    (4) 
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where P is the originally derived transition matrix and M 
is the modification matrix. To maintain the total number 
of TCLs consistency, the sum of the elements of each 
row of M should be 1, according to which the following 
relationship can be obtained: 

( )1 1+ − =a N b               (6) 

The parameter a can be determined by the optimiza-

tion method [15]. After a is determined, the M matrix 
can be derived through (5) and (6). Then the transition of 
the states can be updated as following: 

( 1) ( ) '+ = ⋅k kX X P              (7) 

To testify the effectiveness of the modified SQ model, 
we parameterize 25000 TCLs using the parameters in 
Table I. The P matrix can be obtained, and the values of 
a and b in the M matrix is calculated to be 0.9993 and 
1.8×10-5, respectively. For comparison, the individual 
TCLs model is taken as the benchmark to testify the 
accuracy of the other two SQ models (SQ model and 
modified SQ model). The simulation results are shown 
in the Fig.4. From Fig.4 it can be observed that the mod-
ified SQ model can more accurately characterize the 
aggregate dynamics of the TCLs.  

TABLE I 
 THE PARAMETERS OF THE TCLS 

Parameter Mean value* 
Relative standard deviation 
(RSD) of normal distribu-

tions 
Tset 20°C 0.15 
ΔT 0.625°C 0.15 
Ta 32°C 0 
R 2°C/kW 0.15 
C 2 kWh/°C 0.15 
Q 14kW 0.15 
η 2.5 0 

*The mean value of the TCLs’ parameters refers [5] 
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Fig. 4.  The simulation results with different models 

III. THE PARAMETERS OPTIMIZATION USING THE SQ 
MODEL 

In this section, the feed-back control system of TCLs 
is developed and the SQ-model-based optimization 
technique is proposed to improve control performance of 
the TCLs. 

A. The TCLs Control Method in the DLC 

The overall structure of the TCLs control method is 
shown in Fig. 5(a). The overall control framework is a 
centralized architecture which is based on the two-way 
communications between the control center and the in-
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dividual TCLs. The central controller meters all or a 
subset of the TCLs to estimate the states of TCLs in real 
time [5].  

The DLC of the TCLs is to trace the aggregate power 
of the TCLs to a reference control signal, which is gen-
erated according to a desired load profile. The reference 
control signal can be co-optimized with other resources 
in the day-ahead scheduling, in order to minimize the 
operation costs and satisfy the temperatures limitations 
of the TCLs. Due to the page limits, this paper does not 
discuss much about the determination of the reference 
control signal. More details on determining the reference 
control signal can be found in [19]. 

To trace the reference control signal, the aggregate 
power of the TCLs is selected as the feedback signal and 
then is subtracted from the reference control signal, in 
order to get the error signal Perror. After computed by the 
controller, a control signal ucontroller is generated and sent 
to individual TCLs. 

For different control mechanisms, the forms of the 
ucontroller are different. In the TSCM, the ucontroller is the 
temperature set-point of the TCLs. This paper is based 
on a DCCM namely broadcasting control mechanism [5], 
in which ucontroller is transformed into the switching 
probability of the TCLs. 

The details of the broadcasting control mechanism is 
shown in Fig.5 (b). When the control signal ucontroller is 
computed, it is transformed into the switching probabil-
ity sp of TCLs according to the available TCLs. When 
ucontroller>0, sp is a switching-on probability, and sp can be 
computed by sp= |ucontroller/Poff|. On the contrary, when 
ucontroller<0, sp is a switching-off probability, and sp can be 
computed by sp=|ucontroller/Pon|. Poff and Pon are the total 
power of the available TCLs in the off state and the on 
state, respectively. After sp is generated, it is broadcasted 
to all TCLs. 

When each TCL receives sp, it should firstly deter-
mine whether sp is in accordance with its current state 
(switching on/off probability for on/off state). And then 
it generates a random number between 0 and 1 to deter-
mine whether it should be switched. If the random num-
ber is smaller than sp, it is switched, and vice versa. 

By this way, an approximate desired power of the ag-
gregate TCLs can be obtained. 

When modeled by the SQ model, the state vector X(k) 
is modified according to sp at each time step. If sp>0, the 
state vector can be modified by Xʹ(k)=[(1-sp)x1(k), 
(1-sp)x2(k), … , xN(k)+spx1(k)], and vice versa. 
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Fig. 5.  The structure of the TCLs control method in the DLC 

 

Besides the control mechanism, the central controller 
is also very important to the overall control performance. 
In most cases, the error signal is directly selected as the 
control signal of the TCLs [4]-[7], [10] since the error 
signal reflects the gap between the desired and actual 
power. Such method works well by simulation under 
ideal conditions. However, it faces problems when con-
sidering a comparatively large controller delay and a 
controller sampling period. 

The aggregate dynamics of the TCLs is very close to a 
second order system [6] [13]. And the Proportional- In-
tegral (PI) controller has a good performance to stabilize 
the second order delay system (a second order system 
with pure delay) [20]-[22]. So in this paper, the PI con-
troller is adopted. The discrete time model of the PI con-
troller can be expressed by: 

 controller P error I error
0

( ) ( ) ( )
=

= + ∑
k

i
u k K P k K P i     (8) 

where Perror is the error signal, Kp and KI are the parame-
ters of the PI controller. In this paper, Kp and KI are de-
termined based on the optimization technique, which is 
introduced in the next subsection. 

B. Parameters Optimization based on the Genetic Algo-
rithm (GA) 
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The SQ model is used herein to optimize the control 
parameters of the TCLs control system. 

For the tracing control system, the objective is to keep 
the tracing error as small as possible. Therefore, in our 
problem, the objective function can be formulated as the 
integrated square error (ISE) of the aggregate TCLs’ 
power: 

( )2
error0

Min       ( ) d∫
T

P k t          (9) 

The optimization consider a steady-state initial condi-
tion of the TCLs suffering from a step change of the 
reference signal. Based on the objective function (9), the 
optimization can be implemented. In our problem, the 
task of the optimization is to find the best values of the 
parameters Kp and KI, so that the objective function (9) 
is minimized. However, the objective function (9) is a 
nonlinear function which may make the optimization 
problem ill-conditioned and multimodal, and traditional 
optimization methods (e.g. Gradient-based methods) 
may have difficulties in achieving a satisfactory solution 
[23]. In this paper, GA is adopted to solve this optimiza-
tion problem. 

The GA is a modern robust optimization technique 
based on the principles of evolution. Different with tra-
ditional optimization methods, the GA has better global 
optimization ability regardless of the gradient infor-
mation of the objective function. In most instances, the 
stability can be guaranteed with a properly defined ob-
jective function. These features enable GA to be used in 
various fields and solve different kinds of complicated 
problems [24]. 

The key idea of the GA-based optimization for deter-
mining the parameters can be summarized as following: 

Step 1: Initialize the parameters. In a predefined range, 
generate a set of random values of the parameters. 

Step 2: Calculate the objective function. Find the best 
values of the parameters in the set (these values of the 
parameters may lead to smaller value of the objective 
function). 

Step 3: Generate new parameters. According to the 
best values of the parameters, a new set of random val-
ues of the parameters are generated by execute repro-
ducing, crossover and mutation operation. Usually, the 
new set of values is better than the previous set. Return 
Step 2. 

By implementing above three steps for dozens of 
times, the best values of the parameters can be found. 
More details about the GA-based optimization can be 
found in [25]-[27]. 

IV.  TESTING RESULTS 

In this section, case studies are performed and com-
pared to testify the parameters optimization based on the 
SQ model. 

A. Simulation Results under Step Change of the Refer-
ence Signal 

The simulation considers large numbers of TCLs with 
the same condition as Subsection 2.3. For comparison, 
the following two control methods are considered in this 
simulation: 

1) Un-optimized: When TCL feedback control is de-
signed, control signal ucontroller is directly defined as Perror 
(KP=1, KI=0), which is the same as many existing meth-
ods ([4]-[5]). 
2) Optimized: PI controller is adopted and the control 
parameters are obtained with the proposed method (op-
timized based on the modified SQ model). 

Considering 1s controller sampling period and differ-
ent communication delay, the optimization results are 
that: (a) 1s communication delay: KP=0.5374, KI=0. 
0022, and (b) 2s communication delay: KP=0.3482, KI=0. 
0013. 

The time-domain simulation results are shown in 
Fig.6. It can be seen from Fig.6 that the optimized 
method based on the modified SQ model (the proposed 
method) performs better in tracing the reference signal 
than the un-optimized method, particularly under the 
situation with 2s communication delay. 
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Fig. 6.  The simulation results under step disturbance (with controller 
sampling period 1s. (a) 1s communication delay. (b) 2s communication 
delay. 
 

Taking different controller sampling period, as well as 
different communication delay into account, the optimi-
zation results are shown in the Table II.  
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TABLE II 
 THE OPTIMIZATION RESULTS UNDER DIFFERENT COMMUNICATION 

DELAY AND DIFFERENT SAMPLING TIME OF THE TCLS CONTROLLER 

 

Under different  
communication delay 

1s 2s 
KP KI KP KI 

Under different sam-
pling period of the 
TCLS controller 

1s 0.5374 0.0022 0.3482 0.0013 
2s 1.0013 0.0076 0.5403 0.0022 
5s 1.0049 0.0118 1.0077 0.0099 

From Table II it can be seen that different values of 
controller sampling period and communication delay can 
result in different optimal control parameters KP and KI. 
With larger values of the controller sampling period, the 
obtained optimal KI tends to be larger. 

B. Simulation Results under More Complicated Situation 

In this subsection, the more complex situation is con-
sidered. In the following simulation, slightly varying 
ambient temperature is considered, and the reference 
control signal of the TCLs are obtained through reducing 
the unbalanced load data between 11:00 and 13:00 in 
reference [28] by 60% and then using the linear interpo-
lation. The ambient temperature and the reference con-
trol signal are shown in Fig. 7(a) and Fig. 7(b), respec-
tively. To develop the SQ model, Ta is assumed to be 
32°C. The controller sampling period and the communi-
cation delay are both set to be 1s. 
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Fig. 7. The ambient temperature and reference control signal for simu-
lation. (a) The ambient temperature. (b) The reference control signal 
for the TCLs 

 
Three methods are taken into account: 

1) Un-optimized: Control signal ucontroller is directly 

defined as Perror (KP=1, KI=0). 
2) Optimized-SQ: PI controller is optimized based on 

the traditional SQ model. The optimized parameters are 
KP=0.5366, KI=0.0017. 

3) Optimized-modified-SQ: PI controller is optimized 
based on the modified SQ model. The optimized param-
eters are listed in row 1, column 1 of Table II 
(KP=0.5374, KI=0.0022). 

The simulation results are shown in Fig. 8. It can be 
seen that the optimized PI controller based on the SQ 
model can trace the reference signal more accurately 
than the un-optimized PI controller. Besides, the optimi-
zation results of the SQ model are very close to those of 
the modified SQ model, as well as the simulation results, 
which indicates that the SQ model and the modified SQ 
model are both applicable to the parameters optimization 
of the TCLs controller. 
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Fig. 8.  The simulation results under more complicated situation (with 
controller sampling period 1s) 

 

The above simulation results reveal that the parame-
ters optimization based on the (modified) SQ model can 
significantly improve the performance of the TCLs con-
troller. In addition, the modified SQ model can also be 
used to simulate the dynamics of the TCLs and therefore 
validate the control performance. In the following simu-
lation, the reference signal is the same as Fig. 7 and Fig. 
8, but the variation trend of the TCLs’ aggregate power 
after the control is taken into account. The following 
three models are compared: 

1) Individual TCLs model, as the benchmark verify-
ing the next two models 

2) SQ model 
3) Modified SQ model 

From Fig. 9 it can be seen that in the first 2 hours, 
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when TCLs are in the power tracing control, the simu-
lated curves of the TCLs’ aggregate power based on the 
SQ model and the modified SQ model are both very 
close to that of the individual TCLs model. But after the 
control, the simulated curves of the TCLs’ aggregate 
power exist rebound phenomenon. The rebound phe-
nomenon of the modified SQ model is much closer to 
the individual TCLs model, which indicates that when 
the TCLs under the non-controlled conditions for a long 
time, the modified SQ model can characterize the varia-
tion trend of the aggregate power of the TCLs more ac-
curately than the traditional SQ model. This advantage 
makes the modified SQ model able to precisely estimate 
the rebound of the TCLs after DLC, and enables the op-
erators to take measures to restrain it. 
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Fig. 9.  The simulation results with different models 

V.  CONCLUSION 

In this paper, a method for parameters optimization of 
the TCLs control system using the SQ model is proposed. 
The proposed method is based on the modified SQ mod-
el proposed in [15]. With the proposed method, the 
TCLs’ aggregate power can better trace the reference 
signal and the modified SQ model can better character-
ize the aggregate dynamics of the TCLs. Compared with 
the existing works, the main contribution of this paper 
can be concluded as following: 

1) A method for the parameters optimization of the 
TCLs control system is proposed, which is able to opti-
mize the control parameters based on the DCCM. 

2) This paper applies the method proposed in [15] in 
the parameters optimization of the TCLs control system. 
Compared with the traditional SQ model, the modified 
SQ model is able to characterize the dynamics of the 
TCLs more accurately. 

The proposed method is suit for TCLs of which power 
are discretely adjusted (periodically change the on/off 

states). For those variable-frequency TCLs of which 
power can be continuously adjusted, the SQ model cannot 
be used. However, the control of these TCLs is much 
easier than managing the on/off states of the TCLs (such 
as DCCM). 

In our future work, we will seek for opportunities to 
verify the effectiveness of the modified SQ model char-
acterizing the aggregate the dynamics of TCLs when 
applied in a real system. Besides, we will consider some 
more special complicated control methods to cope with 
the uncertainties and the communication delay of the 
TCLs, and apply the proposed technique to optimize the 
control parameters.  
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