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Abstract —Due to the potentially large number of Distributed 

Energy Resources (DERs) – demand response, distributed 

generation, distributed storage – that are expected to be 

deployed, it is impractical to use detailed models of these 

resources when integrated with the transmission system. Being 

able to accurately estimate the transients caused by demand 

response is especially important to analyze the stability of the 

system under different demand response strategies, where 

dynamics on time scales of seconds to minutes are important. On 

the other hand, a less complex model is more amenable to study 

stability of a large power system, and to design feedback control 

strategies for the population of devices to provide ancillary 

services. 

The main contribution of this paper is to develop an 

aggregated model for a heterogeneous population of 

Thermostatic Controlled Loads (TCLs) to accurately capture 

their collective behavior under demand response. The aggregated 

model efficiently includes statistical information of the 

population, systematically deals with heterogeneity, and accounts 

for a second-order effect necessary to accurately capture the 

transient dynamics in the collective response. The developed 

aggregated model is validated against simulations of thousands of 

detailed building models using GridLAB-D (an open source 

distribution simulation software) under both steady state and 

severe dynamic conditions. 

 

Index Terms— demand response, aggregated model, ancillary 

service, thermostatically controlled loads 

I.  INTRODUCTION 

emand response is playing an increasingly important role 

in smart grid research and technologies being examined 

in recently undertaken demonstration projects [1], [2]. The 

Federal Energy Regulatory Commission (FERC) included 

several types of demand response programs in its assessment 

report on the demand response potential in the United States 

[3]. The different types of programs include: dynamic pricing 

with (automatic response to a price signal) and without 

(manual response to a price signal) enabling technologies, 
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direct load control, interruptible tariffs, and demand response 

programs operated by Independent System Operators (ISO) or 

utilities (providing various reserves for the system). Dynamic 

pricing [1], [5] and direct load control [4] are universally 

applicable, while the other two types of programs are 

generally only available to medium to large industrial and 

commercial loads. Another important type of demand 

response is the autonomous response from loads, where the 

participating loads in the power system can self-adjust their 

use of electricity based on deviations in system frequency 

and/or voltage. An example of this type of control is the Grid 

Friendly Appliance (GFA
®
) technology developed at the 

Pacific Northwest National Laboratory (PNNL) detailed in [1] 

and [2]. Modeling the behavior of populations of appliances 

under demand response is especially important to evaluate the 

effectiveness of the above mentioned programs and their 

proposed control strategies. Accurate aggregated behavior of 

demand response is needed to account for interactions of 

demand response with components of a large interconnected 

system such as the eastern or the western interconnections of 

the United States. The models of demand response should 

capture the dynamic behavior of the population especially 

when demand response is expected to provide intra-hour 

services (ancillary services). 

 Dynamic modeling of thermostatic controlled loads was 

first studied in [6] and [7]. In [6], aggregate load models are 

designed to study the effects of cold load pickup after a 

service interruption. Functional models of devices, which 

account for factors such as weather and human behavior, are 

developed in [7]. A model of a large number of similar 

devices is then obtained through statistical aggregation of the 

individual component models. In [8], aggregated dynamic 

models are developed for a homogeneous population of 

thermostatic loads using stochastic diffusion models based on 

solving Fokker-Planck partial differential equations (PDEs). 

The approach is further extended in [9] where a closed-form 

solution of the coupled Fokker-Planck equations is derived 

and the need for having a heterogeneous population is 

motivated. A survey of different load control programs for 

providing various power system services is presented in [10]. 

The main contribution of [11] is to develop a finite 

dimensional aggregated state space model for air conditioning 

loads based on solving bilinear PDEs model. It is shown in 

[11] that an order of 200 is needed for the aggregated state 
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space to accurately capture the detailed model dynamics. 

Reference [19] uses a statistical model based on Markov 

Chains to represent heterogeneity in a population; dynamics of 

solid mass temperature (second-order) in Thermostatic 

Controlled Loads (TCLs) are neglected in both detailed and 

aggregated representation; and the uncontrolled aggregated 

model is not accurate when compared with detailed 

simulations. In addition, an aggregated state transition based 

controllable model for a homogeneous population of HVACs 

and water heaters using detailed physical models is developed 

in [12]. In all the aforementioned approaches, the aggregated 

models are developed for steady state conditions i.e. when 

there is no demand response or time varying changes in 

population and system configuration (weather conditions, 

solar gains, heat conductance etc). Furthermore, the models 

ignore heterogeneity in the TCL population which is 

extremely important to capture all the dynamics and thereby 

design effective control strategies.  

The approach proposed in [12] is extended in [13] to 

include simple demand response strategies (thermostat 

setback) for HVAC units and the results are validated against 

GridLAB-D. A commonly observed phenomenon associated 

with demand response programs is often called the “rebound” 

effect or an immediate spike in power consumption when the 

thermostat setback is released back to normal operation. This 

is due to the fact that the control signal in the population 

model synchronizes all of the loads, resulting in a loss of 

diversification, which takes some time to be re-established. 

Although, the aggregate model proposed in [13] is able to 

capture the peak of the re-bound effect, it is not able to capture 

the oscillations set up by the setpoint change due to the 

assumption made by the approach that diversity is always 

maintained.   

The focus of this paper is to develop aggregated 

controllable models for a heterogeneous population of TCLs 

that are able to capture demand response and time-varying 

effects of the system. The developed models include second-

order dynamics due to the thermal mass of the house, which is 

ignored in most of the previous works. Accounting for this 

second-order effect is important to accurately capture the 

population dynamics. A clustering strategy is developed to 

systematically deal with heterogeneity. The proposed 

aggregate model is able to accurately capture both steady state 

and the transient dynamics which typically cannot be achieved 

by other aggregated models. The approach presented herein 

offers an adjustable trade-off between the complexity of the 

aggregated model and the ability of the model to accurately 

capture these dynamics. This feature makes the model suitable 

for various demand response applications that require different 

levels of modeling accuracy and complexity. With more 

complexity, the developed model can accurately estimate all 

the transients caused due to demand response, providing a 

valuable tool for stability analysis of the system under 

different demand response strategies. With reduced 

complexity, the developed model can still capture the main 

trend of the transients and maintain accuracy of steady state or 

average behavior, making it more amenable to design 

feedback control strategies for the population of devices to 

provide ancillary services. 

 The rest of the paper is organized as follows. In Section II, a 

description of the underlying physical model of the TCLs is 

given. The second-order aggregate model for both 

homogeneous and heterogeneous populations is given in 

Section III. Simulation results demonstrating the efficacy of 

the proposed approach are given in Section IV. Finally, in 

Section V, conclusions and future work are presented. 

II.  PHYSICAL MODEL OF THERMOSTATICALLY CONTROLLED 

LOADS 

 This section discusses the physical model of an individual 

load device. This individual device model is the basis to 

developing an aggregated load model representing the 

behavior of a population of devices in Section IV. Residential 

electric end-use loads can be divided into two principal 

classes, one for all non-thermostatic loads, such as lights and 

plugs, and one for all thermostatic loads, such as water heating 

and air-conditioning. Thermostatic loads at the level of a 

single device give rise to pulse sequences where the pulse 

width and frequency arise from the control hysteresis and the 

heat balance in the load, while the power drawn changes 

between two or more relatively fixed values. The Equivalent 

Thermal Parameter (ETP) model [20], representing such 

individual device loads, is shown in Fig. 1. 

 
Fig. 1 The Equivalent Thermal Parameter (ETP) model of home 
heating/cooling system 

 

The formulation for the ETP model is given as follows: 
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In the above, Ua is the conductance of the building envelope, 

To is the outdoor air temperature, Ta is the indoor air 

temperature, Tm is the inner mass temperature, Hm is the 

conductance between the inner air and inner solid mass, Qa is 

the heat flux into the interior air mass, Ca is the thermal mass 

of the air, Cm is the thermal mass of the building materials and 

furnishings, and Qm is the heat flux to the interior solid mass. 

The total heat flux Qa consists of three main contributing 

factors Qi, Qs, and Qh, where Qi, is the heat gain from the 

internal load, Qs is the solar heat gain and Qh is the heat gain 

from the heating/cooling system. Depending on the power 

state of the unit, the heat flux Qa could take the following two 

values: 

, and on off
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In the ETP model, Ta and Tm are the state variables, whose 

time course evolution depends on the model parameters that 

are collected as a parameter vector θ as follows: 

 , , , , , , ,
T

a a m m i s h oU C H C Q Q Q T   

III.  EFFECT OF MASS TEMPERATURE AND HETEROGENEITY 

Most existing aggregate modeling approaches for TCLs are 

based on first-order dynamics that neglect the second-order 

dynamics caused by the mass temperature Tm. Such 

simplifications often lead to an unsatisfactory prediction of the 

transient response caused due to, for example, a setpoint 

change. Fig. 2 shows the evolution of the air temperature Ta 

and mass temperature Tm of a HVAC unit subject to a setpoint 

change from 74
o
F to 75

o
F at time t=1(hr). It can be seen that it 

takes a much longer time for Ta to increase from 74 to 76 

during the time period [t1, t2] than during the period [t3, t4]. 

This is due to the lower mass temperature Tm during [t1, t2], 

which significantly slows down the increase of the air 

temperature.  

 
Fig. 2  Coupled air and mass temperature dynamics  

 

Without considering Tm, the time derivative of Ta would 

only depend on Ta itself, which excludes the possibility of 

having different duty cycles as observed in Fig. 2. In fact, the 

entire trajectory of Ta as shown in Fig. 2 cannot be accurately 

described by any first-order time-invariant ODE model. 

Therefore, a careful consideration of the coupled dynamics of 

Tm and Ta, is necessary for obtaining a good aggregated model 

that can capture both the transient and steady state aggregated 

response for a population of TCLs.  

Another major factor that affects the aggregated transient 

response is the diversity in the parameters of the TCLs. It is 

well known [11], [19] that homogeneous load populations 

often exhibit strong oscillations, while a well-diversified load 

population will result in a natural damping and a more stable 

aggregate response. Although these observations are made 

mostly based on first-order TCL models, the second-order 

ETP model also yields similar behavior. Fig. 3 compares the 

aggregated responses of 2000 homogeneous and 

heterogeneous TCLs under a setpoint change from 74 to 75 at 

time t = 2 (hr). In the simulation, the ETP model parameters 

for the heterogeneous population are generated randomly 

according to the distribution described in [18], while the ETP 

parameter for homogeneous population are chosen to be the 

average of the generated heterogeneous parameters.  

 

 
Fig. 3 Aggregated response for homogeneous and heterogeneous TCLs  

 

The evolution of the aggregated density of homogeneous 

TCLs can be described using PDEs as indicated in [8], [11]. In 

fact, many of the other proposed aggregate modeling 

approaches can also be viewed as particular numerical 

solutions to PDEs. The discretization in these numerical 

solvers often induces some artificial diffusion that smoothen 

sharp changes in the solution trajectory. This kind of diffusing 

effect acts similarly to the damping effect incurred by the load 

diversity. This is the main reason that many of the 

homogenous aggregate models developed deviate from the 

actual heterogeneous response less severely than what is 

observed in Fig. 3. However, to accurately predict both 

transient and steady-state aggregated responses, purely relying 

on the numerical errors in solving the PDE is not enough. A 

systematic way to deal with heterogeneity is necessary.  

IV.  DESCRPITION OF AGGREGATE MODEL 

A.  Second-Order Homogeneous Aggregated Model 

Let [Ta,min, Ta,max] and [Tm,min, Tm,max] denote the air 

temperature range and mass temperature range, respectively. 

Divide these two intervals evenly into na and nm bins. To 

account for the second-order effect caused by the mass 

temperature, consider a 2D discrete state space as shown in 

Fig. 4, where Bina(i), Binm(j) represent the air and mass 

temperatures in bin (i, j). Associated with each bin (i, j), there 

is a (normalized) density function pon(i,j,t) representing the 

percentage (or probability) of the load population whose air 

temperatures are within the interval [Ta(i), Ta(i+1)], mass 

temperatures are in [Tm(j), Tm(j+1)], and power states are 

“On”, at time t. The density for “Off” state poff(i,j,t) is defined 

similarly. One can think of pon(∙,∙, t) and poff(∙,∙, t) as na×nm 

matrices. The two matrices can be vectorized as follows: 
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Define the total density state vector as  
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According to the above definition, each entry in pon(∙,∙, t) and 

poff(∙,∙, t) corresponds uniquely to an entry in the vector q(t) as 

follows 

 

 

, ,"On" ( 1) ,

, ,"Off " ( 1)

m

m a m

i j i n j

i j n n i n j

   

     
 (1) 

 

In the rest of this paper, when no ambiguity arises, the 1D 

bin index is used interchangeably with the corresponding 2D 

bin index. The remainder of this section will be dedicated to 

deriving a linear dynamical system to describe the continuous 

time evolution for the state vector q(t) of the form 

dq
Aq

dt


  
The matrix A is typically a large sparse matrix with a large 

portion of zero entries. Denote the (k,l) entry in matrix A, by 

Ak,l, which represent the rate (or speed) at which the 

population in bin l is transported to bin k. The probability (or 

percentage) of the “On” units in the population denoted by y(t) 

can be determined from the state vector q(t) as follows: 

   a mn n

ll
y t p t  (2) 

To derive an expression of Ak,l, first transform the coupled 

first-order ordinary differential equations (ODEs) in the ETP 

model into a second-order ODE of Ta as follows: 
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With given initial conditions on air temperature Ta0 and mass 

temperature Tm0, the solution of this second-order ODE is 

given by  
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Therefore, given initial conditions Ta0 and Tm0, the solution 

trajectory for Ta(t;Ta0,Tm0) can be uniquely determined.   

Consider a generic 2D bin (i,j) that is not on the boundary  

of the control deadband as shown Fig. 4. If the population in 

this bin is “Off”, then its air and mass temperature will 

increase and eventually the air temperature will reach the next 

level Bina(i+1). Let toff(i,j) be the time it takes to “transport” 

the population from bin (i,j) to the next level Bina(i+1). This 

time can be found by solving the following nonlinear 

equation: 

      ; , 1a a m aT t Bin i Bin j Bin i   (4) 

where the function Ta(∙;Bina (i), Binm (j)) is the air temperature 

trajectory given in (3) with initial condition Ta0= Bina(i) and 

Tm0= Binm(j). Therefore, the population at bin (i,j) is 

continuously being transported to the upper level at the rate 

1/toff(i,j). Due to the discretization, when the air temperature 

reaches Bina(i), the mass temperature may not equal to any of 

the discrete bin values. As an approximation, the population 

flow is divided into two parts proportionally to d2/(d1+d2) and 

d1/(d1+d2) that reach the two neighboring bins (i+1, j1) and 

(i+1, j2), respectively, where d1 and d2 are the distances as 

illustrated in Fig. 4. This leads to the following assignment of 

the corresponding entries in matrix A: 
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where l1, l2, l3 are the 1D index corresponds to (i, j, ”Off”), 

(i+1, j1, ”Off”), and (i+1, j2, ”Off”), respectively. Note that a 

negative rate in equation (5-a) indicates the population is 

moving away from  bin l1(only happens at the diagonal 

entries), while the positive rate in equation (5-b)  means the 

population is flowing into bin l2. The population  density 

dynamics for the “On” state can be derived in a similar way.  

 
 

Fig. 4 Illustration of 2D population flow, where the solid arrows represent the 

actual path the population moves, while the dashed arrows represent the 

corresponding approximated flow paths 

 

It should be noted that special care needs to be taken for the 

bin that is on the boundary of the control deadband. For 

example, if bin (i, j, “Off”) is on the upper boundary of the 

deadband, i.e., Bina(i) = Tset + L/2, then the inward flow rate 

can be computed in the same way as discussed above, while 

the outward flow rate is exactly equal to the inward flow rate 

and point directly into the corresponding bin in the “On” plane 

as shown in Fig. 5. On the other hand, if bin (i, j, “Off”) is on 

the lower boundary of the deadband, then the outward flow 

rate is computed in the same way as the interior bins, while the 

inward flow rate equals the sum of the flow rate from one 
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level below in the “Off” plane and the outward flow rate from 

the “On” plane. Once again, the case of flow rates for the bins 

with “On” power states can be handled similarly. The 

densities flow at different speed (rates) at different locations 

which can be computed by solving the nonlinear equation (4).  

This proposed modeling framework allows the existence of 

densities that are outside the deadband during the transient 

response under a setpoint change. In addition, the flow rate 

matrix A depends on the current setpoint of the population, 

and hence it will change according to the temperature setpoint. 

 

 
Fig. 5 Illustration of 2D population flows and transitions between “On” and 

“Off” states.  

 

B.  Dealing with Heterogeneity  

As mentioned in Section III, heterogeneity among load 

population has a major effect on the aggregated response. The 

homogeneous aggregate model developed in the last 

subsection requires a fixed constant ETP model parameter 

vector θ. This subsection will develop a way to account for 

heterogeneity where the parameter vector θ is a random 

variable with a known distribution.  

The main idea behind the approach is to represent the 

randomly distributed ETP parameter vectors by a few 

representative vectors with appropriate weights. To this end, 

first generate a large number of parameter samples according 

to the known distributions. Denote these parameters by θ
(1)

, 

θ
(2)

, …, θ
(n)

. Use the standard k-mean algorithm (Matlab 

function kmeans) to classify these parameters into nc clusters. 

Each cluster i is associated with a center CEN(i) as well as the 

number of parameters that fall into this cluster, which is 

denoted by Ni. The probability (or relative weight) that the 

parameter vector of a randomly selected load falls into cluster 

i is thus given by wi = Ni/n.  

After obtaining the clusters, a homogeneous aggregated 

model is computed for each cluster i by assuming all the loads 

have the same ETP parameter vector θ= CEN(i). The resulting 

rate matrix is denoted by Ai. The entire load density q(t) is 

then given by  
       

     
1

c

i i

i

n i

ii

q t Aq t

q t w q t
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The overall  density trajectory q(t) is the weighted average 

of the responses of all the clustered groups. When the number 

of clusters increases, the model is able to capture more 

heterogeneous effects at the price of increased model 

complexity. Fortunately, as will be illustrated in the next 

section, a significant performance gain can be achieved with 

only 5 clusters, making the proposed clustering strategy an 

effect way to cope with heterogeneity with acceptable 

computational overhead.   

V.  SIMULATION RESULTS 

A.  Description of Test System  

The aggregate model is validated against realistic 

simulations produced by an open source tool GridLAB-D. 

GridLAB-D is capable of simultaneously simulating 

thousands of unique buildings using the ETP model to create a 

diverse population of building and HVAC system parameters 

[14]--[17]. However the simulations can often take a 

substantial amount of time and computing resources, 

especially as the population size increases. In the following 

experiments, 2000 building ETP models were created and 

simulated for a single day. The ETP model parameters such as 

Ua, Cm, Ca, Hm, and Qh, Qi, Qs  are determined by the various 

physical parameters of the building such as floor area, glazing 

layers and material, infiltration volumetric air exchange rate, 

area per floor, to name a few. The readers are referred to [18] 

for a detailed description of these physical parameters and 

their relations to the ETP model parameters. In the 

simulations, each of the 2000 houses is assigned to a set of 

physical parameters generated randomly around their nominal 

values (see [18]) with a certain amount of variance to provide 

diversification. The physical parameters then in turn determine 

the ETP model parameters used in both the GridLAB-D and 

the proposed aggregate model. The internal setpoints of all the 

houses were modified simultaneously at various times to test 

the performance of the aggregate model for demand response.  

For each of the 2000 houses, the initial air and mass 

temperatures and the “On/Off” state are generated randomly 

over the initial control deadband. GridLAB –D is then used to 

simulate each of the houses starting from their initial 

conditions which are computed based on the corresponding 

ETP model parameters. To simulate the proposed aggregate 

model, the 2000 ETP models are classified into nc clusters as 

described in Section IV-B. For each cluster i, its center CEN(i) 

is used to compute the rate matrix Ai. The initial population 

density for each cluster is the same, which can be obtained by 

computing the percentage of the initial conditions of the 2000 

houses that fall into each of the 1D bins according to the bin 

indexing convention described in (1). After obtaining the 

initial density vector q
(i)

, the overall aggregate response can be 

simulated according to (6). Once the overall density is 

obtained, the percentage of the “On” units in the population 

can be computed according to (2).  

 

B.  Performance of Aggregated Model with Demand Response  

The proposed heterogeneous aggregate model is tested 

through a simple form of demand response, a thermostat 

setback program, under various scenarios. In these simulations, 

the aggregate model uses 50 bins (i.e. na = nm = 50) and nc = 5 

clusters. The performance of the model using different number 

of bins and clusters will be discussed in the next subsection.  

Fig. 6 shows a comparison of the percentage of “On” units 

between the aggregate model and the GridLAB-D simulations. 

In these two cases, all the HVAC units are participating in a 

thermostat setback program where the setpoints are 
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simultaneously shifted from 75°F to 76°F at time t = 3 (hr).  It 

can be seen that the aggregate model is able to capture both 

the transient and the steady state responses.  
 

 
Fig. 6 Aggregated response with setpoint change from 75 to 76 degrees 

 

It is well known that thermostat setback programs may lead 

to the “rebound” effect or an immediate spike in power 

consumption when the setpoint is changed back to the normal 

setting. This is illustrated in Figs. 7 and 8, where the setback 

program is released at time t = 3(hr) and the setpoints are 

changed from 75°F back to 74°F and 70°F, respectively. In 

both cases, the aggregate model is able to accurately capture 

the strong transient response due to the loss of diversification 

after the setpoint change. With a large population size, such a 

strong transient rebound may affect the stability of the overall 

power system. Therefore, the ability to capture accurately the 

rebound effects is crucial for incorporating demand response 

in future power grids. To the authors’ best knowledge, an 

accurate prediction of the transient performance has not been 

reported in the literature.  

 
Fig. 7 Aggregated response with setpoint change from 75 to 70 degrees 

 

The aggregate model can also be used to study the effect of 

sequential setpoint scheduling. Fig. 9-(a) compares the 

aggregate model and GridLAB-D simulations when the 

setpoint is changed from 75 °F to 74°F and then back to 75°F. 

The changes of the setpoints are applied after the population 

reaches its steady state. It is observed that the aggregate model 

is able to accurately reproduce the collective behavior over the 

10-hour simulation horizon, which represents an improvement 

over the method developed in [19] that can only produce 

short-term open-loop prediction. In addition, the proposed 

aggregate model is also tested under a sequence of setpoint 

changes that are applied before the population reaches its 

steady state as shown in Fig. 9 (b). It is impressive to observe 

that the aggregate model is able to capture all the dynamics 

even under these premature setpoint changes. It is important to 

notice that the response of the last setpoint change from 75 °F 

to 70 °F is quite different from the one in Fig. 7. Such a 

difference is due to the fact that the setpoint change in Fig. 9 

happens before the population reaches the steady-state 

distribution, which highlights the importance of the underlying 

density distribution on the overall response of the system. A 

good performance in this case shows the potential of the 

proposed model in dealing with rather complex demand 

response scenarios.  

 
Fig. 8  Aggregated responses with setpoint change from 75 to 74 degrees 

 

C. Performance and Complexity Tradeoff  

Another unique feature of the proposed aggregate modeling 

framework is the ability to achieve a desired performance and 

complexity tradeoff by adjusting the number of bins and 

clusters in the model. This feature is illustrated through 

several simulations as shown in Figs. 10 and 11. In these 

simulations, the air temperature setpoint is changed from 75 to 

74, which produces large oscillations during the transient 

period. Fig. 10 shows the corresponding aggregated responses 

generated by the proposed models with 8 clusters and different 

number of discretization bins. It is observed that with only 3 

bins, the model is able to match the steady-state response 

accurately and capture the trend of the transient response. As 

the number of bins increase, the transient response is matched 

more accurately. In particular, the model is able to predict 

accurately all the main oscillations with 60 bins. The ability to 

always match the steady state response and to be able to 

tradeoff transient performance with complexity, distinguishes 

the proposed model from many of the existing aggregate 

models in the literature. 

Another parameter that affects both the performance and the 

model complexity is the number of clusters nc. Fig. 11 shows 

the model performance under different number of clusters. 

When one cluster is used, the proposed model degenerates to a 
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homogeneous aggregate model which deviates significantly 

from the response generated by the detailed GridLAB-D 

simulation. This observation agrees well with [19], which also 

points out that homogeneous aggregate models have a large 

error especially for long term prediction. This issue is 

successfully addressed by the proposed clustering technique. 

As shown in Fig. 7, the model performance improves 

significantly as the number of clusters increase from 1 to 5. 

The performance can be further improved when nc is equal to 

10, but the improvement is not as significant as before.  

Based on the above results, the proposed aggregate model 

provides a general framework for analyzing different demand 

response applications. For a setpoint controller design, one 

may want to use less number of bins and clusters to simplify 

the design process while still capturing the steady-state and the 

main transient behavior. For stability analysis of the 

distribution system under demand response, one may need to 

use more bins to capture all the transients. Furthermore, the 

time taken to simulate a 7- hour response with 2000 houses 

takes less than one minute for the aggregate model with 60 

bins and 5 clusters, but more than 20 minutes for GridLAB-D 

with 2000 houses. If the number of bins is reduced to 10 or 

less, the simulation of the aggregate model would only take a 

fraction of second. The savings in the computational time will 

become more significant when population sizes increases.  

 
(a) 

 

 
(b) 

Fig. 9 Aggregate response under sequential setpoint changes. (a) Setpoint 

change from 74 to 75 after the population reaches the steady state, (b) 

Sequence of set points applied before the population reaches the steady state 

 

 

 
Fig. 10 Aggregate responses with different number of discretization bins 

under a setpoint change from 75 to 74 (with 8 clusters) 
 

 

 
(a)

 
 

(b) 

Fig. 11 Aggregated responses with different number of clusters under a 

setpoint change from 75 to 74 (# bin = 60) 
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VI.  CONCLUSIONS 

This paper develops aggregated models for a heterogeneous 

population of TCLs to accurately capture their collective 

behavior under demand response.  The aggregated model 

efficiently includes statistical information of a heterogeneous 

population by utilizing a clustering technique. It also accounts 

for the dynamics of the solid mass of the buildings, which is a 

second order effect neglected in past work.  

The developed aggregated models are validated against 

simulations of thousands of detailed building models using 

GridLAB-D under both steady state and severe dynamic 

conditions caused by temperature set point changes. 

The simulation results show that the aggregated model 

reproduces the simulation results of thousands of individual 

loads, when both big and frequent changes in the temperature 

set point are applied to the population. The aggregated load 

model is also able to accurately reproduce the oscillations in 

the transient behavior of the population. 

Tradeoffs between accuracy and complexity of the 

aggregated model can be obtained by adjusting the way of 

representing the statistical information of the population. For 

capturing the steady-state and the average transient behavior 

of demand response, a simplified representation can be used. 

On the other hand, for stability analysis of power grids under 

demand response, one may need to use more detailed 

statistical representation to capture all the transients. These 

appealing properties distinguish the proposed aggregate model 

from many other models in the literature, and make the 

proposed model a general framework of TCL aggregation for 

various demand response applications.  
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