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Interval Demand Response Potential Evaluation 
and Risk Dispatch to Incorporate Public 
Buildings into Power System Operation

Yu Yao, Chengjin Ye, Yuming Zhao, and Yi Ding

Abstract——Public buildings present substantial demand re‐
sponse (DR) potential, which can participate in the power sys‐
tem operation. However, most public buildings exhibit a high 
degree of uncertainties due to incomplete information, varying 
thermal parameters, and stochastic user behaviors, which hin‐
ders incorporating the public buildings into power system oper‐
ation. To address the problem, this paper proposes an interval 
DR potential evaluation method and a risk dispatch model to 
integrate public buildings with uncertainties into power system 
operation. Firstly, the DR evaluation is developed based on the 
equivalent thermal parameter (ETP) model, actual outdoor tem‐
perature data, and air conditioning (AC) consumption data. To 
quantify the uncertainties of public buildings, the interval evalu‐
ation is given employing the linear regression method consider‐
ing the confidence bound. Utilizing the evaluation results, the 
risk dispatch model is proposed to allocate public building re‐
serve based on the chance constrained programming (CCP). Fi‐
nally, the proposed risk dispatch model is reformulated to a 
mixed-integer second-order cone programming (MISOCP) for 
its solution. The proposed evaluation method and the risk dis‐
patch model are validated based on the modified IEEE 39-bus 
system and actual building data obtained from a southern city 
in China.

Index Terms——Public building, demand response, potential 
evaluation, risk dispatch, chance constrained programming, 
power system operation.

I. INTRODUCTION 

THE penetration of renewable energy is burgeoning to 
deal with the electricity consumption increase and car‐

bon emission reduction [1]. The high share of renewable en‐
ergy brings more uncertainties and replaces the traditional 
flexibility resources such as thermal generators, which re‐
quires more flexible resources to ensure the stable operation 

of the power system [2]. With the advancement of informa‐
tion and communication technology, demand response (DR) 
has been effectively employed in practical engineering to en‐
hance the regulation capabilities of power systems [3].

Public buildings present significant potential for participat‐
ing in DR. Firstly, public buildings contribute about 39% 
proportion of global energy consumption [4]. Secondly, pub‐
lic buildings, which are frequently managed centrally by 
property management companies, are more susceptible to 
uniform scheduling and management. Furthermore, air condi‐
tioning (AC) systems, which consume 50% of the electricity 
of a public building [5], exhibit thermal inertia, allowing for 
brief shut-downs or power reductions with a small impact on 
consumers.

Compared with traditional thermal generators, most public 
buildings have a high degree of uncertainties due to the lack 
of complete information, constant thermal parameters, and 
deterministic user behaviors, which hinders integrating the 
high-potential public buildings into power system operation. 
Furthermore, the majority of public buildings have no ad‐
vanced building automation systems (BASs) or communica‐
tion networks, which results in the lack of key operation da‐
ta [6]. Some varying envelop parameters for DR potential 
evaluation need to be measured through experiments [7], 
which is infeasible for large-scale public buildings. The be‐
havior of building occupants and their comfort requirements 
are heterogeneous and stochastic [8]. Therefore, most public 
buildings in actual engineering will produce a significant 
amount of uncertainties in power system dispatch.

The primary research for incorporating public buildings in‐
to power system operation is the DR potential evaluation 
and quantification. An accurate and practical potential evalu‐
ation method is important for load aggregators (LAs) or inde‐
pendent system operators (ISOs) to schedule public build‐
ings. Numerous researches have been conducted on potential 
evaluation for public buildings. On the one hand, detailed 
models of public buildings and AC systems are constructed 
to conduct the DR potential evaluation, which needs multi‐
ple parameters and complete information [9]. Reference [10] 
proposes a coupled thermal inertia model considering public 
buildings and AC systems to quantify the DR contributions 
of the public buildings. The model requires detailed room pa‐
rameters such as material, density, and heat conduction coef‐
ficient. For most public buildings, it is difficult to obtain 
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these parameters. In [11], the detailed public building param‐
eters are extracted by an active experiment. Moreover, the 
DR potential of public buildings is studied. Also, the de‐
tailed parameters of the test room are necessary to construct 
the potential evaluation model. Reference [12] conducts DR 
potential evaluation to reduce peak demand for a medium-
sized public building considering integrated dynamic win‐
dow and heating, ventilation, and air conditioning (HVAC) 
systems. Multiple input parameters are required to construct 
the model predictive control algorithm, which is more suit‐
able for simulation. In summary, most methods are only ap‐
plicable to public buildings with complete information. Al‐
though these methods can achieve more accurate evaluations 
in simulations, they are challenging to implement effectively 
in practice. On the other hand, data-driven methods are ap‐
plied to evaluate the DR potential, which needs a huge 
amount of data [13]. Reference [13] proposes a public build‐
ing potential evaluation method that combines federated 
learning and transfer learning methods. In [14], a data-driven 
method is proposed to quantify the adjustable capacity of in‐
dividual flexible loads. Reference [15] proposes a data-driv‐
en method to rapidly quantify the DR potential of HVAC.

The above methods of evaluating DR potential require ex‐
tensive building parameters and high-quality operational da‐
ta. However, it is challenging to obtain these parameters and 
data in practice, which induces uncertainties in the DR po‐
tential evaluation of public buildings. In addition, human be‐
haviors and some key parameters such as building envelop 
and AC operation data are varying, also bringing uncertain‐
ties to public buildings. These uncertainties should be consid‐
ered during the evaluation process, which have not been ad‐
dressed in existing research. To fill the research gap, the in‐
terval prediction method can be employed as an appreciated 
tool to model these uncertainties, which has been applied in 
photovoltaic power prediction [16], [17] and electricity price 
prediction [18]. In [16], an interval prediction method com‐
bining the lower and upper bound estimations is proposed to 
characterize the uncertainty of solar power prediction. Refer‐
ence [17] proposes a method combining granule-based clus‐
tering and direct optimization programming to improve the 
performance of very short-term regional photovoltaic output 
prediction [17]. Reference [18] forecasts the electricity price 
with the optimal prediction interval method. To the author’s 
best knowledge, the interval prediction method in existing re‐
search has not been utilized to evaluate the DR potential of 
public buildings, especially public buildings with uncertain‐
ties concerned in this paper.

Most of the existing research works concentrate on the en‐
ergy management of public buildings and coordination with 
power systems, which realizes the reduction of energy con‐
sumption. In [19], a hierarchical optimal method is proposed 
to schedule flexibility offered as transactive energy by ther‐
mostatically controlled loads in public buildings. Reference 
[20] proposes a convex formulation for commercial building 
operation and optimization. Moreover, a privacy-preserving 
algorithm is utilized to realize the coordination of multiple 
public buildings connected to power networks. In [21], an 
optimal algorithm is proposed to conduct the charging and 
discharging dispatch of a thermal energy storage system and 

a battery energy storage system, which realizes the cost re‐
duction of building operations. Reference [22] presents an 
optimal strategy based on online learning of interconnected 
neural networks to optimize the operation of HVAC system 
in a commercial building. Nonetheless, these research works 
focus on the economic operation of public buildings and 
power systems, failing to consider the impact of public build‐
ing uncertainties on the power system. Although some re‐
searchers have conducted some risk dispatch schemes, they 
aim to solve the uncertainties caused by the renewable ener‐
gy and electricity load [23]. Consequently, the uncertain pub‐
lic buildings cannot effectively participate in and even ad‐
versely affect the system operation.

In summary, there are two main gaps in the research on 
integrating public buildings into power system dispatch: DR 
potential evaluation of public buildings considering uncer‐
tainties; and coordinated dispatch method of uncertain public 
buildings and traditional power system resources. To cope 
with the above research gaps, this paper proposes an interval 
DR potential evaluation method (hereafter named the pro‐
posed evaluation method) and a risk dispatch model to incor‐
porate public buildings with uncertainties into power system 
operation. The contributions are summarized as follows.

1) Based on the equivalent thermal parameter (ETP) mod‐
el, the proposed evaluation method for public buildings is de‐
veloped. Considering the uncertainties of public buildings, 
the interval DR potential evaluation model is constructed uti‐
lizing linear regression considering confidence bounds. The 
proposed evaluation method delivers credible evaluation re‐
sults of public buildings with uncertainties.

2) Based on the evaluation results, a risk dispatch model 
is proposed to allocate the thermal generator reserve and un‐
certain public building reserve employing the chance con‐
strained programming (CCP). The proposed risk dispatch 
model can conduct dispatch schemes for different require‐
ments of confidence level, which realizes a balance between 
risk and cost. The proposed risk dispatch model is reformu‐
lated to a mixed-integer second-order cone programming 
(MISOCP) by the mathematical deduction, which can be ef‐
fectively solved.

The remainder of this paper is organized as follows. Sec‐
tion II introduces the framework of the proposed evaluation 
method and risk dispatch model for public buildings with un‐
certainties. The proposed evaluation method is presented in 
Section III. Section IV introduces the proposed risk dispatch 
model. Results and discussion are shown in Section V. The 
conclusions are given in Section VI.

II. FRAMEWORK OF PROPOSED EVALUATION METHOD AND 
RISK DISPATCH MODEL FOR PUBLIC BUILDINGS WITH 

UNCERTAINTIES

Generally, DR potential evaluation and risk dispatch of 
public buildings in existing research require complete infor‐
mation such as outdoor temperature, AC power, AC opera‐
tion data, envelope parameter, indoor environment parame‐
ter, and indoor heat production data, as shown in Fig. 1. Out‐
door temperature is a critical factor affecting the AC power. 
AC power is the most important data for evaluating the ad‐
justable potential. AC operation data such as energy efficien‐
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cy ratio, real-time cooling capacity, and water supply temper‐
ature are the significant data supporting the potential evalua‐
tion of AC. The envelope parameters including thickness, 
material, and heat transfer coefficient of the wall are crucial 
when modeling the heat exchange of a public building. In‐

door environment parameters such as indoor temperature and 
humidity can reflect the cooling performance of the AC sys‐
tem. Indoor heat sources including human and appliance are 
important factors affecting the cooling load of AC.

For most existing public buildings in practice, the informa‐
tion available for potential evaluation and risk dispatch is 
limited. Generally, outdoor temperature and AC power can 
be easily obtained. Outdoor temperature can be obtained 
from the weather station near the target public building. AC 
power can be directly measured in public buildings with sub-
metering. For smart ACs, AC power data are uploaded to a 
cloud platform. For other public buildings, non-invasive load 
identification methods can be utilized to indirectly extract 
AC power data. However, it is challenging to collect AC op‐
eration data, envelope parameter, indoor environment param‐
eters, and indoor heat production data. Obtaining these com‐
plete parameters requires the original construction drawings 
of public buildings, modifications to the AC system, and the 
installation of additional sensors, which is infeasible for 
large-scale existing public buildings. In addition, there are 
some fluctuations in human behaviors and parameters such 
as building envelope, indoor heat production, and AC opera‐
tion state. Therefore, the public buildings exhibit some uncer‐

tainties due to the lack of information and the fluctuations of 
data. Compared with traditional thermal generators, it is diffi‐
cult to integrate these public buildings into power system op‐
eration.

To address the problem of incorporating the public build‐
ings into power system operation, the proposed  evaluation 
method and risk dispatch model are presented, whose frame‐
work is shown in Fig. 2. Firstly, LAs evaluate the DR poten‐
tial of aggregated public buildings, containing the utility, 
mall, commercial office, hotel, etc. The proposed evaluation 
method can mitigate the uncertainty arising from limited in‐
formation, providing credible DR potential evaluation re‐
sults. Then, LAs upload the adjustable potential and uncer‐
tainty coefficient of heterogenous public buildings to ISO. 
Furthermore, the ISO conducts the reserve allocation based 
on the interval DR potential. Utilizing the proposed risk dis‐
patch model, a balance between dispatch cost and risk is 
achieved. Consequently, the reserve allocation plan is down‐
loaded to the LAs.

III. PROPOSED EVALUATION METHOD

The thermal dynamic process of the room is illustrated in 
Fig. 3. Solar radiation, outdoor heat transfer, and heat genera‐

tion of human and appliance are the three main heat sources. 
The AC produces the cooling air. The indoor air changes 
due to the cooling and heating sources, which are described 
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Fig. 1.　Complete information of public buildings.
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Fig. 2.　Framework of proposed evaluation method and risk dispatch model for uncertain public buildings.
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by the first-order ETP model [24] shown in Fig. 3.

C
dTin

dt
=

Tout - Tin

R
-COP PAC +Qs +Ql (1)

where C and R are the equivalent thermal capacitance and re‐
sistance, respectively; Tout and Tin are the outdoor and indoor 
temperatures, respectively; Qs and Ql are the solar radiation 
and heat generation of human and appliance, respectively; 
and PAC and COP are the AC power and energy efficiency, re‐
spectively.

When the indoor temperature enters a steady period, AC 
power also maintains a relatively constant value:

PAC =
Tout - Tin

COP R
+

Qs +Ql

COP
(2)

Generally, the indoor temperature can be maintained to 
temperature setting Tset by ACs:

PAC =
Tout - Tset

COP R
+

Qs +Ql

COP
(3)

COP will constantly change during real-time operation. R 
will vary with the opening and closing of the room win‐
dows. Qs and Ql will also change at different time. There‐
fore, the variation of these parameters creates difficulties in 
the DR potential evaluation of public buildings. In the evalu‐
ation, the uncertainties of these parameters should be consid‐
ered. Equation (3) illustrates that PAC is linearly correlated 
with the difference between Tout and Tset. Furthermore, (3) 
can be simplified to (4)-(6).

PAC = α(Tout - Tset )+ β (4)

α =
1

COP R (5)

β =
Qs +Ql

COP
(6)

where α and β are the linear term and constant term, respec‐
tively. Generally, Tset remains relatively constant, especially 
for large centralized AC systems. Therefore, (4) - (6) can be 
deducted as (7) and (8).

PAC = αTout + β (7)

β =
Qs +Ql

COP

-
1

COP R
Tset (8)

That is to say, Tset only affects β. The slope α can be fit‐
ted utilizing Tout and PAC data.

Power reduction can be conducted by raising the tempera‐

ture setting of AC, so that the AC participates in DR. More‐
over, the DR potential of AC power can be expressed as:

DPAC = αDTset (9)

where DPAC is the DR potential; and DTset is the change of 
temperature setting.

Linear regression is carried out based on historical AC 
power and outdoor temperature data. The residual sum of 
the square between the original and predicted data [25] is 
constructed as:

Q =∑
i = 1

n

(PACi - P̂ACi )
2 =∑

i = 1

n

[PACi - (α̂Touti + β̂)]2 (10)

where Q is the total squared value; and P̂ACi is the predicted 
AC power of the ith AC; and α̂ and β̂ are the predicted coef‐
ficients of α and β, respectively.

The extreme values of the target can be taken when the 
partial derivatives of the two parameters are zero [24].

¶Q
¶α

=-2∑
i = 1

n

[PACi - (α̂Touti + β̂)]Touti = 0 (11)

¶Q
¶β

=-2∑
i = 1

n

[PACi - (α̂Touti + β̂)]= 0 (12)

However, α and β include uncertain parameters such as R, 
COP, Qs, and Ql. Therefore, the two parameters should be 
presented in an uncertain form. As shown in Fig. 4, we pres‐
ent the confidence bounds on coefficients to describe the un‐
certainties of two parameters [24].

αinterval = α̂ ± tC/2n - p σ̂α (13)

βinterval = β̂ ± tC/2n - p σ̂β (14)

where αinterval and βinterval are the confidence bounds of α and 
β, respectively; tC/2n - 2 is the t cumulative distribution func‐
tion of the student; and σ̂α and σ̂β are the standard deviations 
of α and β, respectively.

Based on the confidence bounds of coefficients, the inter‐
val DR potential DPACCL at a certain confidence level CL 
can be expressed as:

DPACCL = αintervalCLDTset (15)

where αintervalCL is the interval value of α at a certain confi‐
dence level.

The interval DR potential can be calculated by (15). How‐
ever, the minimal DR potential of AC at certain confidence 
level is more important in actual DR. Therefore, the down‐
ward bound is taken as the parameter to calculate the DR po‐

Original data; Fitting curve; Confidence bound

Power
consumption

(kW)

Outdoor temperature (℃)

Fig. 4.　Linear regression considering confidence bounds.
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Fig. 3.　Thermal dynamic process and the first-order ETP model. (a) Ther‐
mal dynamic process. (b) The first-order ETP model.
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tential.
DPACCL = -α intervalCLDTset (16)

where -α intervalCL is the downward bound of α at a confidence 

level. A series of evaluation results are given at different con‐
fidence levels, which provide more information for LAs or 
ISOs.

The fitted coefficient αinterval meets the student distribution 
[26]. When the number of samples exceeds 30, the t-distribu‐
tion gradually approaches a normal distribution [27]. There‐
fore, the fitted coefficient αinterval meets the distribution 
N(α̂σ 2

α ). Furthermore, the uncertainty coefficient ξ can be 
deducted as:

ξ =
DP uncertain

AC

DP certain
AC

=
αintervalDTset

αDTset

=
αinterval

α (17)

where DP uncertain
AC  is the uncertain DR potential; and DP certain

AC  is 
the certain DR potential.

Therefore, the uncertainty coefficient follows the distribu‐
tion N(1σ 2

α /α2 ).
In fact, there are many sources of uncertainties in public 

buildings. As shown in Fig. 5, the uncertainties affecting the 
potential evaluation of public building include incomplete in‐
formation, parameter variation, control accuracy, human ac‐
tivity, and weather forecasting error. Incomplete information 
means a lack of necessary data required for public building 
potential evaluation, such as AC operation data, indoor envi‐
ronment parameter, envelope parameter, and indoor heat pro‐
duction. In addition, some parameters vary in real-time, 
which introduces uncertainties into the DR potential evalua‐
tion of public buildings. For example, the energy efficiency 
ratio of AC can vary with changes in load rates. The equiva‐
lent thermal resistance of a public building can significantly 
change with the opening and closing of doors and windows. 
Solar radiation and heat generation of human and appliance 
also vary in real time.

The uncertainties addressed in this paper are the red boxes 
in Fig. 5, specifically the uncertainties arising from the in‐
complete information and parameter variations. On the one 
hand, incomplete information makes it difficult to construct 
detailed models for public buildings and AC systems. As a 
result, previously used detailed simulation software like En‐
ergy Plus lacks the relevant parameters, making it challeng‐
ing to create refined models for the potential evaluation of 
public buildings. However, the proposed evaluation method 
and risk dispatch model only require historical AC power 
and outdoor temperature data. With simple linear regression, 
an AC system model and DR potential evaluation model can 
be constructed, effectively addressing the uncertainties 
caused by insufficient information. On the other hand, pa‐
rameter variations also introduce uncertainties to potential 
evaluation. As shown in (3), the parameters COP, R, Qs, and 
Ql have effects on the fitting results. COP, R, Qs, and Ql will 
vary in the real-time operation. COP changes with variations 
in AC load rate and indoor and outdoor temperatures. R 
changes with the opening and closing of doors and windows 
in the public building. Solar radiation and heat generation of 
human and appliance also vary in real time. Variations in 
these parameters will introduce uncertainties into the results 
of the potential evaluation. Although many uncertain parame‐
ters are changing in real time, the proposed evaluation meth‐
od can overcome these uncertainties and provide a potential 
evaluation result at a certain confidence level.

IV. PROPOSED RISK DISPATCH MODEL

Considering the uncertainties of parameters and evaluation 
results, the risk dispatch model is proposed to develop a re‐
serve dispatch plan for large-scale public buildings. The 
CCP is utilized in the proposed risk dispatch model to make 
a trade-off between risk and cost. The time scale of the pro‐
posed evaluation method and risk dispatch model are both 
day-ahead. The proposed evaluation method provides poten‐
tial evaluation results on a day-ahead time scale due to the 
limitation of insufficient data collection. Real-time and de‐
tailed evaluation of DR potential needs more data. For the 
dispatch, besides arranging the thermal generator reserve and 
public building reserve, the on-off plans of the thermal gen‐
erators also need to be scheduled. In actual operation, the on-
off plans of thermal generator are arranged on a day-ahead 
basis. As large-scale public buildings gradually participate in 
DR, more public buildings will be directly connected to the 
ISO. There is a need to schedule public buildings with uncer‐
tainties and simultaneously arrange thermal generator re‐
serves, public building reserves, and on-off plans of thermal 
generators on a day-ahead basis.

A. Standard Form of CCP

CCP is a method that integrates uncertainty into optimiza‐
tion problems. By incorporating probability into the con‐
straints, CCP ensures that these constraints are met at a spec‐
ified confidence level CL, thereby addressing the impact of 
random variables. A standard form of CCP is [28]:

Multiple uncertainties of public buildings

Incomplete
information

Parameter
variation

Envelop
parameter

Energy
efficiency

ratio of AC

Equivalent
thermal

resistance

Solar
radiation

Control
accuracy

Weather
forecasting error

Human
activity

Indoor
environment

parameter

AC
operation

data

Indoor heat
production

Heat generation
of human and

appliance

Fig. 5.　Multiple uncertainties of public buildings.
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ì
í
î

f (x1x2...xn )

s.t.  Pr{a1 x1 + a2 x2 + ...+an xn - b £ 0}³CL
(18)

where f (×) is the objective function; x1x2...xn are the deci‐
sion variables; a1a2...an and b are the uncertainty coeffi‐
cients, which met the individual Gaussian distribution; and 
Pr{×} is the chance constraint. Utilizing the mathematical 
method [29], the chance constraint in (18) can be conducted 
as:

∑
i = 1

n

[E(ai )xi -E(bi )+ φ
-1 (CL)] ∑

i = 1

n

V (ai )x
2
i +V (bi ) £ 0 (19)

where E(×) and V (×) are the expectation and variance of the 
uncertainty coefficient, respectively; bi is the uncertainty co‐
efficient; and φ-1 (CL) is the inverse function of the normal 
distribution N(01).

B. Objective Function

The objective function is the minimal total cost of fuel, re‐
serve, and wind power prediction deviation:

ì

í

î

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

min(FFuel +FReserve +FWind )

FFuel =∑
t = 1

NT∑
g = 1

NG

[C SU
g Y G

gt (1 - Y G
gt - 1 )+ (aP 2

gt + bPgt + c)]

FReserve =∑
t = 1

NT∑
g = 1

NG

C R
g RG

gt + ∑
i = 1

Nbuilding

C building
i Rbuilding

it

FWind =∑
t = 1

NT∑
g = 1

NW

C w (γwt P
max
w -Pwt )

(20)

where t denotes the time; FFuel, FReserve, and FWind are the fuel, 
reserve, and wind power prediction deviation costs, respec‐
tively; NT, NG, Nbuilding, and NW are the numbers of time 
units, thermal generators, public buildings, and wind power 
generators, respectively; C SU

g  and C R
g  are the starting up and 

reserve cost coefficients of the thermal generator, respective‐
ly; a, b, and c are the fuel cost coefficients of thermal gener‐
ators; C building

i  and C w are the reserve cost coefficient and 
wind power prediction deviation cost coefficient of the pub‐
lic building, respectively; Y G

gt, Pgt, and RG
gt are the on/off sta‐

tus variable, power output, and reserve of the thermal genera‐
tor, respectively; Rbuilding

it  is the public building reserve; and 
γwt, P

max
w , and Pwt are the output ratio, maximum output, and 

the real output of the wind power generator, respectively.

C. Constraints

1)　Power Balance Constraint
Constraint (21) ensures the power balance of the power 

system in each time:

∑
g = 1

NG

Pgt +∑
i = 1

NW

Pwt =P Load
t     "t (21)

where P Load
t  is the power load of the whole power system.

2)　Thermal Generator Constraints
Constraint (22) limits the power generation of all thermal 

generators to their respective capacities. The on/off status of 
these thermal generators is governed by constraints (23) -
(25). The minimum online time and offline time are restrict‐
ed by constraints (26) and (27). Constraint (28) imposes lim‐

its on the ramping rate of each thermal generator.

Ygt-P g £Pgt £ Ygt P̄g    "g"t (22)

Ygt - Ygt - 1 = Y on
gt - Y off

gt     "g"t (23)

YgtY
on

gt - 1Y
off

gt - 1Î{01}    "g"t (24)

Y on
gt - 1 + Y off

gt - 1 £ 1    "g"t (25)

∑
τ = t - T on

g - 1

t - 1

Ygτ ³ Y off
gt T

on
g     "g"t (26)

∑
τ = t - T off

g - 1

t - 1

(1 - Ygτ ) ³ Y on
gt T

off
g     "g"t (27)

-RRD
g × DT £Pgt -Pgt - 1 £RRU

g × DT    "g"t (28)

where P̄g and -P g are the upper and lower limits of power 

output of thermal generator g, respectively; Y on
gt  and Y off

gt  are 
the on status and off status of thermal generator g, which are 
binary indicators, respectively; T off

g  and T on
g  are the minimum 

offline time and online time of thermal generator g, respec‐
tively; and RRD

g  and RRU
g  are the rates of ramp-down and 

ramp-up of thermal generator g, respectively.
3)　Power Flow Constraints

DC power flow of each transmission line can be ex‐
pressed as (29). Constraint (30) limits the DC power flow of 
each branch to its capacity.

F L
lt =BL

l (θ l(+)t - θl(-)t )    "l"t (29)

-F Lmax
l £F L

lt £F Lmax
l (30)

where F L
lt is the power flow of transmission line l; θl(+)t and 

θl(-)t are the voltage phase angles of the sending end and re‐
ceiving end, respectively; and BL

l  and F Lmax
l  are the suscep‐

tance and capacity of transmission line l, respectively.
4)　Probability Reserve Constraints

Constraints (31) and (32) limit the maximum capacity of 
the thermal generator and pubic building reserve. Constraint 
(33) is the chance constraint, representing the probability 
that the allocated reserve needs to be greater than the confi‐
dence level.

0 £Rgt +Pgt £ P̄g    "t (31)

0 £Rbuilding
it £DPACCL    "t (32)

Pr
ì
í
î

ïï
ïï∑g = 1

NG

Rgt + ∑
i = 1

Nbuilding

ξ building
i Rbuilding

it ³Rrequire

ü
ý
þ

ïï
ïï
³CL    "t (33)

where Rrequire is the reserve required by the power system; 
and ξ building

i  is the uncertainty coefficient. The chance con‐
straint can be transformed to certain constraint utilizing the 
mathematical method or sample average approximation 
(SAA) [30]. In the chance constraint (33), the uncertainty co‐
efficient ξ building

i  follows a normal distribution, so the mathe‐
matical derivation can be utilized to handle the chance con‐
straint. The mathematical derivation method performs better 
than SAA in terms of computation time, accuracy, and stabil‐
ity. The chance constraint (33) can be further conducted as 
(34) utilizing (19).
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∑
g = 1

NG

Rgt + ∑
i = 1

Nbuilding

E(ξ building
i )Rbuilding

it -

φ-1 (CL) ∑
b = 1

Nbuilding

V (ξ building
i )(Rbuilding

it )2 ³Rrequire
(34)

ξ building
i  is uploaded by LAs, which is quantified by (17). 

Constraint (34) contains second-order cone term and (22) -
(28) include binary variables. Therefore, the risk dispatch 
model is converted to an MISOCP model, which can be effi‐
ciently solved utilizing commercial solvers such as GURO‐
BI [31].

V. RESULTS AND DISCUSSION 

A. Data Sources

The ground truth data come from four public buildings in 
a city of southern China, which is employed to validate the 
effectiveness of the proposed evaluation method. Buildings 1 
and 2 are cooled by variable refrigerant volume (VRV) sys‐
tems. Buildings 3 and 4 are equipped with center air condi‐
tioning (CAC) systems. The AC power is collected from the 
building automation control system. The outdoor temperature 
is measured by the building automation control system or 
weather station. The data from building 1 pertain to July 
2023, with a time scale of minute. For building 2, the data 
span from May 27, 2024 to June 8, 2024 with a time scale 
of 30 s. In buildings 3 and 4, the data span from July 1, 
2023 to August 31, 2023 with a time scale of min. The outli‐
ers of raw data are cleaned using the interquartile range 
method [32]. In addition, raw data are removed when the 
AC is off.

The proposed risk dispatch model is validated based on a 
modified IEEE 39-bus system [33], as shown in Fig. 6. 

Table I shows the parameters of ten candidate thermal gen‐
erators, where P max

g  is the maximum output of thermal gener‐
ator g. The reserve and start-up cost coefficients are equiva‐
lent to c. Bus 14 is connected to a wind power generator. 
The four public buildings represent four typical building 
clusters, which are connected with buses 3, 4, 8, and 16. 
The other four public building clusters are set to be the 
same as the first four public building clusters, which are con‐
nected with buses 18, 21, 23, and 26. The dispatch cost is 
higher than that of thermal generators, because the load-side 
flexible resources are more expensive. In Guangdong prov‐
ince, China, the reserve cost for thermal generators is 0.3 ¥/
kWh [34]. The reserve cost for demand-side resources reach‐
es up to 3.5 ¥/kWh [35]. Therefore, the cost of demand-side 
resources can be up to 11 times that of thermal generators. 
Based on this, the cost coefficient ranges from 0 to 11 times 
that of thermal generators. Thus, the cost coefficient of the 
public building is set to be 5 times that of thermal genera‐
tors 30-37. The total load, wind power output, and AC pow‐
er of four public buildings are shown in Fig. 7. All simula‐
tions were performed on a computer equipped with a 13th 
Gen Intel(R) Core(TM) i5-13600KF 3.50 GHz CPU and 32.0 
GB of RAM. The model used in this study was programmed 
using MATLAB 2022b YALMIP, and GUROBI 10.0.

B. Fitting Results Considering Confidence Level

Figure 8 shows the fitting results of the four public build‐
ings at a 95% confidence level. The proposed evaluation 
method provides good envelopes for most of the points. In 
contrast, the deterministic evaluation method only provides a 
fitting curve. The proposed evaluation method considers all 
possible points, providing more credible results. 

Table II presents the fitting parameters for four public 
buildings at a 95% confidence level, including α, lower 
bound -α, and uncertainty coefficient σα. Taking building 1 as 
an example, the lower bound at the 95% confidence level 
differs by 9.46% from the deterministic predicted α. This in‐
dicates that even at the 95% confidence level, there is still a 
significant difference from the deterministic prediction re‐
sult. Therefore, the proposed evaluation method is neces‐
sary. 

Public buildingWind power;Thermal generator;

30 37

252 26 28 29

9

38
1

39

8

27

17183
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21
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13

24 36
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20 2211

10

7
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Fig. 6.　Modified IEEE 39-bus system.

TABLE I

PARAMETERS OF TEN CANDIDATE THERMAL GENERATORS

Generator

30

31

32

33

34

35

36

37

38

39

P max
g  (MW)

1040

646

725

652

508

687

580

564

865

1100

b ($/MW)

3.0

6.5

5.0

4.5

7.0

6.0

12.5

12.0

5.0

2.5

c ($)

700

500

600

600

480

700

500

600

600

480

C R
g  ($)

700

500

600

600

480

500

400

400

600

800

C SU
g  ($)

700

500

600

600

480

500

400

400

600

800
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Generally, the effectiveness of linear fitting is described 
with the R-squared (R2). In this paper, the R2 values for the 
four public buildings are 0.46623, 0.35281, 0.48476, and 
0.48509, respectively. For the real sample data, the fitting ef‐
fect is regarded as good when the R2 value is greater than 
0.4. Therefore, the proposed evaluation method shows a 
good fitting performance for both CAC and VRV systems.

Among the four public buildings, building 1 has the larg‐

est fitting slope α, while building 2 has the smallest α. It 
means that the AC system in building 1 is more sensitive to 
outdoor temperature, showing a stronger DR potential. Con‐
versely, the AC system in building 2 is less sensitive to out‐
door temperature, resulting in a weaker DR potential. On the 
one hand, the AC system in building 2 has a smaller in‐
stalled capacity, so the adjustable capacity is lower. On the 
other hand, the thermal inertia of the public building has a 
greater impact on the fitting slope α. As shown in (6) - (8), 
the greater the thermal resistance of the public building, the 
smaller the slope. Building 1 has a smaller thermal inertia, 
resulting in lower thermal resistance and a weaker building 
envelope. Therefore, more AC power is needed to maintain 
indoor temperature, leading to greater DR potential. Building 
2 has a larger thermal inertia and stronger building envelope. 
Consequently, less AC power is needed to maintain the in‐
door temperature, resulting in a smaller adjustable capacity. 

The outdoor temperature sensor of building 2 has a mea‐
surement accuracy of only 1 ℃ . As a result, the recorded 
outdoor temperature data only include integer values, mak‐
ing it appear discontinuous in Fig. 8. In contrast, the outdoor 
temperature sensors of buildings 1, 3, and 4 have a measure‐
ment accuracy of 0.1 ℃, which makes the data appear con‐
tinuous in Fig. 8.

The fitting curves at different confidence levels of build‐
ings 1 and 3 are shown in Figs. 9 and 10, respectively. As 
the confidence level increases, the bound of the fitting curve 
expands, encompassing more points within the interval. Con‐
versely, when the confidence interval is smaller, the bound 
of the curve shrinks, resulting in fewer points falling within 
that interval. The downward bounds of α for buildings 1-4 
are given in Table III. As the confidence level increases, the 
downward bound decreases, so the prediction interval will 
contain more points. The difference of -α between the 99% 
and the 50% confidence level for building 1 is 9.48%, and 
for building 3 is 3.77%. This indicates that there are much 
differences in bounds at different confidence levels, which 
can introduce bias into potential evaluation results. There‐
fore, these biases should be considered in practical potential 
evaluations utilizing the proposed evaluation method.

At the high confidence level interval, almost all points of 
building 1 are enveloped, while building 3 still has some 
points that are not enveloped. This is because building 1 us‐
es a VRV system with simple control methods and fewer fac‐
tors affecting power consumption. Building 3 uses a CAC 
system with complex control logic and more factors affect‐
ing AC power, such as outdoor temperature, outlet set tem‐
perature, and water pump operation frequency. 

TABLE Ⅱ
FITTING PARAMETERS OF FOUR PUBLIC BUILDINGS AT 95% CONFIDENCE 

LEVEL

Building

Building 1

Building 2

Building 3

Building 4

α

3.5211

1.2556

2.3084

2.2029

-α

3.2167

1.2411

2.2232

2.1279

σα
0.1550

0.0074

0.0435

0.0382
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Fig. 7.　Total load, wind power output, and AC power of four public public 
buildings. (a) Total load and wind power output. (b) AC power of four pub‐
lic public buildings.

26 28 30 32 34
0

20

40

60

80

P A
C
 (k

W
)

P A
C
 (k

W
)

Tout (℃) Tout (℃)

Tout (℃) Tout (℃)

(a) (b)

(c) (d)

P A
C
 (k

W
)

P A
C
 (k

W
)

26 28 30 32
0

6

12

18

24

26 28 30 32 34 36 38
20

40

60

80

100

26 28 30 32 34 36
20

40

60

80

Forecasting zone at 95% confidence level
Original data; Fitting curve
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Building 1. (b) Building 2. (c) Building 3. (d) Building 4.
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The proposed evaluation method only considers the im‐
pact of outdoor temperature on AC power, which applies to 
both types of AC systems but has a better performance in 
VRV systems.

C. Evaluation Results

The temperature setting of buildings 1, 3, and 4 is in‐
creased by 3 ℃. Building 2, which has a lower AC power 
and a higher temperature setting, will be increased by 1 ℃. 
The baseline load curves for the four public buildings are re‐
spectively obtained from July 6, 2023, June 4, 2024, July 3, 
2023, and July 4, 2023. Figure 11 shows the DR potential re‐
sults for the four public buildings, where Pbase is the baseline 
load of four public buildings. The higher the confidence lev‐
el, the smaller the potential provided by the public building. 
For building 1, the mean relative error between 50% and 
99% confidence levels is 9.48%. Compared with the 99% 
confidence level, the DR potential at the 10% confidence 
level is 12.21% larger. This is because the increased confi‐
dence level guarantees that the consumers are able to pro‐
vide at least the regulation capacity. On the contrary, the 
lower the confidence level, the larger the potential. Without 
guaranteeing the confidence level, the consumers can pro‐
vide more regulation potential. As the temperature setting un‐
dergoes further adjustments, the discrepancies observed at 
various confidence levels will widen, thereby introducing addi‐
tional uncertainties and risks for LAs and ISOs.

The potential at the 99% confidence level differs the most 
from the deterministic evaluation results. For building 1, the 
deterministic evaluation result differs by 12.83% at the 99% 
confidence level. The deterministic evaluation does not con‐
sider the uncertainty of parameters, leading to an overestima‐
tion of the DR potential. For building 3 with a larger in‐
stalled AC capacity, the deterministic evaluation result dif‐
fers by 60.31% from the result at the 99% confidence level. 
For different public buildings, the larger the capacity, the 
greater the adjustable capacity, resulting in a larger differ‐
ence between interval and deterministic evaluation results. 
The proposed evaluation method plays a more significant 
role in the evaluation of large-capacity AC systems. On the 
other hand, the potential evaluation result at the 10% confi‐
dence level is the closest to the deterministic evaluation re‐
sults, indicating that the occurring probability of the deter‐
ministic evaluation results is very low, which may pose risks 
to system dispatch.
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TABLE Ⅲ
DOWNWARD BOUNDS OF α AT DIFFERENT CONFIDENCE LEVELS

Building

Building 1

Building 2

Building 3

Building 4

Downward bound of α at different confidence levels

CL = 99%

3.1206

1.2365

2.1964

2.1043

CL = 95%

3.2167

1.2411

2.2232

2.1279

CL = 90%

3.2658

1.2434

2.2369

2.1399

CL = 70%

3.3603

1.2479

2.2634

2.1632

CL = 50%

3.4165

1.2506

2.2791

2.1771
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The evaluation results for the aggregation of the four pub‐
lic buildings are shown in Fig. 12. It can be observed that 
the gap between the deterministic evaluation and the probabi‐
listic evaluation is larger after aggregation. It is especially 
evident during the daytime when AC power is higher. For in‐
stance, at 16:50, the deterministic evaluation differs from the 
probabilistic evaluation by 9.44 kW and 40.19%. For aggre‐
gated ACs, the aggregated capacity is relatively large, hence 
the proposed evaluation method becomes even more impor‐
tant. Assessment errors are further amplified after aggrega‐
tion. Therefore, it is crucial to fully consider parameter un‐
certainties in the evaluation process. The proposed evalua‐
tion method ensures credible evaluation results under uncer‐
tainties, avoiding more risks compared with the deterministic 

evaluation and providing LAs or ISOs with variable evalua‐
tion results at different confidence levels.

D. Risk Dispatch Result

The baseline loads of the four public buildings are scaled 
up by 10000 times. The proposed risk dispatch model is uti‐
lized to develop the generation plans for the thermal genera‐
tors, while also allocating reserves to both the thermal gener‐
ators and the public buildings. To validate the effectiveness 
of the proposed risk dispatch model, three simulation scenari‐
os are set as follows.

1) Scenario 1: deterministic dispatch utilizing the deter‐
ministic potential evaluation results.

2) Scenario 2: dispatch considering the worst case, whose 
probability of the evaluated potential is smaller than 3σα.

3) Scenario 3: risk dispatch utilizing the proposed evalua‐
tion method, whose confidence level is set to be 99%.

Figure 13 illustrates the reserve allocation results of eight 
public buildings and Fig. 14 shows the online capacity of 
thermal generators. The reserve costs of public buildings for 
the three scenarios are $7925844, $8748674, and $8218700, 
respectively. The public building reserves are allocated dur‐
ing 12: 00-21: 00, with no public building reserves arranged 
for the remaining periods. On the one hand, AC systems in 
public building are turned off at night, resulting in a very 
small adjustable capacity as shown in Fig. 11. Consequently, 
the public building reserve is minimal. On the other hand, 
the other periods do not coincide with peak load periods of 
the grid, leading to a minimal demand for public building re‐
serves. Thus, there is no need for more expensive public 
buildings to provide public building reserves.

Compared with the deterministic dispatch in Scenario 1, 
both Scenario 2 and Scenario 3 arrange for more public 
building reserves to handle the uncertainty of public building 
reserve. At 17:00, the public building reserve in Scenario 2 
is 8.56% higher than that in Scenario 1. 

The public building reserve in Scenario 3 is 2.83% higher 
than that in Scenario 1. For building cluster 1, the public 
building reserve in Scenario 2 at 17:00 increases by 72.13% 
compared with that in Scenario 1, and the public building re‐
serve in Scenario 3 decreases by 28.57% compared with that 
in Scenario 2. Although increasing public building reserve 
can enhance system reliability, it produces higher dispatch 
costs. The reserve cost in Scenario 2 is 10.38% higher than 
that in Scenario 1. While in Scenario 3, it is 3.69% higher 
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than that in Scenario 1. Therefore, considering uncertainties 
in dispatch increases the public building reserves to cope 
with potential risks, which also raises dispatch costs. The 
public building reserve arranged in Scenario 3 is 5.57% less 
than that in Scenario 2, and the reserve cost in Scenario 2 is 
6.45% higher. It indicates that Scenario 3 accepts a certain 
level of risk to reduce dispatch costs. The proposed risk dis‐
patch model can balance risk and economy. In Fig. 14, Sce‐
narios 1 and 2 have the same online capacity, but Scenario 3 
has a smaller online capacity during 1:00-8:00. In risk dis‐
patch, one thermal generator is shut down, so that the dis‐
patch costs decrease.

E. Dispatch Results at Different Confidence Levels and Un‐
certainties

The values of σα for building clusters 1-8 are set to be 
0.2, 0.3, 0.4, 0.5, 0.2, 0.3, 0.4, and 0.5, respectively. The 
public building reserves are allocated at 55%, 75%, and 
95% confidence levels, with the results shown in Fig. 15. It 
can be observed that for each building cluster, the higher the 

confidence level, the more reserves allocated. For building 
cluster 1, when the confidence level increases from 55% to 
75%, the reserve increases by 12.55%. The reserve increases 
by 28.37% when the confidence level increases from 75% to 
95%. It indicates that the closer the confidence level is to 1, 
the tighter the chance constraint, and the more reserves are 
required by the power system. The larger σα, the less capaci‐
ty dispatched. For building clusters 1 and 5, which have the 
smallest uncertainty coefficients, the allocated capacity is the 
most. Conversely, for building clusters 4 and 8, which have 
the largest σα, the dispatched capacity is the least. Apparent‐
ly, ISOs prefer public buildings with less uncertainty to en‐
sure the security of the power system.

The cost coefficients for all eight building clusters are set 
to be 3500 $/MW. The uncertainty coefficients for the public 
buildings are all set to the same value, varying from 0.1 to 
0.5. The confidence level varies from 55% to 95%, with a 
step size of 0.05. The reserve costs of public building clus‐
ters are shown in Fig. 16. The increases in the uncertainty 
coefficient and the confidence level result in higher dispatch 
costs. When the uncertainty coefficient is 0.1, sacrificing 5% 
of the confidence level (from 95% to 90%) reduces the cost 
by about 5%. When the uncertainty coefficient is 0.5, sacri‐
ficing 5% of the confidence level (from 95% to 90%) reduc‐
es the cost by about 15%. This indicates that public build‐
ings with smaller uncertainty can significantly reduce dis‐
patch costs. Under the same uncertainty coefficient of 0.5, in‐
creasing the confidence level from 50% to 55% raises the 
cost by 3.24%. However, increasing the confidence level 
from 90% to 95% raises the cost by 15.43%. The closer the 
confidence level is to 1, the more the gradient of cost in‐
creases, reaching a marginal effect. Therefore, it is important 
to choose an appropriate confidence level in real dispatch.
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VI. CONCLUSION

The paper proposes the interval DR potential evaluation 
method and risk dispatch model to incorporate uncertain pub‐
lic buildings into power system operation. The proposed 
evaluation method quantifies the uncertainties of public 
buildings in practice and gives the credible interval DR po‐
tential. Furthermore, the risk dispatch model realizes a trade-
off between security and economy in power system opera‐
tion. Numerical results illustrate that the error between deter‐
ministic evaluation and the proposed evaluation method with 
a 99% confidence level reaches 60.31%. The deterministic 
evaluation approximates the interval evaluation results with 
a 10% confidence level. Therefore, compared with determin‐
istic evaluation, the proposed evaluation method performs 
better for public buildings with uncertainties. Moreover, the 
proposed evaluation plays a more significant role in large-ca‐
pacity AC systems, especially for aggregated building clus‐
ters. Compared with the traditional deterministic dispatch 
model, the allocated reserves by the risk dispatch model are 
2.83% more, which deals with the uncertainties of public 
buildings. Compared with the dispatch model considering 
the worst scenario, the reserve costs are 6.45% lower by the 
proposed risk dispatch model, which achieves better cost-ef‐
fectiveness. Sacrificing a 5% confidence level, the costs will 
decrease by 15.43%. Following the proposed evaluation 
method in this paper, a bidding strategy for public buildings 
with uncertainties can be further studied in future research.
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