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Abstract——As an emerging demand response (DR) resource, 
data centers (DCs) have garnered significant attention due to 
their ability to adapt to stochastic renewable energy fluctua‐
tions. To fully exploit the price signals from diverse markets 
and achieve the flexible complementarity between DCs and vir‐
tual power plant (VPP) resources, this paper proposes a coordi‐
nated framework for the data center virtual power plant 
(DCVPP) participating in the electricity−carbon joint market un‐
der uncertainty. Specifically, a refined model of power consump‐
tion for cooling system in DC is developed based on the second-or‐
der equivalent thermal parameter (ETP) theory, which enhances 
the accuracy of load modeling and maximizes the potential for 
DR. To address the penalty risks associated with forecast uncer‐
tainties in renewable energy generation and load demands, a risk-
based reserve scheme is developed by integrating the Gaussian 
copula with two-sided superquantile theory. This scheme pro‐
vides a coordinated mechanism for quantifying the correlations 
between forecast errors. On this basis, an optimal scheduling 
strategy of DCVPPs is formulated in the electricity−carbon joint 
market, which coordinates DC load flexibility with distributed en‐
ergy resources to optimize economic performance and reduce car‐
bon emissions. Case studies demonstrate that the proposed re‐
fined model achieves an root mean square error (RMSE) reduc‐
tion ranging from 57.9% to 68.8%, and the risk-based reserve 
scheme reduces penalty costs by 24.4%. Furthermore, the integra‐
tion of the carbon trading mechanism in the proposed optimal 
scheduling strategy results in an increase of $259.9 in economic 
benefits and an average reduction of 14% in carbon emissions.

Index Terms——Data center (DC), electricity market, carbon 
market, virtual power plant (VPP), demand response, uncertain‐
ty, optimal scheduling, equivalent thermal parameter (ETP).

I. INTRODUCTION 

WITH the rapid advancement of information technology
(IT) and the widespread adoption of Internet-based 

applications, the energy consumption of data centers (DCs) 
has attracted increasing attention [1]. Unlike conventional 
power loads, the DCs exhibit pronounced temporal and spa‐
tial flexibility, making them act as a novel class of large-ca‐
pacity demand response (DR) resource when the real-time re‐
sponse capabilities and the flexible scheduling characteristics 
are fully considered [2]. Meanwhile, the increasing integra‐
tion of renewable energy sources (RESs) introduces substan‐
tial operational uncertainty, and the coupling of electricity 
and carbon markets further increases system complexity. 
These challenges highlight the urgent need for advanced 
scheduling strategies that can enhance renewable energy utili‐
zation, reduce carbon emissions, and fully exploit the flexi‐
bility of DCs in future low-carbon energy systems.

Accurately modeling DC power consumption is essential 
for characterizing and exploiting its load flexibility. The total 
DC load consists of three primary components: IT equip‐
ment, cooling system, and other equipment. The IT equip‐
ment is responsible for processing user workloads, whereas 
the cooling system ensures effective heat dissipation to main‐
tain the safe and reliable operation of the IT equipment. Typ‐
ically, the power consumed by the IT equipment and cooling 
system accounts for 80%-90% of the total DC power con‐
sumption [3], [4]. Existing research on DC load modeling 
primarily focuses on the impact of operational conditions of 
IT equipment on overall DC energy consumption. The pre‐
vailing models include additive models [5], regression mod‐
els [6], and linear models based on power usage effective‐
ness (PUE) [7]. To accurately characterize the strong cou‐
pling between the power consumption of the IT equipment 
and the cooling system, the effects of ambient temperature 
variations on DC load behavior and DR capability must be 
explicitly taken into account. Reference [8] proposes a DC 
load model based on the first-order equivalent thermal pa‐
rameter (ETP) theory, but it fails to account for the indoor 
thermal mass differentiation, resulting in deviations between 
the simulated and actual load profiles under the dynamic op‐
erational conditions. Therefore, accurate DC load modeling 
requires an in-depth consideration of thermal environmental 
factors, which is essential for capturing load dynamics and 
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flexibility.
Unlike other flexible loads, DCs possess significant tempo‐

ral load regulation potentials through batch workload sched‐
uling mechanisms. Consequently, DC participation in DR 
programs has attracted increasing research interest, as it can 
enhance power system operation in a cost-effective and effi‐
cient way [9], [10]. Reference [11] proposes that DCs could 
minimize the carbon footprint and power cost by delaying 
the processing of flexible workloads. Reference [12] utilizes 
the scheduling flexibility of workloads and proposes a meth‐
od for the DC workload scheduling, which effectively reduc‐
es the DC operational cost. Recently, as an effective solution 
to integrating distributed energy resources, data center virtu‐
al power plants (DCVPPs) have attracted rising attention in 
the DC energy management [13]. Reference [14] proposes 
an optimal power scheduling problem with a multisource vir‐
tual power plant (VPP) containing DC for maximizing the 
revenue. Considering the operational flexibility of the work‐
loads and power supply devices, [15] builds a scheduling 
framework for DCVPPs. However, fully exploiting the opera‐
tional flexibility of DCs and achieving coordinated optimiza‐
tion with internal flexible resources in DCVPPs to meet low-
carbon economic objectives remain an open research chal‐
lenge.

Participation in electricity markets under uncertainties aris‐
ing from RESs and forecast errors introduces significant 
risks to the decision-making strategy of DCVPP. To hedge 
against the risks, the theory of quantile and superquantile, al‐
so known as the value at risk (VaR) and the conditional val‐
ue at risk (CVaR), is employed to quantify the required re‐
serve capacity and the expected value exceeding the reserve 
capacity [16]. In [17], the CVaR is employed in the stochas‐
tic model to manage the energy and reserve capacity, as well 
as to control the risk of VPP profit variability. By adopting 
the superquantile theory, [18] characterizes the economic 
penalties beyond the reserve capacity and optimizes the allo‐
cation of reserve capacity. It is found that the uncertainty is 
tackled by a confidence interval subjectively in the existing 
research, and therefore, the risks caused by the uncertainty 
beyond the confidence interval and the resulting economic 
penalties are not well quantified [19]. The temporal variabili‐
ty of penalties for the power deviations in electricity markets 
requires dynamic optimization of the upward and downward 
reserve capacity of such DCVPP. Furthermore, the forecast 
error parameters of different types of RESs and loads are 
mostly set independently in existing research, and the influ‐
ence of the correlation between RESs and forecast errors on 
the reserve capacity is neglected [20]. Therefore, it is neces‐
sary to explicitly account for the correlation among forecast 
errors of RESs and loads in uncertainty modeling to investi‐
gate and analyze their interactive impacts on the day-ahead 
scheduling of DCVPP. A summary of existing literature is 
provided in Supplementary Material A Table SAI.

Accordingly, research on the optimal scheduling of 
DCVPP holds significant potential for effectively integrating 
the flexible regulation capabilities of DC loads with other 
distributed energy resources. Meanwhile, the evolution of 
electricity and carbon markets has led to increasingly com‐

plex couplings among the energy, ancillary services, and car‐
bon markets. This trend positions DCVPP as a pivotal partic‐
ipant in future electricity − carbon joint market transactions. 
To address the aforementioned research gaps, this paper pro‐
poses a coordinated framework for the DCVPP participating 
in electricity − carbon joint market under uncertainty. The 
power management framework of DCVPP is illustrated in 
Supplementary Material A Fig. SA1. The main contributions 
are summarized as follows.

1) To evaluate the DR potential of DC, a refined model of 
power consumption for cooling system in DC is developed 
based on the second-order ETP theory. This model improves 
the accuracy of load modeling, thus enabling more effective 
exploitation of load regulation potential and enhancing the 
operational flexibility of DCVPP.

2) To mitigate penalty risks arising from forecast uncer‐
tainties in RESs and loads, a risk-based reserve scheme is 
developed for DCVPP participating in the electricity market. 
By integrating the Gaussian copula with the two-sided super‐
quantile theory, the scheme quantifies risks associated with 
both excess and insufficient power while accounting for fore‐
cast error correlations.

3) An optimal scheduling strategy of DCVPP participating 
in the electricity−carbon joint market is formulated. By coor‐
dinating the DR capability of DC load with the operational 
flexibility of distributed energy resources, the proposed strat‐
egy maximizes the DCVPP revenue in the electricity−carbon 
joint market while reducing carbon emissions.

The remainder of this paper is structured as follows. Sec‐
tion II presents the operational framework of DCVPP and 
the electricity−carbon joint market trading mechanisms. The 
DC modeling is formulated in Section III. Section IV intro‐
duces the optimal scheduling strategy of DCVPP participat‐
ing in the electricity−carbon joint market. Section V focuses 
on the case studies. The conclusion is drawn in Section VI.

II. OPERATIONAL FRAMEWORK OF DCVPP AND 
ELECTRICITY−CARBON JOINT MARKET TRADING 

MECHANISMS 

A. Operational Framework of DCVPP

This subsection presents the operational framework of a 
DCVPP participating in the electricity−carbon joint market, 
as illustrated in Fig. 1. The DCVPP dispatching center is as‐
sumed to manage a diversified portfolio of resources within 
a defined region, including DC, gas turbine (GT), wind tur‐
bine (WT), photovoltaic (PV) generator, energy storage (ES), 
and rigid load (RL). The DCVPP realizes the dispatching op‐
eration of energy equipment and implementation of the DR 
program at the DC side through the DCVPP dispatching cen‐
ter, thereby meeting the power demand of all users within 
the system.

Furthermore, the DCVPP is modeled as a price-taker play‐
er during the decision-making process of day-ahead optimal 
energy management [21]. Based on day-ahead forecasts, the 
DCVPP can purchase or sell electricity in the DAM and pro‐
vide ancillary services to obtain the corresponding revenues. 
Meanwhile, it can also participate in the CET market to pro‐
mote renewable energy consumption. 
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Considering the coupling between the DAM and the CET 
market, the period in the cycle of carbon allowances and car‐
bon clearance is assumed to be one day, which is aligned 
with the time scale of the DAM [22].

B. DAM

By participating in the DAM as a flexible power plant, 
the DCVPP can benefit from strategically selling electricity 
or providing ancillary services in response to fluctuating mar‐
ket prices. The proposed framework in this paper follows the 
product settings of the electricity market in Texas, USA, in‐
cluding the energy, reserve, and regulation up and down mar‐
kets [18].

C. CET Market

The CET market treats the carbon emission rights as trad‐
able commodities among emitters. When actual carbon emis‐
sions exceed the allocated allowances, emitters must either 
purchase additional allowances or incur penalty charges. In 
the CET market, the two primary trading products are CEA 
and CCER [23].

Under the CEA trading mechanism, regulators first set an 
overall cap on total carbon allowances, which are then allo‐
cated to individual emitters for subsequent spot trading at 
prevailing market prices [24]. The CEAs of the DCVPP are 
calculated as:

QCEA
t = ηP GT

t (1)

where QCEA
t  is the total amount of CEAs for the GT in 

DCVPP during time interveal t; η is the CEA factor per unit 
electricity for the GT; and P GT

t  is the generating power of 
GT.

The CCERs obtained from RESs in the DCVPP can be 
traded in the CET market, which is calculated as [25]:

QCC
t = ∑

ϑÎ{WTPV}
(εOMϕOM

ϑ + εBMϕBM
ϑ ) P ϑ

t (2)

where QCC
t  is the obtained CCER of DCVPP; εOM and εBM 

are the weights of the operating margin and build margin 
emission factors, respectively; ϕOM

ϑ  and ϕBM
ϑ  are the operating 

margin and build margin emission factors, respectively; and 
P ϑ

t  is the generating power of RES ϑ.
Carbon emissions within the DCVPP can be calculated as:

QCE
t = χP GT

t + κ (P chpur
t +P Lpur

t ) (3)

where QCE
t  is the actual carbon emission of DCVPP; χ is the 

carbon emission factor of GT; κ is the carbon emission fac‐
tor of thermal power unit; and P chpur

t  and P Lpur
t  are the charg‐

ing power of ES and the power of loads through purchasing 
from the retail market, respectively.

III. DC MODELING 

A. Workload Model

Figure 2 presents the practical architecture of DC opera‐
tion. The workloads arriving at the IT equipment of DC can 
be classified into three categories: interactive, batch, and rig‐
id workloads [16]. Interactive workloads require immediate 
processing. Batch workloads allow for flexible service time 
and can be delayed by hours, whereas the rigid workloads 
impose stringent requirements on either processing time or 
quality of service.

E org
t = λorg

t +ωorg
t + ζ org

t (4)

where E org
t , λorg

t , ωorg
t , and ξ org

t  are the original amounts of to‐
tal workloads, interactive workloads, batch workloads, and 
rigid workloads arriving in DC, respectively.

Batch workloads can be scheduled for execution within a 
specified time window, and hence their temporal shifting 
characteristics can be described as:

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

ωflex
t =ωorg

t +∑
t' = 1

t - 1

ωt't - ∑
t'' = t + 1

T

ωtt''

∑
t'' = t + 1

T

ωtt'' £ω
org
t

(5)

where ω  
t't is the batch workload migrated from time t' to t; 

ω  
tt'' is the batch workload transferred out from time t to t''; 

Electric power; Cooling power; Thermal power

DC load

Interactive
workloads

Batch
workloads

Rigid
workloads

Other equipment

Cooling system

IT equipment

Indoor air
temperatureDC

load

Grid

Outdoor
air tempera-

ture

Fig. 2.　Practical architecture of DC operation.
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1898



ZHAO et al.: OPTIMAL SCHEDULING OF DATA CENTER VIRTUAL POWER PLANT IN ELECTRICITY−CARBON JOINT...

and ωflex
t  is the amount of batch workloads processed after 

flexible shifting.

B. Modeling of DC Load Based on Second-order ETP Theory

The total power demand of DC, denoted as P DC
t , can be 

decomposed into three components: the power consumption 
of IT equipment P IT

t , the power consumption of cooling sys‐
tem P cool

t , and the power consumption of other equipment 
P others

t , which can be expressed as:

P DC
t =P IT

t +P cool
t +P others

t (6)

P IT
t  is determined by the number of active servers and the 

corresponding workloads, with all servers assumed identical 
and the workloads evenly distributed. Thus, P IT

t  is given 
by [26]:

P IT
t = non

t P idle + (Ppeak -P idle )utn
on
t (7)

ut =
Et

non
t ζ

(8)

where non
t  is the number of active servers; Et is the actual 

processed workload; ut is the central processing unit (CPU) 
utilization rate of active servers; ζ, P idle, and Ppeak are the av‐
erage service rate, idle power, and peak power of each ac‐
tive server, respectively.

To maintain the internal ambient temperature of DC, the 
cooling system supplies cooling power to eliminate the heat 
generated by IT equipment and other equipment, as well as 
that transferred from the outdoor environment [8]. Based on 
the second-order ETP theory [27], the relations among in‐
door and outdoor temperatures, cooling power, and the pow‐
er consumption of IT equipment and other equipment are 
modeled as:

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

dTema
t

dt
=-

Ra +Rs

Ca Ra Rs

Tema
t +

Tems
t

Ca Rs

+
Temo

t +RaQ
DC
t

Ca Ra

dTems
t

dt
=

Tema
t - Tems

t

Cs Rs

(9)

QDC
t = k IT P IT

t +P others
t - k cop P cool

t (10)

where Tema
t  and Tems

t are the indoor air temperature and in‐
door solid temperature, respectively; Temo

t  is the outdoor air 
temperature; Ca and Cs are the heat capacities of indoor air 
and indoor solid, respectively; Ra is the thermal resistance be‐
tween the indoor air and the external environment; Rs is the 
thermal resistance between the indoor solid and indoor air; 
QDC

t  is the total thermal power of DC; k IT is the heat factor 
of IT equipment; and kcop is the coefficient of performance 
of the cooling system. The analytical recursive form of (9) 
can be expressed as [27]:

é

ë

ê
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ê ù
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=A
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+B (Temo
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t Ra ) (11)
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b
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Z
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-1
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-1

c = ( )CaCs Ra Rs
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(13)

where A and B are the parameter matrices in recursive form; 
and b, c, Z, and M are the auxiliary variables introduced for 
notational convenience, which are used solely to simplify 
the expressions of A and B. 

Based on the combination of (10) - (13), the power con‐
sumption of cooling system is derived through the second-or‐
der ETP theory as:

ì

í

î

ï
ïï
ï

ï
ïï
ï

QDC
t =

Tema
t -A11·Tema

t - 1 -A12·Tems
t - 1

B11 Ra

-
Temo

t

Ra

P cool
t =

k IT P IT
t +P others

t -QDC
t

k cop

(14)

where A11 and A12 are the (11) and (12) elements of matrix 
A, respectively; and B11 is the (11) element of matrix B.

The power consumption of other equipment typically con‐
stitutes only a small proportion of the total DC load. There‐
fore, it is assumed to be 10% of the combined power con‐
sumption of IT equipment and cooling system.

IV. OPTIMAL SCHEDULING STRATEGY OF DCVPP 
PARTICIPATING IN ELECTRICITY−CARBON JOINT MARKET 

The overall structure of the proposed strategy is illustrated 
in Fig. 3, which comprises uncertainty modeling, electricity−
carbon market participation, and DAM scheduling optimiza‐
tion. In practical DCVPP operations, the forecast errors in 
loads and RESs introduce substantial uncertainty into system 
operation. To mitigate the associated deviation risks, quan‐
tiles and superquantiles are adopted to estimate reserve ca‐
pacity requirements and penalty risks, respectively. Mean‐
while, the electricity and carbon markets provide market sig‐
nals for the day-ahead optimal scheduling strategy. Based on 
these inputs, the optimization model maximizes the net prof‐
it of the DCVPP by coordinating purchase or sale of electric‐
ity, DR plan of DC, charging/discharging strategy for ES, 
and reserve allocation under uncertainties.

A. Uncertainty Modeling of Forecast Errors

Numerous studies have been undertaken to investigate the 
modeling of the forecast errors of loads and RESs [20], [28]. 
Without loss of generality, it is assumed that the probability 
distributions of WT, PV, DC load, and RL forecasts are 
Gaussian, with the mean values equal to the forecast values 
and the standard deviations equal to 30%, 20%, 15%, and 
20% of the mean values, respectively. The correlation coeffi‐
cient between RL and DC load is 0.65. The correlation coef‐
ficients between loads and PV output, as well as WT output, 
are 0.43 and -0.57, respectively. The correlation coefficient 
between PV output and WT output is assumed to be -0.31.
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The forecast errors are modeled by their related probabili‐
ty density functions (PDFs) f ( )x  and cumulative distribution 
functions (CDFs) F ( )x , which can be expressed as:

f ( )x = ( )2πσ2 -0.5
exp ( )- ( )x - μ

2

2σ2 (15)

F ( )x = ∫
-¥

x

f ( )t dt (16)

where x is the uncertain parameter; σ is the standard devia‐
tion parameter; and μ is the mean value of the uncertain pa‐
rameter.

To address the issue of estimation bias in the reserve ca‐
pacity of DCVPP arising from the correlation, the Gaussian 
copula is used to accurately deal with the correlation among 
random variables [29]. Suppose the forecast errors in 
DCVPP during the same period as an m-dimensional random 

input matrix X = [ ]X1X2XiXm

T
 with Spearman cor‐

relation matrix ρX, where Xi is the ith row vector of random 
variables.

Firstly, the quasi-Monte Carlo simulation (QMCS) method 
[30] is employed to generate the sample points V =
[ ]V1V2ViVm

T
 efficiently from the unified and inde‐

pendent standard normal distributions, where Vi is the stan‐
dard normal sample sequence corresponding to the ith ran‐
dom variable.

Then, the standard normally distributed samples Z =
[ ]Z1Z2Z iZm

T
 with Spearman correlation matrix LZ 

are generated by using the Cholesky decomposition, where 
Z i is the correlated standard normal sample sequence corre‐
sponding to the ith random variable after the correlation trans‐
formation.

ì
í
î

ïï
ïï

Ζ =LZV

2sin ( )πρX /6 =LZ LT
Z

(17)

Based on the principle of equal probability transformation, 
Z is converted into the original probability spaces and the 
correlated samples following different distributions X =
[ ]X1X2XiXm

T
 are obtained using inverse transfor‐

mation as:

Xi =F -1
i (Φ (Z i ) ) (18)

where Φ ( )·  is the standard normal CDF; and F -1
i ( )·  is the in‐

verse function of CDF for the ith random variable.

B. Risk-based Reserve Scheme for DCVPP

Two-sided quantiles and superquantiles are employed to 
characterize the tail behavior of forecast errors. For a given 
confidence level β, α1 and α2 denote the probabilities of in‐
sufficient power and excess power, respectively. The lower 
and upper quantiles of the random variables are denoted by 
qα1

 and qα2
, and the corresponding superquantiles, represent‐

ing the expected deviations in the lower and upper tail re‐
gions beyond qα1

 and qα2
, are denoted by sqα1

 and sqα2
, re‐

spectively. This subsection presents the mechanism of two-
sided quantiles and superquantiles, as illustrated in Fig. 4, 
with its calculation for random variables expressed as [31]:

ì
í
î

ïï

ïï

qα1
=F -1( )α1

qα2
=F -1( )1 - α2

(19)

ì

í

î

ï
ïï
ï

ï
ïï
ï

sqα1
= α1

-1∫
-¥

qα1

tf ( )t dt

sqα2
= α2

-1∫
qα2

+¥

tf ( )t dt
(20)

α1 + α2 + β = 1 (21)

Typically, to facilitate the calculation of qα1
, qα2

, sqα1
, and 

sqα2
, QMCS method is employed to sample from the PDF of 

continuous random variables. This allows for the direct deter‐
mination of approximate values based on the correlated 
QMCS samples obtained from the Gaussian copula.

For the row vector Xi = [ ]x1x2xn

T
 in the generated 

correlated sample matrix X, the sample values are sorted in 
ascending order to obtain the ordered result x(1)£ 
x(2)£ £ x(n), where x(i) is the ith order statistic of Xi, namely 
the ith smallest value among the sample points after sorting. 
The quantiles and the superquantiles can be calculated as:

Optimization objective: maximize
net profit of DCVPP

Day-ahead optimal scheduling strategy

Revenue from DAM and CET market

Operating cost of DCVPP

Purchase or sale
of electricity

Charging/discharging
strategy for ES

DR plan of
DC load

Reserve allocation
under uncertainties

Penalty cost of excess and insufficient power

Market signals

Penalty
mechanism

Reserve capacity
requirements

DAM scheduling optimization

Day-ahead forecast data

Reserve capacity
requirements Penalty risks

SuperquantilesQuantiles

WT PV RL DC load

Uncertainty modeling

Electricity-carbon market participation

Energy market Reserve market

Regulation up/down market

CCERCEA

DAM

CET
market

Fig. 3.　Overall structure of proposed strategy for DCVPP.
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ì
í
î

ïï

ïïïï

qα1
= x( )ë ûα1n

qα2
= x( )ë û( )1- α2 n

(22)

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

sqα1
= ( )α1n

-1 ∑
i = k + 1

n

x( )i     k = ë ûα1n

sqα2
= [ ]( )1 - α2 n

-1 ∑
i = k + 1

n

x( )i     k = ë û( )1 - α2 n
(23)

where ëû·  represents the floor function, which rounds a num‐
ber down to the closest integer; and k is the cutoff index in 
the ordered sample set, determined by the sample size and 
the tail probability. The differences between the two-sided 
superquantiles and quantiles are used to determine the penal‐
ty capacity as:

ì
í
î

ïï

ïï

P +
Ât = qÂα1

( )t - sqÂα1
( )t     ÂÎ { }WTPVDCRL

P -
Ât = sqÂα2

( )t - qÂα2
( )t     ÂÎ { }WTPVDCRL

(24)

where P +
Ât and P -

Ât are the excess capacity and insufficient 
capacity of the random power source ℜ , respectively; qÂα1

 

and qÂα2
 are the lower and upper quantiles of ℜ, respective‐

ly; and sqÂα1
 and sqÂα2

 are the expected deviations in the 

lower and upper tail regions of ℜ , respectively. Note that 
these reserve capacities are introduced as explicit decision 
variables, rather than quantities derived from a fixed confi‐
dence level.

C. Objective Function

The objective of the proposed strategy is to maximize the 
net profit of DCVPP in the electricity−carbon joint market, 
which is defined as the gross profit YDCVPP minus the associ‐
ated costs CDCVPP, and can be expressed as:

max (YDCVPP -CDCVPP ) (25)

YDCVPP = Y E + Y RS + Y RU + Y RD + Y CET =∑
t = 1

24 ( )∑
i

pi
t P

i
t + Y CET

t

  (26)

CDCVPP =∑
j

Cj +CL +CCO2
+C+ +C-

(27)

where Y E, Y RS, Y RU, Y RD, and Y CET are the daily gross prof‐
its from the energy, reserve, regulation up, regulation down, 
and CET markets, respectively; pi

t and P i
t are the market 

price and bidding capacity of DCVPP in market i including 
energy, reserve, regulation up, and regulation down (denoted 
by superscripts E, RS, RU, and RD), respectively; Y CET

t  is 
the hourly gross profit of DCVPP in the CET market; and 
Cj, CL, CCO2

, C+, and C- are the daily costs of power source 

j including wind power and PV, loads, carbon emissions, ex‐
cess penalty capacity, and insufficient penalty capacity, re‐
spectively.
1) Gross Profit of CET Market and Carbon Emission Cost

Under the regulations of CET market, the offset ratio of 
CCERs to CEAs is capped at 5% of the total allowances be‐
ing offset. Carbon emissions are initially covered using 
CEAs. When carbon emissions exceed the allocated CEAs, 
CCERs may partially cover the excess carbon emissions, 
while any remaining deficit must be compensated through al‐
lowance purchases in the CET market [25]. Furthermore, sur‐
plus CEAs and CCERs can be traded to generate additional 
revenue. Accordingly, the gross profit from CET market par‐
ticipation and the associated carbon emission costs are calcu‐
lated as:

DQt =QCE
t -QCEA

t (28)

CCO2
=∑

t = 1

24

C CET
t (29)

C CET
t =

ì
í
î

ïï

ïï

0                                                      DQt £ rCCQCEA
t

[ ]QCE
t - ( )1 + rCC QCEA

t pCEA    DQt > rCCQCEA
t

   (30)

Y CET
t =

ì

í

î

ï
ïï
ï

ï
ïï
ï

QCC
t pCC -DQt pCEA       DQt £ 0

( )QCC
t -DQt pCC            0 <DQt £ rCCQCEA

t

( )QCC
t - rCCQCEA

t pCC    DQt > rCCQCEA
t

(31)

where DQt is the deviation of actual carbon emissions from 
the total amount of CEAs; C CET

t  is the hourly cost of 
DCVPP in the CET market; rCC is the CCER offset ratio;  
and pCEA and pCC are the trading prices of CEA and CCER 
in the CET market, respectively.
2) Generation Costs of WT, PV, ES, and GT in DCVPP

The generation costs of WT and PV are adopted from 
[32], while the detailed cost formulations and parameters for 
ES and GT are available in [18] and [33].
3) Costs of Loads (DC and RL) in DCVPP

CL =Cpur +CDR (32)

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

Cpur =∑
t = 1

24

P Lpur
t κE pE

t

CDR = δω∑
t = 1

24 ∑
t' = t + 1

24

ωtt'( )t' - t
(33)

where Cpur is the cost of power purchased from the retail 
market; CDR is the cost of the DR program; δω is the cost of 
migrating per unit batch workload over the time domain; κE 
is the ratio of the retail market price to the energy market 
price, which is set to be 1.45; and pE

t  is the market price in 
the energy market [18].
4) Penalty Costs of Excess and Insufficient Power

C+ =∑
t = 1

24

φ+ pE
t∑

Â
αÂ1t P

+
Ât (34)

C- =∑
t = 1

24

φ- pE
t∑

Â
αÂ2t P

-
Ât (35)

where φ+ and φ- are the deviation penalty coefficients of ex‐

sqα1 sqα2qα2qα1 u x

Excess
capacity

Reserve
capacity Insufficient

capacity

f (x)

Fig. 4.　Mechanism of two-sided quantiles and superquantiles.
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cess and insufficient power, respectively; and αÂ1t and αÂ2t 
are the probabilities corresponding to the occurrence of the 
excess and insufficient power scenarios, respectively.

D. Problem Constraints

1)　Constraints of Bidding Capacity of DCVPP

P E
t =P WT

t +P PV
t +P disch

t +P GT
t -P LVPP

t -P chVPP
t (36)

P τ
t =P τ

ESt +P τ
GTt    τÎ {RSRURD} (37)

where P disch
t  and P chVPP

t  are the discharging and charging ca‐
pacities of ES, respectively; P LVPP

t  is the total load power 
supplied by the sources in DCVPP; and P τ

t , P τ
ESt, and P τ

GTt 
are the bidding capacities of DCVPP, ES, and GT in the an‐
cillary market τ, respectively.
2)　Constraints of DC Participating in DR Program

Transmission and queuing delays for workloads must ad‐
here to the constraints defined by the M/M/1 queuing theory 
and not exceed the maximum delay specified in the service-
level agreement [16]. The related constraints can be de‐
scribed as:

0 £ non
t £ nIT (38)

0 £ ut £ umax (39)

0 £ ( μ -Et /non
t ) -1

£ T delay (40)

where nIT is the number of servers in DC; umax is the maxi‐
mum CPU utilization for a single server; and T delay is the tol‐
erant service delay of workloads.

The internal ambient temperatures of the DC are within 
acceptable ranges, which can be expressed as:

Tema
min £ Tema

t £ Tema
max (41)

|Tema
t - Tema

t - 1 | £DTema
max (42)

where Tema
min and Tema

max are the minimum and maximum in‐
door air temperatures in the DC, respectively; and ∆Tema

max 
is the maximum variation of indoor air temperature.

Constraints (43) and (44) represent the load-power bal‐
ance requirements of the DCVPP. Constraint (45) indicates 
that the DCVPP cannot simultaneously sell and buy electrici‐
ty in the energy market.

P DC
t +P RL

t =P Lpur
t +P LVPP

t (43)

ì
í
î

ïïP Lpur
t ³ 0

P LVPP
t ³ 0

(44)

sgn[ P Lpur
t ] + sgn[ P E

t ] £ 1 (45)

where P RL
t  is the power demand of RL; and sgn[ ]·  is the sig‐

num function.
3)　Constraints of Reserve Capacity

The related constraints of the reserve capacity balance of 
DCVPP can be described as:∑

Â
P resup

Ât =P resup
ESt +P resup

GTt (46)

-∑
Â

P resdown
Ât =P resdown

ESt +P resdown
GTt (47)

0 £P resup
Ât ( )t £PÂ

t (48)

PÂ
t -PÂ

max £P resdown
Ât £ 0 (49)

where P resup
ESt  and P resup

GTt  are the upward reserve capacities pro‐
vided by ES and GT, respectively; P resdown

ESt  and P resdown
GTt  are the 

downward reserve capacities provided by ES and GT, respec‐
tively; P resup

Ât  and P resdown
Ât  are the upward and downward re‐

serve capacities received by the random power source ℜ, re‐
spectively; PÂ

t  is the forecast power of ℜ ; and PÂ
max is the 

maximum power of ℜ.
4)　Constraints of ES and GT

The constraints and parameters for ES and GT are avail‐
able in [18] and [34].

V. CASE STUDY 

To validate the effectiveness and superiority of the pro‐
posed model and strategy, a series of case studies based on 
practical data is conducted. The composition of the diversi‐
fied power units within the DCVPP is introduced, followed 
by the presentation and discussion of the simulation results. 
In particular, the analysis focuses on several key aspects, in‐
cluding the modeling of power consumption for cooling sys‐
tem in DC, uncertainty modeling using the probability distri‐
bution of forecast error, and the optimal scheduling strategy 
for DCVPP in the electricity−carbon joint market. The prob‐
lem is coded with the YALMIP toolbox [35] in MATLAB 
environment and solved by the use of commercial optimiza‐
tion software GUROBI [36].

A. Basic Data

The typical DCVPP shown in Fig. 1 is selected as the test 
system. The maximum power demands of the DC load and 
RL are 4 MW and 1.5 MW, respectively, while the installed 
capacity of GT is 6 MW. The maximum day-ahead forecast 
power outputs of WT and PV are 4 MW and 4.5 MW, re‐
spectively. The maximum power capacity and rated capacity 
of ES are 6 MW and 15 MWh, respectively. The parameters 
of the generating units and ES are adopted from [18]. With‐
out loss of generality, it is assumed that 30% of the total ar‐
riving workloads are the interactive workloads, 50% are 
batch workloads, and the remaining 20% are rigid work‐
loads. The detailed parameters of the DC and CET market 
are presented in Supplementary Material A Table SAII and 
Table SAIII, respectively [37], [38]. The data of WT and PV 
power generation, load profiles, and market prices from the 
Electric Reliability Council of Texas (ERCOT) for four typi‐
cal days are shown in Supplementary Material A Fig. SA2, 
where the time step of the sampling point is 1 hour [39].

B. Accuracy and DR Capability of DC Load Model

In this subsection, three different DC load models are 
compared to demonstrate the accuracy and superiority of the 
proposed model of power consumption for cooling system in 
DC. To ensure the validity of the evaluation results, real op‐
erational data collected from a DC in China are used for 
model accuracy verification. Hourly energy consumption and 
temperature data are employed as inputs to the second-order 
ETP model (denoted as Model 1) to estimate the correspond‐
ing parameters of the power consumption of cooling system 
in DC. For comparison, two existing models are also adopt‐
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ed to calculate the power consumption of cooling system in 
DC using the same input data [7], [8]. The first benchmark 
model (denoted as Model 2) is a PUE model [7], in which 
regression analysis is conducted to obtain a static PUE met‐
ric representing the ratio of total DC power consumption to 
the power consumption of IT equipment. The second bench‐
mark model (denoted as Model 3) is a first-order ETP model 
to characterize the coupling relationship between power con‐
sumption of IT equipment and the cooling system [8].

The practical fitting effects of different DC load models 
are illustrated in Fig. 5, which compares the actual and esti‐
mated hourly DC load over 480 hours. The estimation re‐
sults obtained through Model 1 closely align with the real 
value, effectively capturing the dynamic characteristics of 
DC load behavior. This high level of accuracy demonstrates 
the capability of Model 1 to characterize the coupled electri‐
cal − thermal dynamics of the DC load. The comparison of 
the accuracy of different DC load models is illustrated in 
Fig. 6, which presents the root mean square errors (RMSEs), 
mean absolute errors (MAEs), and mean absolute percentage 
errors (MAPEs) of the DC load estimates obtained from the 
three models. Compared with that of Models 2 and 3, the 
RMSE of Model 1 is reduced by 68.80% and 57.91%, re‐
spectively. Similarly, the MAE is reduced by 69.68% and 
64.27%, respectively, while the MAPE results further con‐
firm the superior estimation accuracy of Model 1. Collective‐
ly, these results validate the superior performance of the pro‐
posed model in accurately capturing the dynamic characteris‐
tics of the DC load.

To illustrate the practical applicability of the proposed 
model, three different DC load models are incorporated into 
the optimal scheduling strategy for the DCVPP described in 
Section IV, corresponding to scenarios S1-S3, respectively. 
The DR capability comparison of different DC load models 
across typical days in four seasons is illustrated in Fig. 7. To 
provide a benchmark, a scenario without demand response 
(denoted as without DR) is also evaluated, where the DC 
load remains at its nominal level without any flexibility. 

Table I presents the optimization results in different sce‐
narios. As the typical scenario, S3 shows an average in‐
crease of 21.6% and 15.9% in total DR capability compared 
with S1 and S2, respectively. Consequently, the average net 
profit of DCVPP in S3 is 29.7% and 24.9% higher than that 
of S1 and S2, respectively. These results can be attributed to 
two primary factors. First, characterizing the relationship be‐
tween the DC load and the power consumption of IT equip‐
ment solely through a static PUE value overlooks its poten‐
tial for dynamic adjustments in response to actual power de‐
mand, thereby constraining the flexibility of DC load de‐
mand management. Second, Model 3 neglects the effects of 
temperature variations in the solid materials within the DC, 
resulting in inaccuracy in representing thermodynamic char‐
acteristics and consequently limiting the DR capability of 
the DC.

C. Analysis of Reserve Capacity in DCVPP

To evaluate the impact of reserve capacity on DCVPP op‐
erations, a comparative analysis is conducted across three op‐
erational scenarios: S4 (without reserve capacity), S5 (with 
reserve capacity but without considering forecast error corre‐
lations), and S6 (with reserve capacity considering forecast 
error correlations). Table II presents the impact of reserve ca‐
pacity on DCVPP operations on a typical spring day.

A comparison of net profits with and without reserve ca‐
pacity shows that the reserve capacity in S5 and S6 enables 
the DCVPP to shift from losses to profitable operation, thus 
substantially improving its economic performance. 
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Fig. 5.　Practical fitting effects of different DC load models.
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This comparison demonstrates the effectiveness of the pro‐
posed risk-based reserve scheme. When forecast error corre‐
lations are considered, the total penalty cost in S6 is reduced 
by 24.41%, and the net profit increases by 2.36% compared 
with that in S5. The results across different reserve capacity 
configurations show that the consideration of forecast error 
correlations improves the estimation accuracy of power devi‐
ations and reserve adequacy, leading to lower penalty costs 
and higher net profits across multiple markets. Furthermore, 
the higher net profit in S6 demonstrates the advantage of 
considering forecast error correlations. Compared with S5, 
S6 allocates more appropriate reserve capacity to cope with 
correlated uncertainties, which reduces the penalty cost from 
$266.1 to $201.1 and increases the net profit from $528 to 
$541. This indicates that the proposed scheme achieves a bet‐
ter balance between reserve allocation and market bidding.

Figure 8 shows the impact of forecast error correlations 
on reserve capacity allocation in the DCVPP on a typical 
spring day. Due to the strong negative correlation coefficient 
between WT and load (-0.57), during the period 19: 00-06:
00, a positive forecast error in WT output (i.e., WT genera‐
tion being overestimated) is more likely to coincide with a 
negative forecast error in load demand (i. e., load being un‐
derestimated). Consequently, DCVPP in S6 requires a larger 
upward reserve capacity than that in S5 to mitigate the penal‐
ty costs associated with power shortages. Conversely, due to 
the strong positive correlation coefficient between PV and 
load (0.43), during the period 10:00-17:00, DCVPP requires 
a larger downward reserve capacity to reduce the penalty 
costs arising from power surplus. Notably, the downward re‐
serve capacity significantly exceeds the upward reserve ca‐
pacity. This is because allocating reserve capacity constrains 
the bidding capacity of DCVPP in the energy, reserve, and 
regulation up market. Accordingly, the DCVPP optimizes its 
reserve allocation by balancing revenues of multiple markets 
against penalty costs.

D. Motivational Analysis and Bidding Strategy Optimization 
for DC and VPP Aggregation

To interpret the economic motivation of DC and VPP ag‐
gregation, this paper designs distinct test scenarios. Table III 
compares the net profits under non-aggregated and aggregat‐
ed operation with and without DR across typical days in 
four seasons. In these scenarios, this paper systematically 
evaluates how DC and VPP aggregation and DR implementa‐
tion affect the economic performance of the DCVPP.

TABLE III
COMPARISON OF NET PROFITS UNDER NON-AGGREGATED AND 

AGGREGATED OPERATION WITH AND WITHOUT DR ACROSS 
TYPICAL DAYS IN FOUR SEASONS

Season

Spring

Summer

Autumn

Winter

DR 
implementation

Without DR

With DR

Without DR

With DR

Without DR

With DR

Without DR

With DR

Net profit ($)

Non-aggregated opera‐
tion (DC and VPP)

-835

-485

-973

-604

-819

-400

-927

-562

Aggregated opera‐
tion (DCVPP)

439

541

97

216

251

444

153

267

As shown in Table III, the non-aggregated operation of 
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Fig. 8.　 Impact of forcast error correlations on reserve capacity allocation 
in DCVPP on typical spring day. (a) Upward reserve capacity. (b) Down‐
ward reserve capacity.

TABLE I
OPTIMIZATION RESULTS IN DIFFERENT SCENARIOS

Scenario

Without DR

S1

S2

S3

Spring

DR capability 
(MW)

0

6.12

6.24

7.74

Net profit ($)

439

457

467

541

Summer

DR capability 
(MW)

0

5.77

6.11

7.15

Net profit ($)

97

139

149

216

Autumn

DR capability 
(MW)

0

7.69

8.07

9.05

Net profit ($)

251

354

365

444

Winter

DR capability 
(MW)

0

7.34

7.82

8.79

Net profit ($)

153

182

194

267

TABLE II
IMPACT OF RESERVE CAPACITY ON DCVPP OPERATIONS ON A TYPICAL 

SPRING DAY

Scenario

S4

S5

S6

Reserve capacity (MW)

Excess

0

17.2

20.1

Insufficient

0

-28.1

-32.2

Penalty cost ($)

Excess

645.3

53.8

35.6

Insufficient

1290.6

212.3

165.5

Net profit
($)

-887

528

541

1904



ZHAO et al.: OPTIMAL SCHEDULING OF DATA CENTER VIRTUAL POWER PLANT IN ELECTRICITY−CARBON JOINT...

the DC and VPP leads to negative net profits in all typical 
days in four seasons, mainly due to the high cost of supply‐
ing the DC load through electricity procurement from the en‐
ergy market. However, under the aggregated operation, the 
DC load can be partially supplied by the RESs and controlla‐
ble resources within the VPP. Even without DR, this aggre‐
gation increases the net profit to $439, $97, $251, and $153 
in typical days in four seasons, respectively. Thus, aggregat‐
ing DC into the VPP yields substantial economic benefits. 
Moreover, the DC participation in the DR program has a sig‐
nificant impact on the net profit of DCVPP. Comparative re‐
sults show an average profit increase of 74.4% for the sce‐
nario with DR implementation compared to that without DR 
implementation, primarily due to the strategic temporal shift‐
ing of batch workloads. These results indicate that DCVPP 
aggregation and DC-side DR jointly improve the economic 
viability of DCVPP operation.

The comparisons of the workload distribution patterns and 
load power of DCVPP with and without DR implementation 
in typical days in four seasons are presented in Supplementa‐
ry Material A Fig. SA3 and Fig. SA4, respectively. Taking 
the typical spring day as an example, during the periods of 
peak electricity prices (07: 00-10: 00 and 17: 00-19: 00), the 
DCVPP strategically reallocates workloads to the low-price 
periods (12: 00-15: 00 and 21: 00-24: 00). This load-shifting 
mechanism serves dual purposes: reducing the operating 
costs and enhancing the bidding capacity of DCVPP in the 
DAM.

To validate the effectiveness of the proposed strategy for 
DCVPP participating in the electricity−carbon joint market, 
three comparative cases are designed in Table IV, with the 
corresponding optimization results detailed in the subsequent 
analysis.

Table V presents the economic and emission comparison 
under different cases across typical days in four seasons. By 
comparing the net profits of Case 1 and Case 2, it can be ob‐
served that when the DCVPP participates only in the energy 
market without engaging in reserve and regulation up/down 
markets, its flexible regulation capability is not fully uti‐
lized, resulting in overall losses. In contrast, joint participa‐
tion in the energy and ancillary service markets increases the 
net profit of DCVPP from -$471, -$750, -$355, and -$944 
to $279, -$11, $192, and -$31, respectively, thus highlight‐
ing the significance of its participation in diversified DAM. 
In addition, Table V illustrates the impact of the CET mecha‐
nism on the profit and carbon emissions of DCVPP. Com‐
pared with Case 2, the daily carbon emissions in Case 3 are 

reduced by 5.6%, 7.6%, 1.2%, and 41% in typical days in 
four seasons, while the net profit increases by $261, $226, 
$252, and $298, respectively. The improvements can be at‐
tributed to the synergistic effects of the electricity − carbon 
trading mechanism. Under this mechanism, DCVPP strategi‐
cally reduces carbon emission costs by decreasing GT utiliza‐
tion, while obtaining additional carbon asset income from 
RES integration for CCER trading. Consequently, the incor‐
poration of the CET mechanism effectively aligns the eco‐
nomic and environmental objectives of the DCVPP.

The results in Table V, together with the RES generation 
and market price profiles shown in the Supplementary Mate‐
rial A Fig. SA2, indicate that the typical spring day exhibits 
the highest overall revenue due to peak RES output, which 
maximizes the bidding capacity and profit of DCVPP  
through the diversified DAM. Compared with the typical 
spring day, the typical autumn day demonstrates marginally 
lower RES output and DAM prices, resulting in slightly re‐
duced revenue. On typical summer day, heavy reliance on 
PV output creates significant diurnal volatility combined 
with peak power loads, necessitating frequent GT unit activa‐
tion during RES output valleys, thereby elevating operating 
costs and restricting overall profitability of DCVPP. On typi‐
cal winter day, constrained RES generation capacity limits 
DAM bidding participation and profit optimization shifts to 
maximize CET gains through strategic carbon emission re‐
duction.

The bidding capacity of DCVPP in the DAM across typi‐
cal days in four seasons is illustrated in Fig. 9, which details 
the bidding capacity allocation of DCVPP across various 
electricity markets. Due to variations in renewable energy 
availability and load demand, the bidding strategies differ 
markedly on these days. It is evident that the bidding strate‐
gy in the DAM dynamically matches the peak and valley 
time of the market price curves, as reflected in Supplementa‐
ry Material A Fig. SA2. When market prices are relatively 
high (05:00-13:00 on typical spring day and 14:00-16:00 on 

TABLE V
ECONOMIC AND EMISSION COMPARISON UNDER DIFFERENT CASES ACROSS 

TYPICAL DAYS IN FOUR SEASONS

Season

Spring

Summer

Autumn

Winter

Case

1

2

3

1

2

3

1

2

3

1

2

3

DAM 
revenue 

($)

4147

4599

4472

3336

4028

3866

3281

3703

3612

3055

3796

2926

CET 
revenue 

($)

269

240

265

350

Operating 
cost 
($)

4618

4320

4200

4086

4039

3890

3636

3511

3433

3999

3827

2909

Carbon 
emission 

(tCO2)

114

93

88

96

84

78

80

68

67

94

76

44

Net
profit 

($)

-471

279

541

-750

-11

216

-355

192

444

-944

-31

267

TABLE IV
DESIGN OF DIFFERENT MARKET PORTFOLIO CASES

Case

1

2

3

DAM

Energy

√
√
√

Reserve

√
√

Regulation up/down

√
√

CET market

CEA

√

CCER

√
Note: √ represents participation of DCVPP in the corresponding market.
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typical summer day), the DCVPP prefers to sell more elec‐
tricity correspondingly. Conversely, during peak load periods 
(01: 00-04: 00 on both typical autumn and winter days), the 
DCVPP reduces its bidding capacity to avoid a shortage of 
internal power supply for load demand. In addition, when an‐
cillary service market prices exceed those of the energy mar‐
ket (05:00-07:00 on typical winter day), the DCVPP strategi‐
cally reallocates the bidding capacity toward ancillary ser‐
vice provision. As further evidenced in Supplementary Mate‐
rial A Fig. SA3, the DC workloads are shifted from the peak-
price periods to the low-price periods, thereby enhancing the 
bidding capacity of DCVPP during peak-price periods. 
These results indicate that the proposed strategy effectively 
exploits the potential flexibility of DCVPP and enables a co‐
ordinated optimization across multiple markets, ultimately 
improving operational economic performance.

E. Sensitivity Analysis

To ensure both conciseness and representativeness, the sen‐
sitivity analysis is conducted on the typical spring day, 
which reflects moderate conditions of RES generation and 
DAM prices. The analysis quantifies the impacts of key pa‐
rameters on operation results to evaluate the robustness of 
the proposed model and strategy.

To investigate the influence of the deviation penalty coeffi‐
cient on the reserve capacity and net profit of DCVPP, a sen‐
sitivity analysis is conducted under different multiples of the 
baseline penalty coefficients φ+ = 1.0 and φ- = 2.0 [18].

Figure 10 presents the impact of penalty coefficient multi‐
ple on reserve capacity and net profit of DCVPP in different 
forecast error correlation scenarios on a typical spring day. 
As shown in Fig. 10, both the upward and downward re‐
serve capacities consistently increase as the penalty coeffi‐
cient multiples increase  on the typical spring day. This indi‐
cates that as the DCVPP operator becomes more risk-averse, 
larger reserve capacities are required to hedge against uncer‐
tainty. Meanwhile, the net profit of DCVPP decreases since 
higher penalty coefficient multiples effectively increase the 

weight of the penalty cost term in the objective function. No‐
tably, with the increase of penalty coefficient multiples, the 
total reserve capacity considering the correlation increases 
more significantly, and the net profit decreases less com‐
pared to that when the forecast error correlation is ignored, 
thus verifying the applicability of the proposed scheme un‐
der different risk preferences.

Supplementary Material A Fig. SA5 depicts how the daily 
net profit and total DR capacity change as the cost coeffi‐
cient of migrating batch workloads increases for DCVPP on 
the typical spring day. As the cost coefficient of migrating 
batch workloads increases, both the DR capacity and net 
profit of the DCVPP decrease. This is because higher migra‐
tion costs increase operating costs for a given workload shift‐
ing strategy. As a result, the bidding capacity and revenue of 
DCVPP in the DAM decrease correspondingly. These results 
indicate that the migration cost of batch workloads signifi‐
cantly affects the enthusiasm of DC to participate in the DR 
program and the profit of DCVPP in multiple markets.

To assess the impact of adjusting the CCER offset ratio 
on the net profit of DCVPP , the original baseline ratio of 
5% is adjusted by ±2 and ±4 percentage points, resulting in 
ratios of 7%, 3%, 9%, and 1%, respectively. The resulting 
net profit of DCVPP and carbon emissions after implement‐
ing these offset ratio adjustments are presented in Supple‐
mentary Material A Fig. SA6. When the CCER offset ratio 
increases from 1% to 9%, the net profit of DCVPP demon‐
strates an upward trend. The minimum net profit of $532.18 
occurs at the offset ratio of 1%, while the maximum net 
profit of $549.46 is achieved at the offset ratio of 9%, repre‐
senting a variation of 3.25%. Carbon emissions exhibit an in‐
creasing trend with higher CCER offset ratios, reaching the 
minimum of 87.67 tCO2 at 1% and the maximum of 87.72 
tCO2 at 9%. This phenomenon occurs because higher CCER 
offset ratios enable the DCVPP to purchase more low-cost 
CCER credits for compliance, thereby reducing its carbon 
emission costs and increasing net profits. Paradoxically, ex‐
cessive reliance on the CCER offset mechanism may dimin‐
ish the incentive of DCVPP to implement emission reduction 
measures, potentially undermining decarbonization efforts.

To quantify the impact of correlation among RESs and 
forecast errors, the baseline correlation matrix is scaled by 
0.25, 0.50, 0.75, 1.00, and 1.25, while keeping all marginal 
distributions and model settings unchanged. All scaled matri‐
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ces remain positive semidefinite. For each scenario, the un‐
certainty model is regenerated and the DCVPP scheduling 
problem is solved. Figure 11 presents the impact of correla‐
tion coefficient multiple of forecast error on reserve capacity 
and net profit of DCVPP on a typical spring day. It shows 
that higher correlation coefficients consistently result in larg‐
er upward and downward reserve requirements, since a stron‐
ger correlation increases the likelihood of simultaneous fore‐
cast deviations, requiring more reserve capacity to hedge the 
joint risks. Consequently, less flexible capacity is available 
for market trading, leading to a decline in net profit of 
DCVPP as the correlation coefficient multiples increase. 
These results indicate that the proposed model and strategy 
respond appropriately to the changes in the correlation ma‐
trix and maintain robust performance across the considered 
correlation coefficient range.

VI. CONCLUSION

This paper presents an operational framework for DCVPP 
that integrates DC with a VPP consisting of WT, PV, ES, 
GT, and RL. Furthermore, an optimal scheduling strategy is 
proposed for the DCVPP participating in the electricity−car‐
bon joint market under uncertainty. From the theoretical 
models and case study results, the main conclusions are 
drawn as follows.

1) Compared with two existing DC load models, the pro‐
posed model achieves a substantially improved fitting accura‐
cy, with a RMSE reduction ranging from 57.9% to 68.8%, 
and a MAE reduction ranging from 64.27% to 69.68%, re‐
spectively. For the cases adopting the proposed model, the 
net profit of DCVPP increases by an average of 36.5% and 
30% across four seasonal typical days, respectively. The re‐
sults illustrate that the proposed model can more accurately 
capture the load characteristics of DC and effectively exploit 
its DR potential.

2) Based on the proposed scheme incorporating forecast 
error correlations, the penalty cost of the DCVPP is reduced 
by 24.41%, while the net profit increases by 2.36% com‐
pared to the scheme that neglects these correlations. Test re‐
sults verify that the proposed scheme can mitigate the penal‐
ty risk of excess and insufficient power caused by forecast 
errors of RESs and load, thereby enhancing the economic 
performance of DCVPP across multiple markets.

3) The proposed strategy for such aggregated DCVPP sig‐
nificantly increases overall profitability while reducing car‐
bon emissions in the electricity−carbon joint market. Test re‐
sults illustrate that the net profit of DCVPP is increased by 

74.4% on average when the DR program is enabled. More‐
over, coordinated participation in the diversified DAM in‐
creases the net profit of DCVPP by $261, $226, $252, and 
$298 for four seasonal typical days, respectively. In addition, 
the integration of the CET mechanism aligns the economic 
benefits with low-carbon objectives in the optimal schedul‐
ing of the DCVPP.

Overall, the results indicate that the proposed strategy is 
well-suited for the practical DCVPP operations in electricity−
carbon joint markets. For DC operators, it systematically ex‐
ploits workload flexibility to provide DR while maintaining 
service continuity and operational reliability. For VPP aggre‐
gators, it enables coordinated management of diverse re‐
sources, thus enhancing revenue robustness and reducing im‐
balance risks under forecast uncertainty. For policymakers 
and market designers, the proposed framework provides an 
implementable approach to integrating carbon trading with 
DR, supporting policy designs that jointly pursue economic 
efficiency and verifiable carbon emission reductions.

Future work will explore the extension to DCVPPs based 
on multiple DCs, enabling such spatial flexibility through 
the coordinated DR and workload migration across geograph‐
ically distributed DCs. In addition, incorporating grid con‐
straints and real-time carbon markets will further enhance 
the practical applicability and decarbonization effectiveness.
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