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Abstract

The exponential growth of the digital economy has transformed data centers into ma-
jor energy consumers, yet their inflexible power consumption patterns and substantial
waste heat generation pose significant challenges to grid stability and carbon neutrality
targets. Existing energy management strategies often overlook the deep coupling potential
between computing workload flexibility, thermal dynamics, and carbon trading mech-
anisms, leading to suboptimal resource utilization. To address these issues, this study
proposes a collaborative low-carbon economic scheduling strategy for data center micro-
grids. A multiple-dimensional coupling framework is established, integrating a queuing
theory-based model for delay-tolerant workload shifting and a heat-determined computing
mechanism for active waste heat recovery (WHR). Furthermore, a mixed-integer linear
programming (MILP) model is formulated, incorporating a linearized tiered carbon trading
mechanism to facilitate source-load coordination. Simulation results demonstrate that the
proposed strategy achieves a dual optimization of economic and environmental benefits,
reducing total operating costs by 11.7% while minimizing carbon emissions to 6879 kg com-
pared to baseline scenarios. Additionally, by leveraging temperature aware load migration,
the daily weighted power usage effectiveness (PUE) is optimized to 1.2607. These findings
quantify the marginal benefits of load flexibility under tiered pricing, providing insights
for operators to balance service timeliness and energy efficiency in next generation green
computing infrastructure.

Keywords: data center microgrid; heat-determined computing; tiered carbon trading;
waste heat recovery; low-carbon economic dispatch

1. Introduction

Driven by the imperative of addressing global climate change and promoting the car-
bon peaking and carbon neutrality strategy, constructing a new power system dominated
by renewable energy has become the core direction of energy structure transformation [1,2].
Meanwhile, the digital economy driven by artificial intelligence, big data, and the Internet
of Things is also experiencing rapid development, establishing computing power as a new
factor of production [3]. However, the data center (DC), the main carrier of computing
power, is characterized by intensive energy consumption. Currently, the annual power
consumption of DCs worldwide exceeds 400 TWh, accounting for 1% to 2% of the global
electricity consumption, and is expected to maintain exponential growth over the coming
decade [4-6]. Due to high-density server clusters, not only is a substantial electrical load
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imposed, but significant carbon emissions also arise from the continuous operation of cool-
ing systems [7,8]. Consequently, the traditional unidirectional power supply architecture
is unable to balance economic efficiency and low carbon emissions under the increasing
demand for high computing power; this limitation further exacerbates the peak-valley
load spread and intensifies the peak regulation pressure on the distribution network [9].
Therefore, establishing a data center microgrid (DCMG) that integrates distributed energy
resources and features source-load interaction capabilities has emerged as a promising
solution for realizing green computing power [10,11].

The existing research on distributed energy management in DCMG primarily concen-
trates on the energy supply side. This research typically adopts the framework concept of
integrated energy systems and integrates components such as microturbine (MT), combined
cooling, heating, and power (CCHP) systems, energy storage systems (ESSs), and other
equipment to enhance energy utilization efficiency [12-14]. For instance, a coordinated
scheduling strategy for cooling, heating, and electrical loads was proposed in [15], primarily
based on CCHP units to enhance primary energy efficiency. Additionally, references [16]
introduced power-to-gas and carbon capture systems, respectively, aiming to improve the
absorption capacity of renewable energy [17,18]. However, most existing studies model
the DC as a rigid load, neglecting the spatiotemporal flexibility of computing tasks. This
drawback is particularly critical under high photovoltaic (PV) penetration, where supply-
demand mismatches often occur. Hence, the system is forced to rely heavily on energy
storage or resort to renewable curtailment to maintain balance, leading to high capital
expenditures and operating costs [19].

On the demand side of computing power, workload scheduling strategies targeting de-
ferrable workloads have been widely adopted to optimize energy consumption or facilitate
cross-regional electricity price arbitrage [20-22]. However, most existing studies utilize a
linear power consumption model based on CPU utilization, which often oversimplifies the
complex electro-thermal conversion mechanism associated with computational processes.
Servers convert approximately 97% of the electricity they consume into low-grade heat [23].
In traditional air-cooled systems, this waste heat is directly dissipated, which not only
results in energy waste but also intensifies the cooling load of the system [24,25]. Thus,
developing approaches to efficiently recover waste heat generated by computing power
scheduling and accurately match it with the heat load of the facility in both time and space
is a pressing interdisciplinary challenge that must be addressed [26].

In terms of solving methodologies, early studies primarily relied on heuristic al-
gorithms, such as particle swarm optimization and genetic algorithms, to address the
scheduling problem of microgrids [27]. However, these algorithms are characterized by
unstable convergence performance and a tendency to remain trapped in local optima. In
contrast, MILP is frequently employed in scheduling strategies due to its ability to achieve
global optimality and its robust computational efficiency [28]. When the carbon trading
mechanism is incorporated, the carbon emission cost will present a piecewise nonlinear
characteristic. This feature will render the scheduling model a nonconvex problem, increas-
ing the complexity of modeling and solving, thereby not guaranteeing a global optimal
solution. Additionally, existing research rarely investigates how computing power flexibil-
ity responds to carbon price signals, limiting the system’s ability to balance high computing
power throughput with low carbon emissions [29,30].

However, existing DCMG scheduling frameworks still face critical limitations. Current
approaches frequently overlook the deep coupling between computing workload flexibility
and thermal dynamics by modeling the DC as a rigid load. Simultaneously, WHR strategies
tend to be passive, failing to achieve active spatiotemporal coordination with thermal
demand, which undermines energy cascading efficiency. Moreover, the lack of a unified
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framework integrating tiered carbon trading with source-load interaction restricts the
system’s capacity to optimize the trade-off between computing throughput and carbon
emissions under nonlinear pricing signals. These limitations undermine the physical
coupling between computing power flow and heat flow. This results in an increased
reliance on carbon-intensive gas boiler (GB) during peak heating demand periods, notably
at night, while DC servers frequently operate at low load. This scenario impedes the
exploitation of their waste heat potential, ultimately leading to a simultaneous waste of
both energy and computing power resources.

In response to the identified research gaps, this study proposes a day-ahead low-
carbon economic scheduling strategy for DCMG. This strategy integrates the temporal
flexibility of computing workloads with the cascading utilization of waste heat, aiming to
establish a deep coupling mechanism among the bit flow, watt flow, and heat flow. The
main contributions of this study are as follows:

1. A coupling model of computing power and energy is formulated based on queu-
ing theory. By characterizing the dynamic backlog and service behavior of delay-
tolerant workloads, the temporal flexibility of computing tasks is accurately mapped
to schedulable electric and thermal loads, overcoming the limitations of traditional
rigid load assumptions.

2. A novel mechanism for cascade utilization of waste heat is proposed, based on
heat-determined computing. This strategy reclaims waste heat from servers via a
heat pump and actively remodels the temporal profile of computing workloads in
alignment with thermal demand. This mechanism facilitates a deep coupling between
computing workload scheduling and thermal energy utilization, transforming the DC
into a schedulable, flexible heat source within the microgrid system.

3. A source-load coordinated optimization strategy is developed based on a tiered
carbon trading mechanism. The nonlinear piecewise carbon cost is linearized using
the Big-M method to formulate a MILP model amenable to efficient solving, facilitating
the joint optimization of energy complementarity, temporal shifting of computing
workloads, and carbon cost constraints within a unified framework.

2. System Model

The DCMG in this study operates in a grid-connected mode, as illustrated in Figure 1.
On the energy supply side, the system interfaces with the utility grid and the natural gas
network to access external energy sources. Simultaneously, a PV array serves as the primary
distributed renewable energy source. In the energy conversion and storage stage, the
system aggregates various forms of electric energy through an AC/DC hybrid busbar. This
integration includes an MT, a GB, and an ESS. Moreover, it establishes a cascade utilization
architecture for thermal energy. Specifically, the high-temperature exhaust gas from the MT
is efficiently recovered via a heat exchanger, while the low-grade waste heat generated by
the DC is reclaimed by an electric waste heat pump (WHP). These components operate in
conjunction with the GB to satisfy the campus heat load. Furthermore, the DC/AC hybrid
busbar supplies power to the base electrical load (BEL) and the DC within the campus. The
energy consumption of the DC consists primarily of two components: IT equipment and the
cooling system. This configuration facilitates the deep physical coupling of computation,
electricity, and thermal energy flows.
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Figure 1. Schematic Diagram of the DCMG.

2.1. Computing—Energy Coupling Model of Data Center

The DC acts as the core dispatchable resource within the DCMG. Here, the transmis-
sion and processing of computing tasks are conceptualized as “bit flow,” representing the
information load that interacts with the physical “watt flow” (electricity) and “heat flow”
(thermal energy) within the coupled system. To quantify the flexibility of computing work-
loads, the total workload is classified into two categories: delay-sensitive workloads and
delay-tolerant workloads. Specifically, queuing theory is applied to formulate a dynamic
load model for delay-tolerant tasks, characterizing their potential for temporal shifting
within specified time windows. In this study, the computing workload represents the
service request arrival rate, measured in Tasks/h. It determines the server CPU utilization

based on the cluster’s maximum processing capacity.

2.1.1. Workload Queuing Model

The dynamic update mechanism of the delay-tolerant workload queue is formulated as:

Qflex,t = Qflex,t—l + D}V;ext D?;:; + vt € T/ (1)

where Qjjey+ denotes the queue backlog of delay-tolerant tasks at the end of time slot ¢,
D}’} ex,s and Dj’jl ox,+ Tepresent the arriving workload and the actually processed workload
during this period, respectively.

To guarantee quality of service, the queue length and processing rate must satisfy the
following physical constraints:

0 < Qftors < Al ?)

0< Dsen,t + D;er:;t < Ngo - fmax/ (3)

where Qma’;f

denotes the maximum capacity of the task queue buffer. D, ; represents the
arrival workload of delay-sensitive workloads that require immediate processing during
time slot t. Ns;, denotes the number of active servers, and f;,x indicates the maximum

processing rate of a single server (Tasks/h).
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To prevent task backlogs or losses within the scheduling horizon, the workload con-
servation constraint must be satisfied:

roc 1
Z Dfplex,t = Z D;‘rllex,t' (4)
teT

teT

2.1.2. Server Energy Consumption

The resource utilization status of the server cluster must first be defined to establish the
correlation between computing workloads and physical energy consumption. Assuming
that task scheduling within the cluster satisfies load balancing conditions and that the
processing rate is linearly correlated with computing resource usage, the average CPU
utilization rate during time slot ¢, denoted as up, ¢, is modeled as the ratio of the current
processing workload to the maximum processing capacity:

Dsen,t + D}J;S;’t
Ucpu,t = W- ®)

Consequently, the total power consumption of the servers, Pserp ¢, can be expressed as
a linear function of the CPU utilization rate ucpy,:

Pserv,t = Noro * [Piate + (Ppeak — Pidte) - ticpu,tl, (6)

where Pjj;, and Py, represent the idle power consumption and peak power consumption
of a single server, respectively.

Although the power consumption of individual servers exhibits nonlinear charac-
teristics in practice, the linear approximation provides an acceptable trade-off between
accuracy and computational complexity for system-level scheduling [12]. This linearization
preserves the convexity of the problem, ensuring that the proposed MILP model can be
solved efficiently with a global optimal guarantee.

2.1.3. Cooling System Model

The total power consumption of the DC, denoted as Ppc, consists of server power
and cooling power. The cooling power consumption is not solely determined by the
heat dissipation of IT equipment but is also highly sensitive to the ambient temperature,
Tamp,t- To characterize this variable operating condition, this study utilizes the temperature-
dependent coefficient of performance (COP), denoted as COP(T,,;,+). The total power
model is formulated as:

1
P, =P |1 COP(Typs) ) 7
DCt = Lservt ( + COP(Tumb,t)> !

This formulation indicates that shifting a portion of computing workloads to nighttime,
characterized by lower ambient temperatures, can enhance the COP, thereby effectively
reducing cooling energy expenditure. Although COP-based model simplifies the complex
thermodynamics of cooling systems (e.g., neglecting humidity variations and specific cooling
architectures) but is widely adopted in microgrid dispatch problems to capture the primary
impact of ambient temperature on energy efficiency [7]. While simplified, it sufficiently
characterizes the hourly energy baseline for the proposed day-ahead optimization framework.
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2.2. Energy Conversion and Storage Devices
2.2.1. Waste Heat Recovery Model

Assuming that the electrical energy consumed by servers is almost entirely dissipated
as heat, the electro-thermal conversion coefficient is defined as #,,,;. The waste heat
generation can be expressed as:

Qwaste,t = Nheat * Pserv,t/ ®)

where Qqaste,t Tepresents the total waste heat generated by the server cluster during time
slot t.

To account for physical limitations in the recovery process, the actual thermal energy ab-
sorbed by the heat pump, denoted as Q 4, is constrained by the capture efficiency constraint:

0< Qabs,t < Heap * Qwaste,t/ 9)

where 71¢,p denotes the efficiency of capturing waste heat. In this study, the electro-thermal
conversion efficiency #y,,; is set to 0.97, as suggested in [23]. The waste heat capture
efficiency 7, is set to 0.80. This value represents a conservative benchmark for modern
DCs with WHR capabilities [5]. Based on the law of conservation of energy, the total heat
energy supplied to users by the heat pump, denoted as Qe+, comprises the absorbed waste
heat and the electrical power consumed by the compressor, Py pp ;. Modeling the heating
COP as COPwpp, the relationship is formulated as:

Qrec.t = Qavst + Pwap,t = Pwrp,t - COPwpp. (10)

The equations presented above form the foundational principles of the heat-
determined computing mechanism. Specifically, when there is an increase in thermal
demand, the system can optimize the task and proactively increase computing workload
allocation to boost the recovery of waste heat. This strategy enables the system to effectively
meet heating demands by operating the heat pump efficiently.

2.2.2. Microturbine Model

As a dispatchable power generation unit, the output power of the MT in time slot £,
denoted as Py T, must satisfy the following capacity constraints to ensure safe operation:

upmT i PI < Payr s < umr, P, (11)

where 1T is a binary commitment variable (taking 1 for ON and 0 for OFF), while
Pitin and PJi4¥ represent the minimum stable output and maximum rated output of the
MT, respectively.

To prevent equipment damage caused by frequent power fluctuations, the ramping
rate is constrained to restrict the power variation between consecutive time slots:

MT MT
_Rmmp S PMT,t - PMT,tfl S Rramp/ (12)

where Rﬁ\ﬂ;p denotes the ramping rate of MT. This constraint aims to restrict the range

of output changes between two consecutive periods, ensuring the MT operates smoothly
and reliably.

In parallel, the MT functions as the core cogeneration unit within the microgrid. It
generates electric power while the discharged high-temperature flue gas serves as a signifi-
cant supplementary heat source. To characterize its thermoelectric coupling characteristics,

https://doi.org/10.3390/en19030699
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this study assumes that MT operates with a fixed heat-to-power ratio, exhibiting a linear
relationship between heat output and electric power output:

Qmrt,t = Pmr,i - YMT, (13)

where Q1+ represents the effective heating power in time slot ¢, and ;1 denotes the heat-to-
power ratio. This equation reflects the device’s WHR capability per unit of power generation.

2.2.3. Gas Boiler Model

As a supplementary heat source within the DCMG, the GB is primarily utilized
to compensate for thermal supply deficits when the recovered waste heat from the MT
and other sources is insufficient to meet the campus thermal load. The heat generation
process is characterized by its thermal conversion efficiency. Accordingly, the relationship
between the generated heat power, Qcp ¢, and the consumed natural gas power, Pqys B 1, 18
formulated as:

QGB,t =1GB* Pgas,GB,t/ (14)

where 716 represents the thermal conversion efficiency of the GB.
To ensure operational safety, the thermal output of GB must satisfy the following
capacity constraint:

0< Qcrt < QCE (15)

where QG7!, denotes the rated maximum heating power of the GB. In the context of
the thermal power balance, the GB output is dispatched to mitigate heat load shortages.
Consequently, the associated natural gas consumption and the resulting carbon emission
are integrated into the system’s total operating cost objective.

2.2.4. Energy Storage System Model

The ESS facilitates peak shaving and valley filling through temporal energy shifting
(charging and discharging across different periods). This study employs a generic state of
charge (SOC) model to characterize its dynamic evolution:

1s

Py;
Epatt = Eparp—1(1—0) + <77chpch,t - 71m> At, (16)

where Ep; ; denotes the energy stored in the ESS at time slot ¢, ¢ represents the self-
discharge rate, P, ; and Py ; represent the charging and discharging power in time slot
t, respectively, while At denotes the scheduling time interval. In this formulation, the
charging energy is multiplied by the efficiency, while the discharging energy is divided by
the efficiency, to strictly account for internal energy losses.

The charging and discharging powers are bounded by the following operational constraints:

0 < Pt < theni Py, (17)

0< Pdis,t < udis,tP,Z‘lsax/ (18)

where u.y, ; and ug;, ; are binary status variables indicating the charging and discharging
states (1 for active, 0 for inactive). P} and P}i’* represent the maximum allowable
charging and discharging power, respectively.

To ensure safe operation, the capacity constraint is defined as:

0.1EJ!* < EIex < 0.9E™, (19)
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The SOC window of [10%, 90%] is selected to optimize the trade-off between capacity
utilization and longevity. Physically, avoiding extreme states mitigates electrode stress [31]
while retaining 80% effective capacity. Operationally, the upper margin serves as a buffer
for unpredicted PV surpluses, enhancing system robustness.

Furthermore, to prevent the ESS from charging and discharging simultaneously within
the same time slot, a complementarity constraint is imposed:

Uep,t =+ Ugdis t <L (20)

This inequality constraint allows for the idle state (where u., ;, = 0 and uy;5, = 0), en-
suring that the ESS can hold its energy state without charging or discharging when necessary.

Finally, to guarantee the sustainability of the scheduling cycle, the energy state at the
beginning and the end of the period must remain consistent:

Ebut,O = Ebﬂt,T' (21)

While battery aging is physically nonlinear dependence on the depth of discharge, in-
corporating such non-convex characteristics would compromise the computational tractabil-
ity of the global optimization. Therefore, this study adopts a linearized approach: deep
discharge is physically prevented by the strict SOC constraints defined in Equation (19),
while cycle degradation costs are implicitly amortized into the operation and maintenance
coefficient (J; in Equation (27)).

2.3. Power Balance Constraints
2.3.1. Electrical Power Balance

To guarantee the stable operation of the DCMG, the real-time balance between electri-
cal supply and demand must be strictly maintained. The electrical power balance constraint
is formulated as:

Ppurchuse

Ppy ¢ + Pmr + Poyig

+ Pyist = Ppct + Pwrp,t + Pent + PeLt + Ploss ¢ (22)

Ppurchuse
grid,t
the power purchased from the utility grid. Ppgy s represents the non-IT BEL of the campus,

where Ppy ; denotes the output power of the PV system in time slot ¢, represents
and P, ; represents the aggregate power losses, calculated as 2% of the total electrical
demand to account for transmission and conversion inefficiencies. This equation ensures
that the aggregated power supply meets the total demand of all electrical loads, thereby
maintaining the electrical equilibrium of the system.

2.3.2. Thermal Power Balance

Similarly, the system’s thermal balance is governed by the following constraint:

Qrec,t + QGB,t + QMT,t = Qload,t + Qloss,t/ (23)

where Qjy,4; is the total thermal load demand of the campus in time slot ¢, and Qs s
denotes the thermal energy dissipation during transmission, set as 5% of the thermal load
in the revised model. This equation indicates that the server waste heat recovered by the
heat pump, the MT waste heat, and the supplementary heat from the boiler collaboratively
satisfy the thermal load, thereby preserving the thermal equilibrium on the demand side.
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3. Low-Carbon Economic Dispatch Considering Tiered Carbon Trading

The low-carbon economic dispatch strategy proposed herein establishes a multiple-
level architecture, as shown in Figure 2. This framework comprises three core layers:
the deterministic data input layer, the source-load—carbon coupling modeling layer, and
the MILP formulation and solution layer. By integrating the aforementioned computing
power and thermoelectric characteristics with the introduced carbon economic model, the
framework realizes the optimal dispatch through the solution layer based on MILP.

Layer 1: PV & Load Computing-Power ‘Heaf-l’ower Carbon-Economy
Determinisic Forecn D | Model Coupling Mode Model
Data Input Queuing Model Heat-Determined Carbon Emission
”””””””””””””””””” (Eqgs. 1-2) Computing Mechanism| Flow Calc
(Egs. 5-7) (Egs. 29-31)
@ Market Price
Parameters
aver . -+ -+
L‘].‘el 2: (TOU/Carbon)
i‘o “l‘c;_Lo;Id_;?.l e Task Time-Shifting Nt icat y Tiered Carbon Trading
-oupling Modeling Worklsai Strategy (Eqs. 3-4) Reu()]\;(:;;y ;«;tse)nhal (Eqgs. 32-38)
Arrival & Delay -
Parameters
Layer 3:

MILP Formulation & Solution

Figure 2. Hierarchical Scheduling Framework for the DCMG.

3.1. Objective Function

Formulating a day-ahead scheduling optimization model for the DCMG based on the
previously described system model. The objective is to minimize both the comprehensive
operating cost and carbon emissions by coordinating the output of each distributed energy
source, the charging and discharging strategies of the ESS, and the temporal shifting of
flexible computing tasks. This optimization ensures that the system maintains energy
balance and adheres to equipment operating boundaries. Consequently, the total cost
within the scheduling cycle T can be defined as:

T
minF = Z (Cgrid,t + Cgast + Com,t) + Cearpon- (24)
t=1

The total cost comprises expenditures for electricity purchasing, natural gas consump-
tion, equipment operation and maintenance, and carbon emission costs associated with the
tiered carbon trading mechanism.

The electricity purchase cost is calculated based on the power drawn from the grid
and the corresponding time-of-use (TOU) electricity price cgg s:

urchase
Coridt = Cgrid,tpgrid,t At. (25)

The natural gas cost accounts for the fuel consumption of both the MT and the GB:

P,
MTt QcB,t A,

26
mMT NGB (26)

Cgus,t = Cgas(
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where cgy;s is the unit energy price converted from the lower heating value (LHV) of natural
gas, pr and #gp denote the power generation efficiency of the MT and the thermal
efficiency of the GB, respectively, while Py and Qgp ¢ correspond to the electrical power
of the MT and the heating power of the GB.

The equipment operation and maintenance cost is modeled as a linear function of
the output:

Com,t = 2 (Skpk,tAt/ (27)
ke
where () denotes the set of controllable equipment, Py ; is the output power or load level of
equipment k, and J, is the corresponding operation and maintenance cost coefficient per
unit output.

The calculation of the carbon cost C,,40,, is based on a stepped carbon price mecha-
nism [32]. Given that the piecewise structure introduces nonlinearity incompatible with
direct MILP formulation, its linearized expression using the Big-M method is detailed in
Section 3.2. Consequently, the cumulative carbon cost obtained after linearization is:

M
Ccarhon = Z )\mEseg,m' (28)
m=1

The objective function is formulated to balance model fidelity with computational
tractability. Specifically, computational feasibility is guaranteed by linearizing the carbon
trading costs (via the Big-M method) and battery degradation (via cost coefficients), which
maintains the convexity required for efficient global optimization. Concurrently, modeling
accuracy is preserved by retaining key physical constraints, such as the temperature-
dependent cooling efficiency and strict SOC boundaries.

3.2. Linearization of the Stepped Carbon Trading Mechanism

To precisely capture the low-carbon attributes of DCs and align with green incentive
policies for digital infrastructure, this study adopts an output-based baseline method for
determining the system’s carbon quota, moving away from fixed carbon quota schemes.
The net carbon emissions Ej, of the system within the scheduling cycle are defined as the
difference between the actual emissions E,,, and the free quota Egyota:

Enet = Eactual - Equotu- (29)

The actual emissions originate from electricity procurement and natural gas consumption:

T

o ) purchase pMT,t QGB,t
Eactual - ; ((Pgrzdpgrid,t + (Pgas( M + 777@3 ))At, (30)

where ¢,ig and ¢gqs are the unit emission factors for the grid and fuel, respectively.
Acknowledging the dual identity of the DC as both an energy consumer and com-
puting power producer, its free carbon quota Egyot, comprises three parts: the purchased
electricity quota, the natural gas consumption quota, and the computing service quota.
To operationalize the output-oriented low-carbon incentive mechanism, the model
explicitly links DC’s carbon quota to its actual computing throughput. In contrast to
traditional allocation methods based on fixed quotas or input flows, this mechanism con-
ceptualizes effective computing services as a type of carbon asset. Carbon emission rights
are granted strictly contingent upon the completion of computing tasks. This workload-
based allocation mechanism effectively prevents the unmerited acquisition of carbon quotas
under idle or inefficient conditions, while simultaneously driving scheduling strategies
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to prioritize task optimization to secure additional emission quotas. Its mathematical
expression is as follows:

T

Equta = 1| (GePJ™ + 85+ S8t 40, (Do + D) |, 6D
where 6, and J; denote the carbon quota allocation coefficients for unit electricity purchase
and unit natural gas consumption, respectively. In this study, these values are set to
0.4 kg/kWh and 0.18 kg/kWh, respectively. While adhering to the ladder-type carbon
trading mechanism described in [32], these coefficients are specifically selected to reflect
a regional power grid with a high penetration of renewable energy. Additionally, J,
represents the carbon quota incentive coefficient for computing workloads. To incentivize
active workload processing, this coefficient is empirically set to 0.05 kg per unit of workload.
This parameterization conceptually aligns with the computation—power-coupled modeling
framework [12], transforming the computing load from a mere energy consumer into a
functional carbon asset. It is important to note that the proposed mechanism allows for
negative net carbon emissions (Ez; < 0). When the actual emission is lower than the
allocated quota, the surplus quota can be sold to the carbon market, generating revenue
(i.e., negative cost) in the objective function.

The stepped carbon price formula is defined as:

/\m - )\buse(l + (m - 1)0‘)/ (32)

where A, is the carbon price of the segment m, A, is the base price, and « is the price
growth rate.

The stepped carbon trading mechanism partitions the net emissions E;,; into multiple
intervals, assigning a distinct carbon price to each. Although its original piecewise function
has clear economic significance, its inherent nonlinearity is incompatible with standard
linear solvers. To facilitate its integration into the MILP solution framework, segmented car-
bon emission quantities Esg,» and their corresponding binary variables i, are introduced
to reconstruct the carbon cost model linearly. The expression after linearization is:

M

Cearbon = 2 AmEseg,mr (33)
m=1
M

Enet = Z Eseg,m- (34)
m=1

To guarantee that the segments are filled in a strictly sequential manner, the following
constraints must be satisfied:

0 < Esegm < Lseg - i, m=1,... M—1, (35)
Esegm > Lseg - 1, m=1,...,.M—1, (36)
0 S Eseg,M < Mhig * W, (37)
Uil S pm, m=1,..., M—1, (38)

where Lsq is the segment length and My, is a sufficiently large positive constant, used to
characterize the upper limit of the final emission interval, fulfilling the boundary constraint
required for MILP solvability. The binary variable y,;, € {0,1} enforces the logic that a
segment is only utilized after the preceding segment is fully saturated. Consequently, the
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linearized mathematical representation of the carbon price mechanism aligns precisely
with the original objective function.

3.3. Constraints and Solution Algorithm

The scheduling model must satisfy energy conservation laws, the physical operation
boundaries of equipment, and carbon emission regulations. Specifically, regarding the elec-
trical and thermal sides, the system must strictly adhere to the power balance Equation (22)
and thermal balance Equation (23) detailed in Section 2 for every time slot, thereby ensuring
the conservation relationship of energy flow among different equipment. Conversely, the
operation boundaries for each component, including power upper/lower limits, ramping
rates, energy storage state updates, and charging/discharging mutual exclusion constraints,
are enforced as explicitly defined in the modeling of Section 2. The processing of flexible
computing tasks is governed by Equations (1)—(4) to ensure completion within allowable
delays without queue overflow. Concurrently, the carbon segment variable Esq¢ , and state
variable y,,, governed by Equations (29)-(38), constitute the relevant constraints for carbon
emission, enforcing the precise distribution of net emissions within the segmented intervals.

By integrating the aforementioned constraints with the objective function in Equation (24)
formulated earlier, this study casts the day-ahead scheduling problem of the DCMG as a
MILP model:

T M
mxint; (Cgrid,t + Cgas,t + Com,t) + mZ::l /\mEseg,m (39)
Power balance : Equation (22)
Heat balance : Equation (23)

Flexible workload constraints : Equations (1)-(4) in Section 2

s.t. (40)

Device operating constraints : Equations (5)-(21) in Section 2
Carbon — segment constraints : Equations (29)-(38)
x e RU{0,1}

where x represents the comprehensive set of decision variables, including equipment
power, energy storage status, task processing volume, carbon segment variables, etc. This
model can be efficiently solved using the commercial solver CPLEX, yielding the optimal
computing power scheduling strategy, electro-thermal resource coordination, and net
carbon emission management scheme for each time slot [17].

4. Simulation Results and Analysis
4.1. Simulation Setup and Input Data

To verify the effectiveness of the proposed coordinated computing and thermal low-
carbon scheduling strategy, a day-ahead simulation platform is constructed. The scheduling
horizon is set to 24 h with At = 1h. The parameters of the key system devices are listed in
Table 1. The proposed MILP model is solved using CPLEX with a duality gap tolerance
of 0.01% and an average runtime of <10 s. To ensure linearization accuracy, the carbon
emission segmentation interval (Lseg) is set to 500 kg, and the Big-M parameter is set to 106,

Table 1. System specifications and simulation parameters.

Category Parameter Symbol Value Unit

Server Cluster Peak Power Ppeak 550 kw

Data Center Server Cluster Idle Power Piare 100 kW
Max Delay Tolerance Diax 2 h
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Table 1. Cont.
Category Parameter Symbol Value Unit
Max Output Power PyF 600 kw
. . Generation Efficiency MT 0.35 -
Microturbine Heat-to-Power Ratio YMT 1.29 -
Ramping Rate RMT . 200 kW/h
Rated Capacity Ep* 800 kWh
Energy Storage Max Charge/Discharge Power L 200 kw
Charging/Discharging Efficiency Hen/ Yais 0.95 -
Gas Boiler Max Heating Output CE 1000 kW
Gas Boiler Efficiency NGB 0.90 -
Thermal Devices Waste Heat Pump COP COPwup 3.5 -
Electro-thermal Efficiency Wheat 0.97 -
Waste Heat Capture Efficiency Heap 0.80 -
Cooling System Cooling Efficiency (Variable) COP(Tympt) 3.0-4.5 -
Natural Gas Price Cgas 3.25 CNY/m3
Natural Gas Lower Heating Value LHVggs 9.7 kWh/m3
Carbon Trading Base Price Abase 0.25 CNY/kg
Carbon Price Increase Rate o 0.25 -
Economic Carbon Interval Length Lseq 500 kg
Grid Emission Factor berid 0.45 kg/kWh
Natural Gas Emission Factor Pqas 0.20 kg/kWh
Carbon Quota Coeff. (Grid) e 0.40 kg/kWh
Carbon Quota Coeff. (Gas) ¢ 0.18 kg/kWh
Carbon Quota Coeff. (Workload) 64 0.05 kg/Task
N K Electrical Loss Coefficient - 2% -
etwor Thermal Loss Coefficient - 5% -

In this study, the typical daily load profile of a campus is adopted to characterize
the multiple energy coupling operation environment of the DCMG, as shown in Figure 3.
Specifically, Figure 3a depicts the diurnal PV generation and the ambient temperature.
Evidently, the PV generation peaks around 12:00, exhibiting a strong positive correlation
with the ambient temperature curve. However, Figure 3b reveals that an increase in
ambient temperature also leads to an increase in the DC’s cooling energy consumption.
Consequently, the superposition of the BEL and the cooling load on this typical day makes
the overall electricity demand higher throughout the day. Conversely, the heat load in
Figure 3b peaks at night, and it has a complementary characteristic with the power load
at this time. Figure 3c illustrates the arrival process of the workload, where tolerant
tasks constitute 40% of the total workload, serving as the key controllable resource for
implementing the proposed load transfer in this study. Finally, a significant price spread
(0.3-1.2 CNY/kWh) is established via the TOU tariff as depicted in Figure 3d, providing
economic incentives for energy storage arbitrage and workload scheduling optimization.

To evaluate the performance of different scheduling strategies, four comparative
scenarios are established, as outlined in Table 2. Case 1 serves as the baseline scenario, which
excludes both workload shifting and WHR, and participates in carbon trading passively (i.e.,
calculating the carbon cost without optimization measures). Case 2 introduces workload
shifting but does not consider the WHR. Case 3 enables WHR but does not implement the
workload shifting. Finally, Case 4 integrates the full collaborative strategy proposed in
this study. Apart from the different strategy settings, the equipment capacity and external
environmental conditions of the four scenarios remain identical.
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Figure 3. Typical daily profiles of the DCMG: (a) PV generation and ambient temperature; (b) base
electrical and thermal loads; (c) sensitive and tolerant tasks distribution; and (d) TOU electricity tariff.

Table 2. Configuration of comparative scenarios.

Scenario Workload Shifting = Waste Heat Recovery

Description

Case 1

Case 2
Case 3

Case 4

v -
- v

v v

Baseline: Basic operation under carbon trading
mechanism without active optimization.
Optimization with flexible workload shifting only.
Optimization with waste heat recovery only.
Proposed: Joint optimization of computing, energy,
and carbon.

Note: The carbon trading mechanism is considered in all scenarios. The symbol “v” indicates that the correspond-

ing strategy is implemented, while

“_n

indicates it is not.

4.2. Analysis of Multiple Energy Flow Coordination Mechanism

As illustrated in Figure 4, unlike the passive load-following mode in Case 1, Case 4
dynamically adjusts the computing load based on the time-varying electricity prices shown
in Figure 3d. Specifically, to minimize operational costs, the system proactively reduces the
computing load during peak price periods (10:00-15:00 and 18:00-21:00). Conversely, the
accumulated delay-tolerant tasks are concentrated and processed during the flat and valley
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price periods (15:00-17:00 and after 22:00). This shifting strategy exploits low-cost electricity
and provides a cost-effective heat source for WHR to satisfy the nighttime thermal demand.

—m- Original Profile (Case 1) == Optimized Profile (Case 4)

1200 4

1000 ~

800 ~

600 -

400 H

Computing Workload (Units)

[\

(=)

[}
1

0 1 J 1 1 J 1
4 8 12 16 20 24
Time of Day (h)

Figure 4. Comparison of computing workload profiles: Passive operation (Case 1) vs. Proposed
optimized scheduling (Case 4).

To validate the power allocation characteristics under the multiple energy comple-
mentary mechanism, Figure 5 illustrates the electrical energy scheduling strategy in Case 4.
During the daytime (10:00-15:00), the system’s energy supply is dominated by PV gen-
eration. In contrast, during the evening, as PV output diminishes and electricity prices
surge, the MT ramps up its output to support the electrical load in coordination with
the ESS. This dispatch mode not only mitigates high electricity purchasing costs but also
effectively responds to the surging load demand at night (as shown in Figure 3b). These
results demonstrate that the coupled electro-thermal dispatch efficiently realizes energy
cascading utilization, thereby significantly reducing basic operating costs while enhancing
the system’s balancing capability.

2000 4 I Grid Purchase [l Microturbine [l ESS Discharge
PV Generation =@= Electrical Load
1800 A
— 1600 A
=4 1400 A
B
1200
5
— 1000
g
‘5 800 A l.-
3
m 600 - ==
400 H ===
1
200 PR
1
0 i T
4 8 12
Time of Day (h

Figure 5. Electrical power dispatch results and source-load balance analysis under the proposed
strategy (Case 4).

Figure 6 details the thermal scheduling strategy in Case 4. Driven by the workload
shifting strategy shown in Figure 4, the system generates substantial waste heat during
cold nights to meet the high thermal load. Consequently, the WHR from the DC increases
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significantly during 00:00-07:00 and 22:00-24:00, thereby displacing the output of the
carbon-intensive GB. Entering the evening peak pricing period (18:00-22:00), the MT takes
over as the dominant heat source. The MT is dispatched primarily to respond to high
electricity prices, and its high-temperature byproduct heat satisfies most of the heating gap.
During the daytime (10:00-16:00), the thermal demand is mainly sustained by the MT’s
low-level output. This strategy enhances the system’s energy utilization efficiency while
guaranteeing thermal supply security.

900 4 I Gas Boiler I Microturbine
[ Waste Heat Recovery =—=@= Heat Load

800

(kW)
o =
g 8
L L

500

400

Thermal Power (kW

300
200

100

4 8 12 16 20 24
Time of Day (h)
Figure 6. Thermal power dispatch results and source-load balancing characteristics under the

proposed strategy (Case 4).

To evaluate the dynamic regulation performance of the ESS under the proposed
strategy, Figure 7 illustrates the charging/discharging profiles and SOC variations over
a 24 h cycle. As observed, the ESS rapidly charges to 90% during low-electricity-price
intervals (06:00-07:00 and 15:00-17:00) and subsequently performs deep discharging during
high-price and peak-load periods (10:00-12:00 and 18:00-20:00). By shifting energy from
low-cost to high-cost windows, this operational pattern effectively supports computing
load demands. In addition, the results demonstrate that the proposed strategy maintains
the ESS within safe operating limits (10-90%), which not only enhances net load stability
but also strikes a balance between economic efficiency and scheduling flexibility.

1 T T T
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o
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Figure 7. Optimal scheduling of the ESS under the proposed cooperative strategy (Case 4): charg-
ing/discharging power and SOC evolution.
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4.3. Comparative of Analysis of Economic and Environmental Benefits

Regarding economic performance, the collaborative optimization strategy (Case 4)
exhibited the best results. As shown in Figure 8a, the total operating cost decreased to
9585 CNY, representing an 11.7% reduction compared to the benchmark scenario (Case 1).
Notably, this decrease significantly exceeded the simple linear superposition of the effects
produced by workload shifting alone (Case 2) or WHR alone (Case 3). This nonlinear
gain is attributed to the deep coupling of multiple dimensional resources: the system can
synchronously mobilize the flexibility of the computing load and the throughput capacity
of the ESS so as to maximize the arbitrage space brought by the peak-valley price difference.
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Figure 8. Comparison of system performance metrics across benchmark scenarios (Case 1-3) and the
proposed cooperative strategy (Case 4): (a) Total operational cost; and (b) Carbon emissions.

In terms of environmental impact, Case 4 also showed the best performance, with the
lowest carbon emissions (6879 kg) in each scenario as illustrated in Figure 8b. This result
indicates that the proposed strategy successfully breaks the common trade-off between
economy and environmental protection and effectively reduces the carbon footprint of the
system while achieving superior cost control. This means that the strategy can achieve
dual optimization of economic and environmental benefits under the current price and
emission system.

To quantify the energy efficiency performance at the physical level, a dynamic PUE
metric is introduced as shown in Figure 9. Distinct from constant PUE models, actual
operation demonstrates significant sensitivity to ambient temperature, where PUE values
fluctuate markedly between 1.22 and 1.33 (Figure 9a). Leveraging this physical characteris-
tic, the optimization strategy establishes a temperature-aware mechanism that proactively
shifts flexible computing loads from high-temperature (high PUE) daytime intervals to
cooler nighttime periods. This temporal alignment effectively lowers the cooling over-
head per unit of computing load, optimizing the daily weighted average PUE in Case 4
to 1.2607, compared to 1.2621 in the benchmark scenario (Figure 9b). Even though the
number change seems small, it is a real improvement in cooling efficiency that was achieved
without changing any hardware. For a facility with the 550 kW peak capacity specified in
Table 1, this 0.11% improvement translates to a cumulative daily cooling energy saving
of approximately 11.1-18.5 kWh. In hyper-scale DC deployments, such software-defined
“zero-cost” efficiency gains are highly significant, as they enable the system to fully ex-
ploit its operational efficiency potential, thus negating the need for the substantial capital
expenditures (typically tens of millions of CNY) usually associated with hardware retrofits.
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Figure 9. Analysis of physical energy efficiency: (a) Variation in dynamic PUE with ambient tempera-
ture showing operation points from Case 4; and (b) Improvement in weighted average PUE achieved
by the proposed strategy compared to Case 1.

Table 3 summarizes the quantitative improvements in economic cost, carbon emissions,
and average PUE across the four scenarios. It is evident that Case 4 achieves the optimal
balance among all performance indices.

Table 3. Comparison of economic and environmental performance among scenarios.

Case 1 Case 4 Improvement
Performance Index (Baseline) Case 2 Case 3 (Proposed) (vs. Case 1)
Total Operation Cost (CNY) 10,857 10,310 10,232 9585 11.7%
Total Carbon Emission (kg) 7095 7089 6917 6879 3.0%
Average PUE 1.2621 - - 1.2607 0.11%

4.4. Sensitivity and Robustness Analysis

To evaluate the impact of load flexibility on economic performance, Figure 10 shows
the operating cost under different maximum delay-tolerances (D;4x). The results show a
clear trend of diminishing returns: In the initial stage (0-2.5 h), the cost drops significantly.
This indicates that allowing even a short delay enables the system to avoid peak electricity
prices, leading to rapid cost savings. However, as the delay-tolerance increases further
(especially beyond 4 h), the cost stabilizes near a saturation limit. This is because once the
load has been shifted to periods of high PV generation or low electricity prices, extending
the delay-time offers no further benefit due to physical constraints such as battery capacity.
Therefore, the data suggests that a delay range of 2-3 h is the optimal balance between cost
efficiency and service timeliness.

To further verify the stability of these findings, the sensitivity of the total operational
cost to economic and environmental uncertainties-specifically carbon price growth rates
and PV forecast errors-was investigated. As illustrated in Figure 11a, the economic ranking
of the four scenarios (Case 1 > Case 2 > Case 3 > Case 4) remains strictly consistent across
a wide range of carbon price growth rates (10% to 60%). This stability confirms that the
proposed collaborative strategy provides persistent economic benefits regardless of varying
carbon market intensities. Furthermore, Figure 11b depicts the impact of PV forecast errors
from —30% to +30%. While absolute costs fluctuate with renewable availability, Case 4
consistently achieves the lowest cost profile even under significant generation deficits.
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This demonstrates that the “heat-determined computing” mechanism is robust against
the inherent stochasticity of source-side energy supply, ensuring reliable performance in
practical deployment.
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Figure 10. Sensitivity analysis of total operational cost of the proposed strategy (Case 4) with respect
to maximum delay-tolerance.
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Figure 11. Robustness check of total operational cost: (a) Impact of carbon price growth rate;
(b) Impact of PV forecast error.

5. Discussion

The results presented in this study rely on specific modeling assumptions to main-
tain the computational tractability of the MILP framework. Primarily, the server power
consumption is modeled as a linear function of CPU utilization, and the thermodynamic
model adopts a simplified ambient-temperature-based approach. Additionally, the mi-
crogrid model focuses on power-heat balance, omitting distribution network constraints
(e.g., voltage limits) and frequent device start-up costs. We acknowledge that in practical
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engineering, factors such as humidity, airflow organization, and specific cooling architec-
tures significantly impact the actual PUE. However, neglecting these complex nonlinear
dynamics and assuming deterministic carbon pricing parameters is a deliberate trade-off
to preserve the convexity of the optimization problem, ensuring that the global optimal
schedule can be solved efficiently. Consequently, we acknowledge that these simplifications
may lead to a slight overestimation of the synergistic economic benefits compared to highly
nonlinear real-world operations. These approximations serve as a theoretical baseline,
capturing the primary energy flow characteristics for day-ahead scheduling. It is also
worth noting that in real-world scenarios, physical factors such as thermal inertia, control
latency, and workload heterogeneity may lead to slight deviations from the theoretical
hour-level schedule. While these sub-hourly dynamics do not later the general economic
trends, they suggest the need for real-time feedback control in actual deployment.

Breaking the limitation of conventional electro-thermal demand response (where typical
cost savings range from 3.7% to 12.7% in similar integrated energy dispatch studies [16,27]),
the proposed strategy expands the optimization boundary to include computing loads,
achieving a significant 11.7% cost reduction (9585 CNY). This significant improvement veri-
fies that extending the control scope from “energy equipment only” to “source-load coordi-
nation” unlocks superior efficiency. Such gains originate from the “heat-determined com-
puting” mechanism: by aligning delay-tolerant workloads with thermal demand [22], the
system transforms the DC from a passive consumer into a controllable heat source [10,20],
thereby maximizing waste heat utility under the tiered carbon trading scheme [32].

Implementing this strategy in real- world scenarios require specific infrastructure
conditions. The strategy is specifically designed for delay-tolerant batch workloads (e.g.,
Al training, data backup) where service level objectives (SLOs) allow hour-level shifting.
While task migration introduces minor network overheads, these are outweighed by the
significant cooling energy saving in the proposed coarse-grained scheduling. From an
implementation perspective, this requires a hierarchical control architecture integrating DC
infrastructure management (DCIM) and energy management system (EMS). Standardized
interfaces (e.g., Modbus, RESTful APIs) are essential to enable bidirectional communication
between the IT scheduling layer (e.g., Kubernetes) and the OT energy control layer (e.g.,
PLC or SCADA).

The current case study relies on deterministic forecasts. In practice, long-term sea-
sonal variations and stochastic disturbances (e.g., PV intermittency, unexpected workload
surges) are inevitable. Although the sensitivity analysis in Section 4.4 demonstrates that
the proposed strategy maintains economic advantages under forecast errors of +30%,
extreme uncertainties may still cause real-time deviations. Future research will address
this by incorporating two-stage robust optimization or stochastic programming to enhance
system reliability. Additionally, subsequent work will explore distributed optimization algo-
rithms (e.g., ADMM) to address privacy and scalability issues in geographically dispersed
DC networks.

6. Conclusions

This study proposes a low-carbon economic dispatch strategy that integrates the
temporal and spatial flexibility of computing power and the cascade utilization of waste
heat to address the dual challenges of high energy consumption and carbon emissions
faced by DCMG. By constructing a deep coupling framework of bit flow, watt flow, and
heat flow and conducting multiple scenario simulation verification, the main conclusions
are as follows:

1. By quantifying the time shifting potential of delay-tolerant tasks, the strategy can
actively shift about 40% of the delayable load from the daytime peak electricity
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price to the night. This spatiotemporal alignment capitalizes on the lower nocturnal
ambient temperatures to reduce cooling energy consumption, successfully optimizing
the daily weighted PUE to 1.2607 and validating the energy-saving potential at the
physical level.

2. The coupling effect between computing power scheduling and WHR is verified by
the simulation results. The proposed mechanism effectively transforms the low-
grade waste heat from nighttime computing loads into a valuable heating resource.
This meets most of the heat load demand. Compared with the traditional mode,
this strategy reduces the total operating cost by 11.7%, while minimizing carbon
emissions (6879 kg), effectively resolving the trade-off between economic efficiency
and environmental protection.

3. The sensitivity analysis confirms that a task delay-tolerance of 2-3 h represents the
optimal inflection point to balance economic benefits and service timeliness. The re-
sults indicate that extending the delay-tolerance beyond this range yields diminishing
marginal returns due to the physical capacity constraints of the system.
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Abbreviations

The following abbreviations are used in this manuscript:

WHR Waste Heat Recovery
MILP Mixed-Integer Linear Programming

PUE Power Usage Effectiveness
DC Data Center

DCMG Data Center Microgrid
MT Microturbine

CCHP  Combined Cooling, Heating, and Power
ESS Energy Storage System

GB Gas Boiler

BEL Base Electrical Load

TOU Time-of-Use

LHV Lower Heating Value

S0C State of Charge

PV Photovoltaic

cor Coefficient of Performance

WHP Waste Heat Pump

https://doi.org/10.3390/en19030699


https://doi.org/10.3390/en19030699

Energies 2026, 19, 699

22 of 24

Nomenclature

The following nomenclatures are used in this manuscript:

t Index of time slot

m Index of carbon trading segment

k Index of controllable equipment

Pt ¢ Output power of the MT at time ¢

UMT,t Binary variable indicating the ON/OFF status of MT

P;:;;fthasg Power purchased from the utility grid at time ¢

Ppy Output power of the PV system at time ¢

Pis ¢ Discharging power of the ESS at time ¢

Pyt Charging power of the ESS at time ¢

Uep t Binary variable indicating charging status

Ugis 1 Binary variable indicating discharging status

Epart Energy stored in the ESS at time ¢

Ppc, Total power consumption of the DC at time ¢

Pserot Power consumption of servers at time ¢

Ucpu,t Average CPU utilization rate at time ¢

Pwhp ¢ Power consumption of the waste heat pump at time ¢

Pioss t Aggregate electrical power losses at time ¢

Qcat Heating power output of the GB at time ¢

OMTt Recovered waste heat from the MT at time ¢

Qrec,t Recovered waste heat from servers at time ¢

Quaste,t Total waste heat generated by servers at time ¢

Qload t Total thermal load demand of the campus at time ¢

Qloss,t Thermal energy dissipation during transmission at time ¢

D’f'; ext Number of delay-tolerant tasks arriving at time ¢
;]lr:;t Number of flexible tasks processed at time ¢

Qflex,t Queue backlog of delay-tolerant tasks at time ¢

fmax Maximum processing rate of a single server

Nsro Number of active servers

Chotal Total daily operation cost

Cearbon Total carbon trading cost

Ej et Net carbon emissions of the system

Ectual Actual carbon emissions generated

Equota Total carbon emission quota allowed

Eseg,m Carbon emission amount in segment m

Wi Binary variable for selecting carbon segment m

PZ‘EZ’,’(” Peak power consumption of a single server

peerver Idle power consumption of a single server

PUF Maximum output power of the MT

Pr]\fn{p Ramping rate limit of the MT

Epd Rated capacity of the ESS

HMT Power generation efficiency of the MT

Ule:; Thermal efficiency of the GB

N Mais ~ Charging and discharging efficiency of the ESS

Nheat Electro-thermal conversion efficiency of servers

Heap Waste heat capture efficiency

YMT Heat-to-power ratio of the MT

Abpase Base price for carbon trading

o Price growth rate for tiered carbon trading

Lseq Length of carbon emission segment
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Perid Carbon emission factor of the utility grid

$qas Carbon emission factor of natural gas

e Carbon quota coefficient for grid power purchase
¢ Carbon quota coefficient for gas consumption

b4 Carbon quota coefficient for workload processing
Cgas Unit price of natural gas

LHVggs Lower heating value of natural gas
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