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Abstract

Geo-distributed data centers (DCs) provide important opportunities to improve operational
sustainability through coordinated spatial workload migration and temporal workload
shifting. However, stochastic workload arrivals, coupled with server operation, cooling
dynamics, and inter-DC network constraints, make cost-optimal scheduling highly chal-
lenging. To address this issue, a two-stage stochastic scheduling framework is proposed
herein that jointly coordinates inflexible, temporal-shiftable, and spatially migratable work-
loads across multiple DCs and time slots. Workload uncertainty is efficiently handled
through Latin hypercube sampling and fast forward scenario reduction. Numerical experi-
ments on a three-DC system demonstrate that the proposed framework reshapes workload
distribution across time and space, reducing total energy consumption by approximately
3.7% and total operating cost by about 6.7% compared with the baseline case without
flexibility, while maintaining stable server utilization under increasing workload uncer-
tainty. These results demonstrate that the framework provides an effective and practically
implementable approach for economically efficient and energy-efficient scheduling of geo-
distributed DCs, thereby supporting sustainable operation through coordinated workload
flexibility and more efficient utilization of computing and energy resources.

Keywords: data center; flexibility; uncertainty; spatio-temporal

1. Introduction

The rapid expansion of cloud computing, artificial intelligence, and large-scale digital
services has significantly increased the demand for computing infrastructure worldwide.
As the backbone of modern digital economies, data centers (DCs) provide large-scale
computational and storage capabilities for various online applications [1]. However, the
rapid growth of DC infrastructures has also resulted in substantial electricity consumption.
The International Energy Agency reports that DCs consumed about 415 TWh of electricity
in 2024, accounting for roughly 1.5% of global electricity demand, and projects that this
demand could rise to around 3.7% by 2030 [2]. The continuously increasing computing
demand driven by artificial intelligence and big-data applications further intensifies the
electricity consumption and operational costs of DCs [3,4]. Therefore, improving energy
efficiency and economic performance is essential for the operational sustainability of large-
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scale computing infrastructures. In this study, the contribution to operational sustainability
is assessed in terms of energy consumption, resource utilization, and operating cost.

Unlike conventional electricity loads, DC power demand is closely related to the pro-
cessing of computing workloads. This feature allows DCs to provide operational flexibility
through workload management [5,6]. For example, server provisioning and workload
consolidation can reduce unnecessary idle power consumption [7], while delay-tolerant
tasks can be deferred within acceptable service windows [8]. From the power-system
perspective, such flexibility enables DCs to participate in demand response, respond to
time-varying electricity prices, and better accommodate renewable energy [9,10]. Therefore,
workload scheduling has become a key approach for coordinating computing demand with
energy-system conditions.

Geo-distributed DCs provide additional scheduling flexibility by exploiting regional
heterogeneity in electricity prices, ambient temperatures, cooling efficiencies, renewable
energy availability, and computing capacities [11,12]. Ref. [13] demonstrated that Internet-
scale systems can reduce electricity expenditure by routing workloads across geographically
distributed locations. Refs. [14,15] further incorporated renewable-aware and cooling-
aware workload management, while Guo et al. [16] considered energy- and network-
aware workload allocation with thermal storage. These studies have established the
value of spatial workload migration for cost reduction and sustainable DC operation. In
parallel, temporal workload flexibility has been investigated in demand-response-oriented
DC scheduling, where delay-tolerant workloads can be shifted from peak-price or high-
load periods to more favorable time slots [17]. However, spatial workload balancing
studies generally simplify temporal deferral, whereas temporal shifting and demand-
response studies often do not explicitly coordinate inter-DC migration. In practical geo-
distributed DCs, the two decisions are inherently coupled because deferring a workload
changes the future location and timing of execution, while migration decisions depend
on future electricity prices, server capacity, cooling demand, and network feasibility [18].
Consequently, how temporal workload shifting and spatial workload migration interact
under geo-distributed operating conditions remains insufficiently characterized.

Beyond workload flexibility itself, practical geo-distributed DC scheduling must also
capture the coupling among computing, cooling, and network operations. Refs. [19,20]
provided detailed power-consumption models linking server utilization with IT energy
use, but they mainly focus on the characterization of server power rather than system-level
geo-distributed scheduling. Cooling-aware workload management has been investigated
by [15], who considered the impacts of renewable energy and cooling efficiency on work-
load allocation. Refs. [21,22] modeled DC load regulation by considering the coupling
of multiple demand-response mechanisms. However, these studies do not fully incorpo-
rate inter-DC migration feasibility, such as bandwidth and end-to-end delay constraints.
Therefore, although server power modeling, cooling-aware scheduling, and network-aware
migration have been studied from different perspectives, their simultaneous integration
into geo-distributed DC scheduling remains insufficient, especially when workload flex-
ibility, server operation, cooling dynamics, inter-DC network feasibility, and stochastic
workload variations need to be considered together.

Uncertainty is another critical factor that limits the robustness of DC scheduling de-
cisions. Existing geo-distributed workload management studies have demonstrated that
spatial workload allocation can reduce electricity cost, improve renewable energy utiliza-
tion, or account for cooling and network-related factors [11,14,16]. However, these studies
are mainly built on predicted workload and operating information, and their scheduling
decisions are not explicitly equipped with scenario-dependent recourse against workload
forecast errors. Ref. [23] incorporated stochastic optimization and risk management into
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data-center microgrid planning with batch workload scheduling, showing the value of
uncertainty-aware decision-making. Ref. [24] propose an efficient risk-aware job scheduling
method for DC in uncertain environments. Nevertheless, the stochastic treatment in this
research stream has not been fully extended to geo-distributed DC systems where temporal
workload shifting, spatial workload migration, server utilization, cooling dynamics, and
inter-DC network feasibility interact with each other. As a result, the role of uncertainty-
aware decision-making in coupled spatio-temporal scheduling of geo-distributed DCs
remains insufficiently clarified.

As summarized in Table 1, studies [6,17,21,23,24] mainly exploit temporal work-
load flexibility but do not explicitly model workload migration among geographically
distributed DCs. Studies [11,14-16] focus on spatial workload allocation, with some con-
sidering cooling or network-related factors, but temporal deferral and scenario-dependent
recourse are not included. Studies [8,10,18,20,22] jointly consider temporal and spatial
workload flexibility; however, none of them simultaneously incorporates cooling dynam-
ics, explicit bandwidth and latency constraints, and recourse decisions under workload
uncertainty. More specifically, existing spatio-temporal scheduling methods generally deter-
mine server operation and workload allocation based on deterministic workload forecasts,
without allowing workload decisions to adapt after uncertainty is realized. Conversely,
uncertainty-aware studies do not jointly model adaptive temporal shifting and inter-DC
migration under coupled computing, thermal, bandwidth, and latency constraints. There-
fore, a unified framework is still needed to coordinate pre-scheduled server capacity with
scenario-dependent spatio-temporal workload adjustment while maintaining computing,
thermal, and network feasibility.

Table 1. Comparison between representative studies and the proposed work.

Study

Temporal Spatial Cooling-Aware Network Stochastic
Shifting Migration Operation Constraints Recourse

[6,17]
[8,10]
[11]
[14,15]
[16]
[18,22]
[20]
[21]
[23,24]
This study
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| < < |
< | <] e
| < | < | |
| |
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Note: 4/ indicates that the corresponding study incorporates the given aspect; — indicates that the aspect is not
considered or not explicitly mentioned.

To address this research gap, this paper proposes a two-stage stochastic scheduling
framework for geo-distributed DCs with spatio-temporal flexibility. The model explicitly
captures both geographical workload migration and temporal workload shifting, enabling
the system to fully exploit spatial and temporal flexibility in the context of uncertainty. The
main contributions of this paper are summarized as follows.

(1) A comprehensive scheduling framework for such geo-distributed DCs is developed by
means of jointly modeling temporal workload shifting and spatial workload migration.
The proposed framework explicitly distinguishes inflexible, temporal-shiftable, and
spatially migratable workloads, thereby enabling the coordinated exploitation of such
spatio-temporal workload flexibility.
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(2) A coupled operational model integrating the workload scheduling, server utilization,
cooling power consumption, and inter-DC network constraints is established. Based
on this model, a cost-oriented optimization formulation is constructed, in which the
total electricity cost of the geo-distributed DC system is minimized while satisfying
service quality and thermal operating constraints.

(8) A two-stage stochastic optimization approach is proposed to address workload uncer-
tainty. Latin hypercube sampling and fast forward scenario reduction are employed to
generate representative workload scenarios, allowing the proposed method to achieve
robust and computationally tractable scheduling under stochastic demand conditions.

The remaining part of this work proceeds as follows: Section 2 presents the system
model of geo-distributed DCs. Section 3 introduces the proposed stochastic optimization
model. Section 4 presents the simulation setup and numerical results. Finally, Section 5
concludes the paper.

2. Geo-Distributed Data Center System Model

This section presents the system model of the geo-distributed DC system considered
in this paper. We first describe the overall system architecture, followed by the workload
model that captures different levels of workload flexibility. Then, the energy consumption
model of DCs and the inter-data-center network model are introduced.

2.1. System Architecture

We consider a geo-distributed DC system composed of multiple geographically sep-
arated facilities interconnected through wide-area communication links. User requests
are generated in different regions and initially arrive at their corresponding source DCs.
Depending on the characteristics of the workloads and the local operating conditions, the
system operator can process workloads locally, defer a portion of delay-tolerant tasks to
later time slots, or migrate eligible tasks to other DCs with available capacity [25]. The
DCs are heterogeneous in terms of electricity price, thermal environment, and process-
ing capability, which introduces complexity to the scheduling problem. Accordingly, the
objective of scheduling is to coordinate workload distribution across both temporal and
spatial dimensions while satisfying server capacity limits, maintaining indoor temperature
constraints, and respecting inter-DC network restrictions.

Figure 1 illustrates the architecture of the geo-distributed DC system. Each rectangular
block in the figure represents a data center, within which the shaded regions denote server
clusters and the associated cooling systems, capturing the IT power consumption and
the cooling demand required to maintain indoor temperature constraints. Solid arrows
between the data centers indicate possible workload migration paths for tasks that are
spatially flexible, while dashed arrows represent temporal deferrable workloads that can be
postponed to later time slots. This figure visually conveys how workload allocation, server
utilization, cooling operation, and inter-DC network flows are interrelated, providing
a clear reference for understanding how the temporal and spatial scheduling decisions
described in this study influence operational cost and system performance.

2.2. Workload Model

In geo-distributed DC systems, workloads generated by users exhibit different levels
of flexibility in both time and space. To capture the heterogeneous characteristics of
computing tasks, the total workload in the system is categorized into three types: temporal-
shiftable workloads, spatially migratable workloads, and inflexible workloads [23]. This
classification allows the scheduler to exploit spatio-temporal flexibility to improve energy
efficiency while satisfying service requirements.
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Figure 1. Overall architecture of the geo-distributed data center system.

Let N denote the set of geo-distributed DCs, indexed by i, j € N. Let Q = {1, 2, - - -, Ng}
denote the set of scheduling time slots, indexed by t and 7. Unless otherwise stated,
workload-related variables in this section are expressed as average workload rates during
each scheduling time slot, measured in equivalent workload-unit rates.

Inflexible workloads must be processed at the DC where they are generated and cannot
be delayed or migrated. Typical examples include real-time online services and interactive
applications. These tasks must be processed locally, and thus can be expressed as:

Lix = Wix vie N,t € Q 1)

where Wif,itX and Llf‘;‘ denote the inflexible workload arrival and locally processing at DC i
during time slot ¢, respectively, measured in workload units per time slot.

Temporal-shiftable workloads are delay-tolerant tasks that can be deferred within
a specified scheduling window. Typical examples include batch processing jobs, data
analytics, and offline computing tasks. Temporal-shiftable workloads can be postponed
within a maximum delay tolerance D, which is measured in the number of scheduling time
slots. Let y; t  denote the amount of temporal-shiftable workload generated at DC i in time
slot t and executed in time slot T. The execution time T must satisfy:

t <t <min{t+D,N;} @)

The temporal scheduling constraint can be expressed in (2), which ensures that all
temporal-shiftable tasks are eventually processed within the allowable delay window.

min{t+D,N; }
Vit = Wiim, VieN,t € Q )

T=t

where Wl.t,‘t’m denotes the temporal-shiftable workload arriving at DC i during time slot ¢.
The amount of temporal-shiftable workload executed at DC i during time slot ¢ is then
given by:
t
Li"= L o VieNteQ @
T=max{1,t—D}
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where Lfetm represents the total temporal-shiftable workload executed at DC i during time
slot ¢.

Spatially migratable workloads can be transferred among geographically distributed
DCs to exploit differences in electricity prices, processing capability, or cooling efficiency.

Let x;;; denote the amount of spatially migratable workload generated at source DC i
and processed by destination DC j during time slot ¢. In this formulation, x;;; represents
the portion of spatially migratable workload that remains at the source DC and is processed
locally. The spatial workload allocation constraint can therefore be expressed as:

Yoxije =W VieNteQ (5)
jeN

where WiS fa denotes the spatially migratable workload arriving at DC i during time slot £.
The total spatially migratable workload processed by DC j during time slot ¢ is:

L]s'i?a = Z Xijtr V] eN,teQ (6)
ieN

Thus, the total workload processed at DC i during time slot £ is:

Lip =L+ L™+ I VieNteQ ?)

it 7
Substituting (1), (3), and (5) into (6), the processed workload can also be written as:

t
Ly=Wi+ Y vyt Y xinVieNteQ ®)
T=max{1,t—D} jEN

This formulation avoids double-counting and ensures workload conservation across
both temporal shifting and spatial migration. In particular, outgoing spatially migratable
workloads from DC i are not included in L; ; unless they are assigned to be processed at i
through x; ; ;.

2.3. Energy Consumption Model of Data Center

Most of the energy consumption in DCs comes from IT equipment operation and the
cooling system. The IT equipment’s power consumption mainly depends on the amount
of workloads. To ensure the equipment can operate at a suitable temperature, the cooling
system power should be adjusted promptly. Cooling system provides thermal cooling
power to eliminate the heat generated by IT equipment as well as the heat transferred
from outdoors, to maintain the internal ambient temperature of DCs. Therefore, the energy
consumption of DC in this paper is divided into three parts: IT equipment, cooling system,
and other equipment.

POC =P+ P+ P VieN,teQ ©)

where PZ.II, Plf;"’l and Pftth denote the IT power consumption, cooling power consumption,
and auxiliary power consumption of DC i during time slot ¢, respectively, measured in MW.
PEC is the power purchased from the electricity grid.

The power consumption of a server is typically related to its CPU utilization level.
Empirical studies show that even when a server is idle, it still consumes a significant
portion of its peak power. Therefore, the server power consumption can be modeled as a
linear function of CPU utilization [19].
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Let N; denote the total number of servers installed in DC i, and let n;;, denote the
number of active servers in DC i during time slot ¢. Both N; and #n;,; are count variables.
The server provisioning constraint is:

0<mnj <N; (10)

Let u;; denote the average CPU utilization of servers in DC i at time slot ¢, which is
dimensionless. And let i denote the service capacity of one active server. Then

L;
= an
nith
Equivalently, the server capacity constraint can be written in linear form as:

0 < ujp < U™ (12)

Lip <u™un; (13)

The IT power consumption is modeled as a linear function of server utilization:
PZI}" =1 [Pidle + (Ppeak _ Pidle) ui,t} (14)

where P'd¢ and PPeek denote the idle power and peak power of a server, respectively.

Actually, the cooling load power consumption consists mainly of two parts. One is the
internal load caused by the heat of IT equipment from workload processing [21]. The other
is the external disturbance load caused by heat transfer under the influence of external
periodical weather [26]. The relationships among the computing power, cooling power,
and indoor/outdoor temperatures can be derived via the ETP model.

darin - TPt — T
; d;,t — it = 1, 4 QBC (15)
1

QBC — (kITPiI’"{ _ kcoppic’?ol) (16)

where Tl“t1 and Ti‘,’tut are the indoor and outdoor air temperatures, measured in °C; QBC is
the total thermal power of DC, measured in MW; kT is the heat factor of IT equipment
and is dimensionless; and k°P is the energy efficiency ratio of the cooling system and
is dimensionless; C; is the heat capacity of the indoor air, measured in MWh/°C; R; is
the thermal resistance between the indoor air and the external environment, measured in
°C/MWh. The analytical recursive form of (15) can be expressed as:

TN _ Tin ,TRG +(1- ¢ RG ) (Tout + RiQPF (17)
it it—1 it bt

Based on the combination of (15)-(17), the cooling system power consumption calcula-
tion by means of the ETP model is deduced as follows:

1
) . —_—
e (Ti‘/?fg i le.l/lL 1) o Tout
—_ _ _ R;C; it
Qi = R T—e R; (18)

| _ ({ITpIT D
pegel = (KITPIT — QPC) /keor
It can be seen from (18) that the cooling system provides thermal cooling power to

eliminate the heat generated by IT and other equipment, and the heat transferred from
the outdoors.
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The indoor temperature must be maintained within an acceptable range:
min

T < TiF < Tinoy (19)

To avoid excessive temperature fluctuation, the temperature variation between adja-
cent time slots is limited by:

Tii,rif1 - ii,rtl—l’ < AT1i1r11ax (20)

where T\ and T, denote the minimum and maximum indoor temperature in the DC,
measured in °C. AT}, is the maximum variation in indoor temperature.

2.4. Inter-Data-Center Network Model

In geographically distributed DC systems, workload migration among DCs inevitably
incurs communication delays and consumes inter-DC network capacity. The inter-DC
network is modeled at the workload-scheduling level, with a fixed logical path assumed
for each source—destination DC pair during each scheduling interval. The bandwidth
constraint limits the migrated workload on each link and thereby represents network
congestion at an aggregate level. The end-to-end delay comprises propagation, transmis-
sion, and destination-side processing delays, which jointly affect service quality. Dynamic
routing, packet-level queuing, and short-term congestion fluctuations are not explicitly
considered because this study focuses on hourly workload scheduling rather than the
real-time network control.

Spatial workload migration incurs communication delay and is constrained by the
available bandwidth of inter-DC links. For a workload migrated from source DC i to
destination DC j, the end-to-end delay consists of propagation delay, transmission delay,
and processing delay. Let d;; denote the geographical distance between DC i and DC j.
And let v denote the signal propagation speed in optical fiber, measured in km/s. The
propagation delay JE;OP is:

d.:
prop i oo
51.,]. = ,Vi,j €N (21)
Let S denote the average data size associated with one unit of migrated workload, and
let BW;; denote the available bandwidth of the communication link between DC i and DC

j, measured in Gbps. The transmission delay of a unit migrated workload 5?]?‘“5, and the
bandwidth capacity constraint are:

S

trans __ .. . .
5irj - BWz'j, Vl'] €N, i 75] (22)
xijtS < BWj;, Vi,jeN, i #£j,t€Q (23)

Processing delay corresponds to the time required for a task to be processed at the
destination DC after arrival. In this work, the task processing behavior is modeled using
an M/M/1 queuing system, which is widely adopted for modeling service systems with
stochastic arrivals and exponential service times [23,27].

Let m;; denote the effective service rate of DC j during time slot ¢, then

Tfl]',t = “l/l}’l]',t (24)

Let A denote the total workload arrival rate assigned to DC j during time slot t. The
. proc . .
expected processing delay &; j s then expressed as:

1 1
proc B .
éj't B mjp — )\j,t B unj — /\]‘,t’ V] €N 1eQ 25)
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Therefore, the end-to-end delay of a workload migrated from DC i to DC j during time
slot ¢ is:

delay _ cprop trans proc
A P N i (26)

To guarantee quality of service, the delay must satisfy:

(sf,‘;ay <M Vi jeN,i£jteQ (27)

where 6™ denotes the maximum tolerable end-to-end delay, measured in seconds.

3. Two-Stage Stochastic Energy-Efficient Optimal Scheduling Model of
Geo-Distributed Data Centers

Based on the geo-distributed DC system model described in Section 2, this section
develops a two-stage stochastic optimization model for workload scheduling under un-
certainty. Different from a pure energy-minimization formulation, the primary objective
in this work is to minimize the total electricity cost of the geo-distributed DC system over
the scheduling horizon. This formulation is more consistent with the practical operation of
interconnected DCs, where regional electricity prices, workload flexibility, and cooling con-
ditions jointly determine the economic performance of the system. Within this framework,
temporal workload shifting and spatial workload migration are coordinated to reshape
the workload distribution across both time and location, while server operation, cooling
demand, and network constraints are explicitly taken into account. The resulting model,
therefore, seeks a cost-optimal scheduling plan that remains feasible and adaptive under
uncertain workload realizations.

3.1. Workload Uncertainty and Scenario Construction

Let K = {fix, tem, spa} denote the set of workload types, corresponding to inflexible,
temporal-shiftable, and spatially migratable workloads, respectively. For each DCi € N,
time slot t € Q, and workload type k € K, the forecasted workload is denoted by Wl»’ft.

The scenario-dependent workload realization is denoted by Wl.k'“'

1", where w represents a

workload scenario.
The uncertain workload is modeled by a bounded multiplicative forecast error:
Whe = Wi (1 1 s’;;;*'), VieN, tcQkeK (28)
where slftw denotes the normalized forecast error of workload type k at DC i during time

slot t under scenario w, which is dimensionless. In this work, the forecast error is generated
from a bounded uniform distribution:

k,w

ey ~ Ul=p,p] (29)

where p denotes the workload fluctuation level and is dimensionless. For each scenario w,
all workload realizations are collected into the uncertainty vector:

£ = (Wi (30)

LGN, teQ,kekK

In the considered three-DC system with 24 hourly time slots and three workload
categories, each scenario contains 216 uncertain workload components. Latin Hypercube
Sampling (LHS) is adopted to generate the initial workload scenario set [28]. Compared
with simple random sampling, LHS improves the coverage of the uncertainty space by
stratifying the distribution of each uncertain variable. In this study, N initial scenarios are
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generated. For each uncertain workload component, the cumulative probability interval is
divided into N equal-probability intervals, and one sample is randomly drawn from each
interval. For the uniform distribution in (29), the sampled forecast error can be calculated as:

k
&1’ = —p+20m (31)
where rf’tw € [0, 1] is the sampled cumulative probability value for scenario ws, which is

dimensionless. The corresponding workload realization is then obtained using (28). The
initial scenario set is denoted by ()Y, and all initial scenarios are assigned equal probabilities.

3.2. Fast Forward Scenario Reduction for Two-Stage Stochastic Scheduling

For the proposed two-stage stochastic scheduling (TSS) model, directly incorporating
all workload scenarios generated by Latin hypercube sampling would lead to a large-scale
deterministic equivalent formulation. Therefore, the Fast Forward scenario reduction
method is used to reduce the computational burden while preserving the main characteris-
tics of the original scenario set [29]. In this work, N, representative scenarios are retained,
and the reduced scenario set is denoted by ().

The dissimilarity between two workload scenarios w and w’ is measured by the
normalized Euclidean distance:

!
szw _ k,w

2
W:
dow) = | T X T[T @)

keKieNteQ it

where d(w, ') is a normalized Euclidean distance between two scenarios and is dimen-
sionless after normalization. The normalization by Wl-’ft avoids the distance metric being
dominated by workload components with large numerical magnitudes.

The Fast Forward algorithm starts from an empty reduced set and iteratively adds the
scenario that yields the largest reduction in the weighted distance between the original and
reduced scenario sets. After the representative scenarios are selected, the probability of each
removed scenario is reassigned to its nearest retained scenario. The updated probability of
a retained scenario w € () is given by:

P =Po+ L PO
we® (33)
w' = argmind(w,w")
w'eQ)

where PJ) is the initial probability of scenario w. The updated probabilities satisfy:

2 Pw = 1 (34)

we)

Through LHS and Fast Forward scenario reduction, the continuous workload uncer-
tainty is approximated by a finite set of representative scenarios. This setting provides a
practical balance between uncertainty representation and computational tractability.

3.3. Two-Stage Decision Structure and Scenario-Wise Constraints

The proposed stochastic scheduling model follows a two-stage decision structure.
The first-stage decision is made before the realization of workload uncertainty, while the
second-stage recourse decisions are made after a specific workload scenario is observed.
The first-stage decision variable is the active server provisioning plan:

n={nlieN, teQ} (35)
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Since this decision is determined before the workload scenario is known, it is non-
anticipative and shared by all scenarios. For each scenario w € (), the second-stage recourse

variables are collected as:
¢ = {y“, x“, LY, u”, P¥, q“} (36)

where y“ denotes temporal workload shifting decisions, x* denotes spatial workload

migration decisions, L“ denotes processed workloads, #“ denotes server utilizations, P%

denotes IT, cooling, and grid-side power variables, and q* denotes delay-related variables.
The first-stage feasible set is defined as:

x={n0<n;<N;,VieN tecQ} (37)

where N; denotes the total number of servers installed in DC i. Given the first-stage
decision n and the workload realization ¢¢, the scenario-wise second-stage feasible set is
represented by:

z¥ € y(n, &), Vw € O (38)

The feasible set y(n, ¢) is obtained by imposing the deterministic constraints devel-
oped in Section 2 under scenario w, with deterministic workload parameters replaced by
their scenario-dependent realizations Wl-lff’. Specifically, it includes workload conservation
constraints, delay-window constraints for temporal workload shifting, spatial workload
allocation constraints, server capacity and utilization constraints, IT and cooling power
constraints, indoor temperature dynamic constraints, bandwidth constraints, end-to-end
delay constraints, and non-negativity constraints.

Therefore, all operational constraints must hold for every retained scenario, while the
same first-stage server provisioning plan # is shared across all scenarios. Non-anticipativity
is thus enforced by using the common scenario-independent variable 7;;. The overall
workflow of the proposed stochastic scheduling framework is illustrated in Figure 2, where
the scenario construction process, the first-stage non-anticipative decision, and the second-
stage scenario-dependent recourse decisions are explicitly distinguished.

3.4. Objective Function

Given the first-stage decision n and workload realization ¢, the second-stage recourse
function is defined as the minimum operating cost under scenario w:

Qn, &)= min YY" m,PHCAt (39)

20ey(ngY) N teQ

where 7+ is the electricity price of DC i at time slot f, and At is the duration of one scheduling
time slot, measured in hours. Based on the recourse function and the scenario-wise feasible
set, the two-stage stochastic scheduling problem can be formulated as:

J* =min} p,Q(n, i)

40
stneyxywe (40)

where J* denotes the optimal expected operating cost. n is the first-stage non-anticipative
decision variable shared by all scenarios, while z¢ represents the second-stage recourse
variables associated with scenario w. The deterministic equivalent formulation explicitly
enforces all workload scheduling, server operation, cooling, thermal, bandwidth, and delay
constraints for every retained workload scenario.
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Figure 2. Overall framework of the proposed two-stage stochastic scheduling model.

4. Simulation Experiments and Result Analysis

To validate the effectiveness of the proposed two-stage stochastic scheduling frame-
work, this section presents a series of simulation experiments and comparative analyses.
The experiments are designed to evaluate the performance of the proposed method in
managing geo-distributed DC operations under uncertain workload conditions while ex-
ploiting both temporal and spatial workload flexibility. All optimization problems are
solved using YALMIP [30] (version 20230622) with the Gurobi solver [31] (version 11.0.1)
on a workstation equipped with an Intel Core i7 processor and 32 GB RAM.

4.1. Basic Data and Parameter Settings

Numerical experiments are conducted on a geo-distributed DC system composed
of three interconnected facilities. The scheduling horizon is set to 24 h, discretized into
hourly time slots, which allows the framework to capture both temporal workload shifting
and inter-DC migration within a daily operational cycle. To improve the realism of the
case study, historical workload traces collected from an operational data center in China
were used to construct the baseline workload profiles. The dataset covers the period from
January to July in 2025 with a sampling interval of 1 h. The collected records include
workload demand, IT power consumption, cooling power consumption, indoor/outdoor
temperature, and server operation status. During preprocessing, records with missing
timestamps or physically invalid values were removed, isolated missing values were
interpolated, and all variables were aligned to hourly intervals. A representative 24 h
profile was then obtained from the processed records and used as the baseline input for
the simulations. Workloads are classified according to their permissible temporal and
spatial scheduling actions. Inflexible workloads must be processed locally without delay,
temporal-shiftable workloads can be deferred within the specified time window, and
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spatially migratable workloads can be transferred among DCs subject to bandwidth and
latency constraints.

The three data centers are heterogeneous in terms of electricity prices, processing
capabilities, and thermal conditions. The hourly electricity price profiles are shown in
Figure 3. DC1 has a moderate electricity price and average processing capacity, DC2 is
located in a region with lower electricity prices but higher cooling requirements due to
warmer ambient conditions, and DC3 has a higher electricity price but more efficient
cooling infrastructure. The parameters listed in Table 2, including server counts, CPU
utilization limits, power ratings, thermal capacities, and network bandwidths, are based
on real measurements and operational specifications from the source data center and are
representative of typical medium-scale geo-distributed DC systems. This setup ensures
that the simulation results reflect realistic operational conditions and accurately evaluate
the effectiveness of the proposed scheduling framework.

—-—=—--DCl - <— -DC2 —-—¥---DC3] _*

150 I I,V V\V
v

U4

=4
V_JV,V”VL‘\FV--V V\

.

100 o v

. O 4 ] & &

.« %0609 -oﬁ £*¢$-*¢+4¢4—****~*.* v
X ol sl 1 1 1

0 4 8 12 16 20 24

Time (h)

Electricity price ($/MWh)

Figure 3. Hourly electricity price profiles of the three data centers.

Table 2. The Parameters of the GEO-Distributed DCs System.

Parameter Group Parameter Value
pidie / ppeak 0.5/0.9 x 1073 MW
U 1 x 103 request/s
ni, Ny, N3 2200, 2200, 2200
IT Equipment omax 0.100 s
BW 100 Gbps
v 2 x 10° km/s
Umax 0.7
KT 0.3
AT 3°C
Cooling System Ci 0.166 I\é[Wh/ °C
R 0.61 x 10° °C/MWh
T C/0 T 15/25°C
kP 1.027
Uncertainty N;, N, 2000, 100

4.2. Ablation Study on Workload Flexibility

To investigate the individual contributions of temporal workload shifting and spatial
workload migration, an ablation study is conducted in four cases:
e  CI1: Workloads are processed locally without spatial migration or temporal shifting.
e  (C2: Workloads are processed locally with temporal shifting, but no spatial migration

is allowed.
e  (C3: Workloads can be migrated among DCs, but no temporal shifting is allowed.
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e  (C4: Both workload spatial migration and temporal shifting are allowed under deter-
ministic demand.

The results of the ablation study are summarized in Table 3, where different com-
binations of temporal workload shifting and spatial workload migration are evaluated.
Compared with the baseline case without flexibility (C1), enabling temporal shifting only
(C2) reduces the total energy consumption from 104.24 MWh to 100.48 MWh, corresponding
to an energy reduction of approximately 3.6%. This improvement is mainly attributed to
the ability to defer delay-tolerant workloads across time periods, which reduces the number
of active servers from 1443 to 1370 and increases the average server utilization from 65.73%
to 69.15%. In contrast, enabling spatial migration only (C3) reduces the total operating cost
but slightly increases total energy consumption from 104.24 MWh to 105.51 MWh. This
result indicates that spatial migration is primarily driven by electricity-price differences and
network feasibility rather than energy minimization alone. Some workloads are therefore
migrated to lower-price DCs even when the destination DCs require more active servers or
face less favorable cooling conditions. In such cases, workload concentration may increase
local server activation and cooling demand, leading to higher total energy use despite
lower electricity cost. This also shows that spatial migration is more beneficial when the
destination DC has not only a lower electricity price but also sufficient server capacity,
available bandwidth, acceptable delay, and favorable cooling efficiency.

Table 3. Performance comparison of different flexibility mechanisms.

. irps Spatial Total Energy Total Cost Average Active  Average Utilization
Case  Time Shifting Migration (MWh) (10° $) Servers (%)
C1 - - 104.24 8.146 1443 65.73
C2 Vv - 100.48 7.775 1370 69.15
C3 - Vv 105.51 7.838 1406 67.37
C4 Vv vV 100.34 7.594 1365 69.41

The best performance (in bold) is achieved when both temporal shifting and spatial mi-
gration are jointly enabled (C4). In this configuration, total energy consumption decreases
to 100.34 MWh, achieving an overall reduction of approximately 3.7% compared with C1,
while the number of active servers further decreases to 1365 and the average utilization
increases to 69.41%, the highest among all cases. This result suggests that temporal shifting
and spatial migration are complementary rather than simply additive. Temporal shifting
first alleviates peak-time workload congestion and reduces the cooling burden during
high-load or thermally unfavorable periods, while spatial migration further reallocates the
remaining flexible workloads across DCs according to electricity price, capacity, cooling,
and network constraints. Therefore, the joint strategy provides a better balance between
energy saving, cost reduction, and resource utilization.

To further illustrate the energy-saving mechanisms of different workload flexibility
strategies, Figure 4 compares the relative reductions in IT energy, cooling energy, and total
energy with respect to the no-flexibility case. Temporal shifting yields a more pronounced
reduction in IT energy because it lowers peak server activation and improves temporal
load balancing. The reduction in cooling energy follows the same trend, indicating a
direct interaction between server utilization and cooling demand: lower IT power reduces
internal heat generation and consequently decreases the required cooling power. Spatial
migration alone provides limited energy savings because its effectiveness depends on the
thermal conditions of the destination DCs. When high workload periods coincide with
high outdoor temperature or low cooling efficiency, temporal shifting tends to be more
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effective than migration for energy reduction, since it can defer delay-tolerant workloads
to cooler or less congested periods.

105 B
8 .
a 100 [C3
E - il
22 got
53
&
5 5

20

Total IT equipment Cooling system

Figure 4. Relative energy-saving ratios under different workload flexibility mechanisms.

Figure 5 illustrates the hourly workload redistribution of the three geo-distributed
DCs before and after applying the proposed scheduling strategy. Compared with the
original workload profiles, noticeable changes can be observed after optimization. In
particular, the workload processed by DC1 increases during multiple time periods, with
an average increase of approximately 8-10%, indicating that additional flexible tasks are
migrated to DC1 due to its more favorable operating conditions. The workload of DC2
shows moderate temporal adjustments, with an average increase of about 3-5%, suggesting
that DC2 participates in balancing system workloads during certain hours. In contrast,
the workload of DC3 decreases significantly, with an average reduction of approximately
12-15%, as part of its tasks are transferred to other DCs with lower operating costs. Overall,
these results demonstrate that the proposed scheduling framework effectively exploits
spatial workload migration and temporal workload shifting to achieve a more balanced
workload distribution and improved utilization of geo-distributed DC resources.

4.3. Impact of Workload Uncertainty on Scheduling Performance

To further examine the role of stochastic uncertainty modeling, this subsection inves-
tigates how different levels of workload uncertainty affect the scheduling decisions and
system performance of the proposed framework. Unlike a purely deterministic analysis
based on a single forecast, the proposed two-stage stochastic model makes first-stage deci-
sions that are shared across all reduced scenarios, while second-stage recourse decisions are
adaptively adjusted after the uncertainty is realized. Such a structure enables the scheduler
to explicitly account for possible workload fluctuations and to maintain feasible and reliable
operation under multiple demand realizations.

In this experiment, the workload fluctuation range is used as the main uncertainty
parameter. Four uncertainty levels are considered, namely £5%, £10%, £15%, and £20%.
The purpose of this experiment is to reveal how the proposed stochastic framework re-
sponds to increasingly uncertain workloads in terms of energy consumption, operating
cost, server provisioning, and resource utilization.

As shown in Table 4, the proposed framework exhibits a clear yet moderate response to
increasing workload uncertainty. When the fluctuation range increases from 5% to £20%,
the total energy consumption rises only slightly from 100.12 MWh to 100.80 MWh, while the
total operating cost increases from 7.57 x 10° $ to 7.64 x 10° $. These results indicate that
larger uncertainty indeed requires additional resources to hedge against adverse scenarios,
but the overall increase in system cost and energy use remains limited. This suggests that
the proposed stochastic scheduling model can absorb workload variability without causing
significant deterioration in overall operating efficiency. A more informative change can

https://doi.org/10.3390/sul8136553


https://doi.org/10.3390/su18136553

Sustainability 2026, 18, 6553

16 of 23

be observed in the server-side operational indicators. As workload uncertainty becomes
stronger, the average number of active servers increases from 1360 to 1376, whereas the
average server utilization decreases slightly from 69.70% to 68.86%. This trend reflects the
essential mechanism of the two-stage stochastic model: to remain feasible under multiple
potential workload realizations, the scheduler proactively maintains a slightly larger online
server pool as a capacity buffer. As a result, the system sacrifices a small amount of
average utilization in exchange for improved adaptability and robustness against high-
demand scenarios. These results show that uncertainty modeling does not merely alter
the objective value numerically; more importantly, it changes the operational strategy
of the system. Under higher uncertainty, the scheduler becomes more conservative in
capacity provisioning and avoids overly tight resource consolidation. Therefore, the value
of stochastic optimization lies not only in optimizing expected performance, but also in
producing schedules that remain stable and implementable when the actual workload
deviates from its nominal forecast.

<10 |L"_"_ Before optimization | After optimization|
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......

The number of
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1
1
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Figure 5. Workload redistribution among geo-distributed data centers before and after the proposed
stochastic scheduling in C4.

Figure 6 compares the hourly active server schedules of the three DCs under different
workload uncertainty levels. It can be seen that the server activation profiles under different
uncertainty levels generally follow similar daily patterns, indicating that the proposed
stochastic framework preserves the overall temporal scheduling structure. Meanwhile,
noticeable differences appear in several peak and transition periods, where the active server
numbers are adjusted to accommodate different workload realizations. This suggests that
workload uncertainty mainly affects the fine-grained capacity reservation of individual DCs
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rather than the overall scheduling trend. In addition, the adjustments occur at different
hours and with different magnitudes in DC1, DC2, and DC3, showing that workload
uncertainty is handled through differentiated local responses across the three DCs.

Table 4. Performance comparison of the proposed stochastic scheduling framework under different
workload uncertainty levels.

Workload Total Cost Total Energy Average Active Average Utilization
Fluctuation Range (10° $) (MWh) Servers (%)
+£5% 7.57 100.12 1360 69.70
+10% 7.59 100.34 1365 69.41
+15% 7.61 100.57 1371 69.13
£20% 7.64 100.80 1376 68.86
5% 10% 15% ——20%
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Figure 6. Comparison of server activation plans in the three DCs under different workload uncer-
tainty levels.

Overall, the above results confirm that explicit stochastic treatment of workload
uncertainty is essential for reliable geo-distributed DC scheduling. As uncertainty increases,
the proposed framework responds by moderately expanding server provisioning and
accepting a slight reduction in average utilization, while keeping the growth of total energy
consumption and operating cost at a relatively low level. This demonstrates that the
proposed model achieves a desirable balance between energy efficiency and operational
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robustness, which is particularly important for practical DC systems facing uncertain and
time-varying demand.

4.4. Comparison with Deterministic and Robust Optimization

To further evaluate the value of the proposed two-stage stochastic scheduling frame-
work, two benchmark methods are considered: deterministic optimization (DO) and robust
optimization (RO) [32,33]. In DO, the uncertain workloads are replaced by their expected
values, and the scheduling problem is solved under the nominal scenario. In RO, the
scheduling decision is optimized against the worst-case operating condition constructed
from the training scenario set. Specifically, for a given first-stage decision, the operating cost
is evaluated under all scenarios in the training set, and the scenario producing the highest
cost is identified as the worst-case scenario. The proposed method, denoted as TSS, mini-
mizes the expected operating cost over the reduced representative scenario set and allows
recourse decisions to adapt to each realized scenario. For a fair comparison, all methods
are trained using the same historical data and evaluated on the same 2000 out-of-sample
scenarios. The testing scenarios include Gaussian perturbations, moment perturbations,
and Weibull long-tail disturbances, representing normal forecast errors, distributional shifts,
and extreme operating conditions, respectively.

The cost-risk performance is evaluated using the mean cost, median cost, cost stan-
dard deviation (Std.), 99th percentile cost (Q99), and conditional value-at-risk at the 95%
confidence level (CVaRg¢5). The 99th percentile cost measures the upper-tail operating cost,
while CVaR0.95 is computed as the average cost of the worst 5% out-of-sample scenarios.

Table 5 reports the out-of-sample cost-risk performance of the three methods. DO
has the largest cost fluctuation and the highest upper-tail cost among the three methods.
This indicates that optimizing only the nominal scenario is insufficient when the realized
workloads deviate from their expected values. Although DO achieves a lower average cost
than RO, it exposes the system to higher tail risk. RO achieves the lowest cost standard
deviation, Q99 cost, and CVaR 95 cost. This is because RO explicitly protects the scheduling
decision against the worst-case operating condition. However, such risk protection is
obtained at the expense of a much higher mean and median operating cost. Specifically,
the mean cost of RO reaches $8.54 x 10°, which is higher than those of DO and TSS.
This confirms the conservative nature of the robust benchmark. Compared with DO, TSS
reduces the mean cost from $7.90 x 10° to $7.84 x 10°. The median, Q99, and CVaR g5
costs are also reduced. In addition, the cost standard deviation decreases from $0.45 x 10°
to $0.39 x 10, showing that the proposed method improves both economic performance
and cost stability under out-of-sample uncertainty. Compared with RO, TSS has slightly
higher Q99 and CVaR g5 costs, but it substantially reduces the mean and median operating
costs. This result indicates that RO provides stronger worst-case protection, whereas TSS
avoids excessive conservativeness by optimizing the probability-weighted performance
over representative scenarios. Therefore, the proposed TSS method provides a more
balanced cost-risk tradeoff: it significantly improves robustness compared with DO while
achieving much better economic performance than the conservative RO benchmark.

In Table 5, the policy optimization time denotes the time required to generate the
first-stage scheduling policy, while the mean recourse evaluation time denotes the average
solution time for each out-of-sample testing scenario with the first-stage decision fixed.
DO has the shortest policy optimization time because it is solved under a single nominal
scenario. RO and TSS require longer solution times because they involve more training
scenarios and scenario-wise operational constraints. The proposed TSS method requires
33.50 s to generate the scheduling policy, which remains acceptable for the considered
three-DC, 24 h scheduling case. Moreover, the mean recourse evaluation time of TSS is only
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0.05 s per scenario, indicating that the scenario-dependent recourse problem can be solved
efficiently once the first-stage decision is fixed.

Table 5. Out-of-sample cost-risk comparison.

Method Mean Median  Std. Q99 CVaRgg95 Policy Optimization = Mean Recourse Evaluation
(10°$) (10°$%) (10°%) (10°%)  (10°$) Time (s) Time (s/Scenario)
DO 7.90 7.69 0.45 9.02 8.96 0.14 0.10
RO 8.54 8.51 0.08 8.73 8.72 15.90 0.06
TSS 7.84 7.63 0.39 8.88 8.82 33.50 0.05

5. Conclusions

This paper investigated the cost-optimal scheduling problem of geo-distributed DCs
under stochastic workload conditions. By jointly considering temporal workload shifting,
spatial workload migration, server power consumption, cooling operation, and inter-DC
network constraints, a two-stage stochastic optimization framework was developed. In the
proposed model, first-stage decisions provide a shared day-ahead schedule, while second-
stage recourse decisions adapt to realized workloads, enhancing operational reliability.
Simulation results show that coordinated exploitation of workload flexibility decreases
total energy consumption by approximately 3.7% and reduces operating cost by about 6.7%
relative to the baseline, while maintaining server utilization above 69% under different
uncertainty levels. These findings indicate that the proposed scheduling framework can
support the operational sustainability of geo-distributed DCs by achieving lower electricity
costs and energy consumption, reducing unnecessary server activation, and improving
computing-resource utilization.

From an operational perspective, the proposed framework can serve as a day-ahead
decision-support tool for geo-distributed DC operators. By using workload forecasts, elec-
tricity prices, outdoor temperatures, server operating parameters, and inter-DC network
conditions as inputs, the model generates coordinated server provisioning, workload defer-
ral, and workload migration schedules. These decisions can help operators avoid excessive
server activation during peak periods, transfer flexible workloads to more economical or
thermally favorable locations, and reserve sufficient processing capacity against workload
uncertainty. The numerical results demonstrate that such coordinated scheduling can
reduce both electricity cost and energy consumption while maintaining service quality and
operational feasibility. Therefore, the proposed method provides a practical approach for in-
tegrating computing-resource management with energy-aware operation in geo-distributed
DC systems.

Despite these advantages, several limitations remain. First, the numerical study
is conducted on a three-DC system with a 24 h scheduling horizon, and larger-scale
systems with more heterogeneous facilities may require decomposition or distributed
optimization techniques. Second, the current stochastic formulation mainly focuses on
workload uncertainty, while electricity prices, outdoor temperature, cooling efficiency,
and migration bandwidth are treated as deterministic inputs. Third, the server, cooling,
and network models are formulated at an aggregated level to maintain computational
tractability. Finally, carbon intensity, renewable energy integration, energy storage, and
life-cycle emissions are not explicitly modeled. These aspects will be further investigated
in future work.
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Nomenclature

Abbreviation Description

DC Data center

IT Information technology

CPU Central processing unit

Qos Quality of service

ETP Equivalent thermal parameter

LHS Latin hypercube sampling

TSS Two-stage stochastic scheduling

DO Deterministic optimization

RO Robust optimization

Std. Standard deviation

Q99 99th percentile cost

CVaR g5 95% confidence level

Symbol Description

N Set of geo-distributed data centers

Q Set of scheduling time slots

N, Max scheduling time slot

Wif/itX Inflexible workload arriving at dc i during time slot ¢

Lf‘;‘ Inflexible workload processed locally at dc i during time slot ¢

D Maximum delay tolerance

Yitr Amount of temporal-shiftable workload generated at dc i in t and executed in T
Witl‘;fm Temporal-shiftable workload arriving at DC i during time slot ¢
L?im Total temporal-shiftable workload executed at DC i during time slot ¢
Xijt Spatially migratable workload generated in DC i and processed by DC j at ¢
Xiit Portion of spatially migratable workload that processed locally
Wisfa Spatially migratable workload arriving at DC i during time slot ¢
Liy Total workload processed at DC i during time slot ¢

PH It power consumption of DC i during time slot ¢

Picf"l Cooling power consumption of DC i during time slot ¢,

Pftth Auxiliary power consumption of DC i during time slot ¢

Pi]?tc Power purchased from the electricity grid

N; Total number of servers installed in DC i

n Number of active servers in DC i during time slot ¢

U Average CPU utilization of servers in DC i at time slot ¢

ymax Max CPU utilization of servers in DC

u Service capacity of one active server
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pidle, ppeak Idle and peak power of a server

T}/";,T&‘“ Indoor and outdoor air temperatures

QBC Total thermal power of DC

KT Heat factor of IT equipment

keop Energy efficiency ratio of the cooling system

C; Heat capacity of the indoor air

R; Thermal resistance between the indoor air and the external environment
Trir’fl‘in,Tri,r’?aX Minimum and maximum indoor temperature in the DC

ATR Maximum variation in indoor temperature

(5%;0;’, J;F,rjans, 5]13:“ Propagation, transmission, processing delay of workload

5iﬁay End-to-end delay of a workload migrated from DC i to j during time slot ¢
di Geographical distance between DC i and DC j

v Signal propagation speed in optical fiber

S Average data size associated with one unit of migrated workload

BWj; Available bandwidth of the communication link between DC i and DC j
mj Effective service rate of DC j during time slot ¢

At Total workload arrival rate assigned to DC j during time slot ¢

omax Maximum tolerable end-to-end delay

K Set of workload types

Wikt Forecasted workload of type k in DC i at ¢

Wf,f" Scenario-dependent workload realization

s’ftw Normalized forecast error of workload type k at DC i during time slot ¢
o Workload fluctuation level

v Workload realizations in scenario w

rﬁ';" Sampled cumulative probability value for scenario w

[olUNe) Initial and reduced scenario set

d(w, ') A normalized Euclidean distance between two scenarios

PY, Initial probability of scenario w

y Temporal workload shifting decisions

x Spatial workload migration decisions

LY Processed workloads

u“ Server utilizations

pw IT, cooling, and grid-side power variables

q“ Delay-related variables

n The first-stage non-anticipative decision variable

X The first-stage feasible set

Tt Electricity price of DC i at time slot ¢

At Duration of one scheduling time slot

z¥ Second-stage recourse variables

T The optimal expected operating cost of data centers
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