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Abstract. As an increasing number of Distributed Machine Learning (DML) tasks are hosted on cloud
platforms in the edge-cloud continuum, Data Centers (DCs) with massive data and computational require-
ments have become one of the world’s largest energy consumers, leading to significant carbon emissions.
Reducing energy consumption and carbon emissions is an extremely crucial and challenging issue for the
sustainable development of cloud service providers. While utilizing renewable energy can help reduce the
carbon emissions of DCs, the intermittent and unstable nature still causes DCs to rely heavily on high-carbon
brown energy. For the resource-intensive and delay-tolerant DML tasks, this paper introduces multi-renewable
energy in the geo-distributed continuum to address this issue, the spatiotemporal complementarity maximizes
the renewable energy utilization and compensates for time-dependent energy differences with geographic
advantages. Additionally, considering the dynamic differences in carbon intensity and electricity prices across
distributed DCs in the continuum, we propose an energy and carbon-aware algorithm called ECMR for
scheduling heterogeneous virtual machine creation tasks of DML among multi-clouds in different time zones.
It is demonstrated that compared with the baseline methods, the ECMR significantly reduces the total power
consumption, energy cost, and carbon emission of data centers while maintaining an acceptable service quality.
The utilization of renewable energy in data centers has been significantly improved to 90.8% by flexibly
leveraging the spatiotemporal complementarity of multi-renewable energy. Compared with existing competing
algorithms, the proposed method exhibits significant improvements with an achieved average response time of
12.6 ms, and a task failure rate of 1.25%.

Keywords: Edge-Cloud Continuum, DML task Schedulilng, Distributed Data Centers, Multi-Renewable
Energy, Energy Consumption, Carbon Emission, Energy Complementarity.

Abbreviations

RES Renewable Energy Source
DC Data Center
DML Distributed Machine Learning
CSP Cloud Service Provider
CWS Cloud Workload Scheduler
VM Virtual Machine
QoS Quality of Service
PUE Power Use Efficiency
PV Solar Photovoltaic

Symbols

dj, N The jth DC and the total number of the
DCs

si, M The ith server and the total number of ser-
vers in dj

vk, L The kth VM and the total number of VMs
running on si

Psi ðtÞ The power of server si at time slot t
Pdj ðtÞ The power of all servers in dj at time slot t

PDC
dj ðtÞ The power consumption of dj at time slot t

P ilde
si The idle power of the server si* Corresponding author: csu_liu@csu.edu.cn
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Ppeak
si The maximum power of server si

Pdynamic
si The maximum dynamic power of server si

usi ðtÞ The utilization of si at time slot t

UCPU
ij The CPU capacity of si in dj

ACiðtÞ The available CPU resources of si at time
slot t

uvk ðtÞ The utilization of kth VM running on si
vin, vout, vr Start-up, survival, and rated wind speed
Pr Rate power of the wind turbine
vj(t) Wind speed of the turbine in dj at time

slot t
Pwind

q ðtÞ Output wind power of the qth turbine at
time slot t

x Total number of wind turbines in dj
PwjðtÞ Total output wind power of turbines in dj
G, F Irradiance and temperature
ns The number of the solar cells in the photo-

voltaic panel
Isc (G, F) Short-circuit current
Io(F) The dark saturation current
rmp, imp The optimal load and the corresponding

current
v(G, F) The product of the output voltage
i(G, F) The product of the output current
voc Open-circuit voltage
Vth The junction thermal voltage
Rs The series resistance of the photovoltaic

panel
Psolar

g ðtÞ Output solar power of the gth PV panel at
time slot t

k The total number of PV panels in dj
Psj(t) The total output solar power of PV panels

in dj
Cerj(t) Carbon intensity of dj at time slot t
CEj (t) Carbon emission of dj at time slot t
Ccarb Total carbon emission of all DCs
Ebrown

j ðtÞ Brown energy consumption of dj at time
slot t

EG
j ðtÞ Green energy generation of dj at time slot t

Ej(t) Energy consumption of dj at time slot t
Ewind

j ðtÞ Supplied wind energy in dj at time slot t
Esolar

j ðtÞ Supplied solar energy in dj at time slot t
T Total time slots
nj(t) The locational marginal price of dj at time

slot t
Qj(t) Energy cost of dj at time slot t
Ceng Total energy cost of all DCs
wr The rth VM request
Rr the required computing resources of wr

dj(t) The list of running VMs in dj at time slot t
RCPU

rj ðtÞ Requested CPU of wr that dispatched to dj
at time t

RMEM
rj ðtÞ Requested memory of wr that dispatched to

dj at time t

RMEM
rj ðtÞ Requested storage of wr that dispatched

to dj at time t
yrij(t) The Boolean variable
Tr; dj Request time of wr dispatched to dj
Twrj Waiting time of wr dispatched to dj
Trrj Response time of wr dispatched to dj
Terj Execution time of wr dispatched to dj
Tarj Total processing time of wr dispatched to dj
Lrj Latency of wr

Ldelay Total latency of all requests

1 Introduction

The proliferation of intelligent vehicles, mobile phones, and
various Internet of Things (IoT) devices across society,
coupled with the growing number of edge devices and appli-
cations, is driving a substantial increase in data volume [1].
The availability of massive amounts of data has played a
crucial role in the advancement of Distributed Machine
Learning (DML) solutions [2]. However, IoT devices located
at the edge of the network face limitations in computing
power, energy, storage capacity, and bandwidth, making
it impossible to run resource-intensive machine learning
tasks. The resource-constraint nature of edge devices needs
to be integrated with cloud computing platforms, and tasks
should be scheduled based on the resource requirements of
DML tasks and the corresponding parameters of edge and
cloud resources, which promotes the emergence of the
edge-cloud continuum.

With the increase of DML tasks allocated to cloud Data
Centers (DCs), the energy consumption of the edge-cloud
continuum is becoming a critical concern economically,
environmentally, and societally [3]. Cloud Service Providers
(CSPs) typically deploy geo-distributed data centers with
tens of thousands of servers to process requests from
internet users worldwide [4]. Despite globally distributed
cloud DCs providing users in different time zones with
flexible access to computing resources and reducing user
costs, if we consider the worldwide DCs as one country, it
would be the fifth-largest electricity consumer in the world
today [5, 6]. High energy consumption directly contributes
to high carbon emissions, as of 2021, the carbon emissions
contributed by DCs accounted for 1% of global greenhouse
gas emissions [7], it is projected that by 2025, DCs will emit
1.9 billion tons of carbon dioxide [8]. Consequently, how to
reduce energy consumption and carbon emissions is an
extremely important and challenging issue for the sustain-
able development of CSPs.

An effective approach to reducing the high energy con-
sumption and carbon emissions from DCs is to improve the
operation efficiency of DCs. Typically, the average resource
utilization of Physical Machines (PMs) ranges from 10% to
50%, and most DCs’ PMs are underutilized, yet they con-
sume nearly 70% of the peak energy [9]. Therefore, actively
managing and consolidating idle PMs to reduce the number
of active servers could lead to a reduction in total energy
consumption while maintaining the same number of
workloads. Resource and data-intensive and delay-tolerant
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DML tasks can be viewed as requests to Virtual Machines
(VMs), currently, most researchers employ heuristic and
metaheuristic algorithms in their VM scheduling systems
[10, 11], which can reallocate VMs located in high energy
consumption and high carbon emissions in DCs within a
limited decision time, but these algorithms are less general-
ized, and the scheduling effect becomes worse when facing
heterogeneous tasks on different edge computing nodes.
Furthermore, the delay-tolerant tasks have the operation
characteristics of temporal delay and spatial transfer, so
that the CSPs can choose the execution time of tasks and
transfer the power load through flexible VM scheduling
within or even across data centers, thus reducing energy
costs and carbon emissions. Although VM scheduling can
effectively reduce energy consumption, the reduction of
carbon emissions is constrained by the energy supply
sources. Specifically, Renewable Energy Source (RES),
known as green energy, has significantly lower carbon inten-
sity compared to fossil fuels such as coal, natural gas, and
oil, which are considered brown energy sources, yet 80%
of the electricity used by DCs worldwide still comes from
carbon-intensive energy sources [8].

To mitigate the rapid increase in carbon emissions
caused by energy consumption, CSPs are actively operating
their cloud DC using RES [12]. For instance, approximately
50% of the DCs power for Amazon and Microsoft comes
from RES [13], and Apple’s DCs are even 100% powered
by RES [14]. Therefore, powering DCs partially or entirely
by RES has gained popularity in modern DC practices as it
can significantly reduce reliance on brown energy and
decrease carbon footprint. However, the fact is that RES
exhibits intermittency and instability due to climate and
geographical location variations [15]. Firstly, DCs dis-
tributed in geographical locations will exhibit different
availability and carbon emission intensity due to climate
differences. The annual solar irradiance in the western
United States surpasses that in the Northeast, enabling
solar farms with the same scale and energy conversion effi-
ciency to produce more electricity in the western region.
Secondly, within the same region, different types of renew-
able energy show different availability even under the same
weather conditions. For example, solar energy can only be
available during the day, but wind turbines driven by wind
can even achieve 24-hour operation. Renewable energy has
significant temporal variability and location dependence,
moreover, RES exhibits a clear “peak-valley” pattern at dif-
ferent periods [15]. Therefore, it is a remaining challenge for
CSPs to develop VM scheduling strategies based on load
requests, carbon emission intensity, electricity prices, and
the temporal-spatial variability of renewable energy to
maximize its utilization.

This research aims to introduce multi-RES into geo-
distributed DCs in edge-cloud continuums and flexibly
leverage their complementary characteristics in time and
space through scheduling algorithms to minimize DC
energy consumption and carbon emissions. We formulate
the task scheduling scheme as a constrained optimization
problem, where the constraints consider the task hetero-
geneity, carbon intensity, electricity price, and availability
of different types of RES and QoS. We propose a Mixed
Integer Linear Programming (MILP) algorithm called

ECMR, which solves the problem of peak time and regional
spatial mismatch between computing resources and power
loads as well as multiple types of renewable energy sources.
Compared to existing jobs, the innovation of ECMR is
reducing DC energy consumption and carbon emissions
from the perspective of complementarity of multi-RES in
geo-distributed environments. Robustness testing shows
that the ECMR algorithm can still maintain good perfor-
mance under pressure conditions such as resource con-
straints and reduced renewable energy supply. The main
contributions and highlights of this paper are as follows:
(i) We propose a new heuristic heterogeneous VM task
scheduling algorithm from the perspective of temporal
and spatial complementarity of multi-RES to regulate
energy utilization issues between data centers and power
grid systems. (ii) The wind and solar energy are modeled
from both temporal and spatial dimensions based on the
difference in geographical locations and weather of DCs,
the intermittency and instability of renewable energy are
effectively solved by leveraging the spatiotemporal comple-
mentarity of multi-RES in geo-distributed edge-cloud con-
tinuum. (iii) The proposed ECMR algorithm is validated
extensively based on real-world VM request information,
electricity prices, carbon intensity, and availability of
renewable energy.

2 Related work

To reduce energy consumption in DCs and achieve carbon
neutrality goals, extensive research has been conducted by
the industry and academia. To improve the energy effi-
ciency of data centers first requires enhancing their opera-
tional efficiency. Dynamic Voltage and Frequency Scaling
(DVFS) manages server power consumption by adjusting
the frequency and voltage scaling of components such as
CPUs and memory [16]. For instance, [9] utilized the opti-
mal power allocation of large server farms by analyzing
the impact of DVFS on server frequency. A DVFS-based
scheduling algorithm that can ensure system performance
and improve resource utilization was proposed in [17]. Some
researchers have also proposed energy-saving technologies
based on IT device hibernation mechanisms [18] and
dynamic speed scaling [19]. Although the above methods
can reduce energy consumption, reducing processor
frequency will cause a decrease in processor performance,
making the DCs take longer to respond to external events
or tasks.

Besides optimizing energy consumption at the IT hard-
ware and DC power supply equipment level, scheduling and
consolidation of VM is also an important method to reduce
DC power consumption, which allows CSPs to optimize the
spatial and temporal distribution of power loads based on
power supply conditions. Large CSPs such as Google [20]
and Microsoft [21] have proposed task scheduling algo-
rithms to improve server utilization by consolidating frag-
mented available resources, thereby releasing more
occupied servers into low-power mode. A multi-objective
integer linear programming model was established to
maximize the number of hosted VMs [22]. The researchers
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proposed an online VM consolidation mechanism that
improves computing resource utilization and reduces power
consumption under the constraints of CPU, memory, band-
width, and Service Level Agreement (SLA) [23]. For the
scheduling of heterogeneous tasks, the job scheduling prob-
lem was formulated as a Markov decision process under the
premise of comprehensively considering job correlation,
heterogeneity, and Quality of Service (QoS) [24]. A dynamic
VM consolidation method for heterogeneous cloud DCs was
proposed in [25], incorporating greedy heuristic algorithms
and interactive operations to minimize migration and
energy costs. Geo- distributed clouds have received consider-
able attention in recent years. A multi-objective optimiza-
tion algorithm that considers initial VM placement and
VM consolidation to minimize DC energy cost in a federated
cloud environment was proposed in [26]. An integer linear
programming for geo-distributed task scheduling problems
while balancing workload heterogeneity was proposed in
[27], which reduced carbon emission through spatiotemporal
scheduling.

Although these studies can improve the energy effi-
ciency of DCs, they overlook the utilization of renewable
energy and limit the reduction of carbon emissions. To fur-
ther reduce the operating costs of DCs, the application of
RES in data centers is also attracting increasing attention.
A method for managing carbon footprint and solar energy
in distributed DCs located in different time zones was pro-
posed in [16]. By evaluating the impact of renewable energy
utilization and distribution on energy consumption in dif-
ferent DCs, the task scheduling strategies were formulated
to reduce carbon emissions while ensuring QoS. Wind
energy was introduced into the power supply system for
DCs in [28], and a combined forecasting method of
RES power generation based on integrated Empirical
Mode Decomposition (EMD) and Temporal Convolutional
Network (TCN) was used to improve the utilization effi-
ciency of wind energy. Furthermore, researchers in [4] intro-
duced distributed DCs with wind power and energy storage
to adjust the time dimension availability of renewable
energy. However, the above studies are all focused on a
single type of RES, the hybrid energy (brown and green
energy) supply is still needed to support the full availability
of DCs, resulting in RES utilization being limited by the
maximum output power of the adopted green energy.

The implementation of multi-renewable energy into the
energy supply of DCs is gradually receiving attention. For
instance, solar and wind energy were introduced to power
DCs [29, 30], however, they did not distinguish the
distributed RES by region but considered it as a whole.
Similarly, the VM dispatch algorithm proposed in [31] only
considered the migration of VMs between DCs in the same
region, which means all DCs under the same environmental
condition. The above methods ignore the spatial variations
in RES, resulting in the inability to utilize RES for global
DCs when weather conditions are unfavorable. Although
the application of multi-RES articles has been discussed
[32, 33], seldom focused on the complementary characteris-
tics displayed by various types of energy sources
(hydropower, wind energy, solar energy) throughout the
year and day. Therefore, the remaining challenge for CSPs
is to develop VM scheduling strategies based on load

requests, carbon emission intensity, electricity prices, and
the spatiotemporal variability of renewable energy to max-
imize its utilization.

3 Proposed system model

This article only considers DML tasks that require a lot of
computing resources to be processed in the cloud, the model
of an energy and carbon-aware VM scheduling system for
geo-distributed DCs in the edge-cloud continuum is built.
The proposed system relies on a hybrid energy source
including green energy and brown energy to power the
DC. DML requests from geographic regions are allocated
to the appropriate DC through the Cloud Workload
Scheduler (CWS) to reduce energy costs and carbon emis-
sions. We analyze and establish models for DC’s energy
consumption and renewable energy generation, and the
objective function is determined by comprehensively
considering energy cost, carbon emission, and QoS. When
analyzing the complementary characteristics of RES, this
study mainly focuses on wind and solar energy, as detailed
meteorological data for simulation are available in
references [34, 35].

3.1 System architecture

The overall system architecture of the proposed method is
presented in Figure 1. Similar to the architecture mentioned
in [3], the edge-cloud continuum comprises three distinct
regions and energy providers that are geographically dis-
tributed in different areas. In each region, both edge and
cloud DC are included. The CSP operates distributed
DCs across different time zones, and all DCs are intercon-
nected via high-speed backbone networks. Other essential
elements in the system include the CWS, and grid utility.
Given that VM creation requests may originate from
diverse regions, the requests they submit to the cloud for
execution are also distributed. The CWS is used to connect
all DCs and is the most critical component in the entire
system architecture. On the one hand, the CWS collects
VM creation requests, on the other hand, it gathers status
information and characteristics from all DC feedback,
including energy utilization, power consumption, renewable
energy availability, energy price, carbon intensity, etc. The
CWS then allocates received VM requests to appropriate
DCs for execution based on the designed scheduling algo-
rithm. The distributed DCs are powered by local grid util-
ity, and we assume that the power grid in each DC is
integrated with wind, solar, and brown energy. We do
not consider cross-domain scheduling and long-term storage
of renewable energy.

Based on the described architecture, we establish a
basic mathematical model for a system with N distributed
DCs, denoted as dj 2 {d1, d2, . . . dN}. Each DC consists
of M servers of various models and configurations, denoted
as si 2 {s1, s2, . . .sM}. We assume that the proposed scheme
operates over discrete time t 2 {1, 2 . . . T}, with the max-
imum duration of each time slot being 1 h. The CWS dis-
patches the requests within each time slot, which are
executed by VMs that are reported as vk 2 {v1, v2, . . . vL}.
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3.2 Heterogeneous workload model

The DML workloads in DCs are generally divided into two
categories: latency-sensitive workloads and latency-tolerant
workloads. Latency-sensitive workloads (e.g. online fore-
casting system, financial trading system) require processing
within a few milliseconds to a dozen milliseconds after they
are issued, which greatly constrains the time cost of task
scheduling and is not suitable for scheduling strategies that
cause more time delays. In contrast, latency-tolerant work-
loads (e.g. climate model prediction, geological exploration
data analysis) typically require longer runtime and a large
amount of computing resources without immediate process-
ing. This allows the CWS to optimize scheduling by fully
utilizing the state information of the distributed system,
such as real-time electricity prices and RES availability.
Therefore, this paper focuses solely on latency-tolerant
workloads in the simulation. It is worth noting that adopt-
ing strict strategies to reduce energy consumption and
carbon emission while ignoring the resources required for
DML tasks may lead to a decrease in QoS, resulting in
SLA violations. Furthermore, due to the high heterogeneity
of latency-tolerant workloads in production environments,
they vary in terms of CPU, memory, and storage require-
ments, etc. [29, 36]. When the CWS receives a VM creation
request and allocates it to a server in one of the available
DCs based on the required resource, there are the following
constraints for the VM task wr to be assigned:

XM
i¼1

XN
j¼1

yrij tð Þ ¼ 1; ð1Þ

where yrij(t) is a Boolean variable used to determine
whether the required resources of wr are allocated to a

server si in DC dj. If yrij(t) = 1, it means that wr is allocated
to si in dj, and 0 otherwise not. The scheduling algorithm
also needs to ensure that each VM is allocated to one and
only one server. In addition, when scheduling VMs, the
available resource constraints of servers need to be satisfied,
meaning that the available resource capacity of the allo-
cated server should be greater than the resource require-
ments of CPU, memory, and storage for VM requests. If
the total number of VMs running in DC dj at time slot t
is dj(t), then we can get the following constraints:

Xdj tð Þ

r¼1
RCPU

rj tð Þ � yrij tð Þ � UCPU
ij ; ð2Þ

Xdj tð Þ

r¼1
RMEM

rj tð Þ � yrij tð Þ � UMEM
ij ; ð3Þ

Xdj tð Þ

r¼1
RSTO

rj tð Þ � yrij tð Þ � U STO
ij ; ð4Þ

where the RCPU
rj ðtÞ, RMEM

rj ðtÞ, RSTO
rj ðtÞ is the number of the

CPU cores, memory, and storage required by VM requests
wr allocated to wr at time slot t, UCPU

ij , UMEM
ij , and U STO

ij

denote the total capacity of corresponding resources of
server si in dj, respectively.

3.3 Data center energy consumption model

The energy consumption model of the DC is an important
basis for scheduling strategies. Power Use Efficiency (PUE)
is one of the most effective parameters for measuring the
energy efficiency of DCs. It is the ratio of the total energy

Fig. 1. The architecture of the proposed DML tasks scheduling scheme for geo-distributed edge-cloud continuums. The CWS
optimizes task scheduling based on DML requests, SLA/QoS constraints, and RES availability for efficient energy usage and reduced
carbon emissions.
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consumption of the DC to the energy consumption of IT
equipment, a higher ratio indicates a smaller proportion
of overhead power consumed by cooling, lighting, and other
systems. Since PUE is generally calculated using energy
consumption over a certain period (such as a month or a
year), this paper sets the experimental period to one week.
Therefore, like most other research the PUE is set as a
constant [31]. The power of a server shows a significant
positive correlation with its CPU utilization, so we consider
the CPU utilization as the server utilization. We incorpo-
rate the power model proposed in [37] to describe the
linear relationship between server power and utilization,
and the power model of the server si at time slot t can be
expressed as:

Psi tð Þ ¼ P ilde
si þ usi tð Þ � Pdynamic

si ; ð5Þ

where the maximum dynamic server power Pdynamic
si is the

difference between the peak server power Ppeak
si and

the idle server power P idle
si , which is denoted as:

Pdynamic
si ¼ Ppeak

si � P idle
si ; ð6Þ

Psi ðtÞ is calculated by the idle power P idle
si and dynamic

power Pdynamic
si of the server, and Pdynamic

si is linearly related
to the utilization of server si at time slot t. Assuming that
the maximum available CPU resource provided by si in
the dj is UCPU

ij , if the available CPU resource margin of
the server si at time slot t is ACi (t), then the utilization
of server si at time slot t can be calculated as:

usi tð Þ ¼
UCPU

ij � ACi tð Þ
UCPU

ij

: ð7Þ

Although the consumed energy of a server includes the con-
sumption of virtualization programs and management com-
ponents, this portion is all included in P idle

si . Therefore, the
utilization of the server si in dj is nearly equivalent to the
sum of the utilization of allocated VMs running on si at
time slot t, thus:

usi tð Þ ¼
XL
k¼1

uvk tð Þ; ð8Þ

where uvk ðtÞ is the utilization of the kth VM running on
the server si and the L is the total number of allocated
VMs on it. Then, the total power of all servers si 2 {s1,
s2, . . . sM} in DC dj at time slot t is defined as:

Pdj tð Þ ¼
XM
i¼1

Psi tð Þ: ð9Þ

According to the definition of the PUE formula, we obtain
the total power of the data center as:

PDC
dj tð Þ ¼ PUE� Pdj tð Þ: ð10Þ

Then the energy consumption of DC dj at time slot t can be
calculated as:

EjðtÞ ¼
Z tþ�t

t
PDC

dj ðtÞ ð11Þ

3.4 Multi-renewable energy source generation model

The availability of RES fluctuates significantly across
geographies and times, and the availability of different
types of RES can vary significantly even under the same
weather and environmental conditions. Our goal is to
coordinate multi-RES and flexibly utilize their complemen-
tarity to schedule VM requests to reduce carbon emissions.
Wind energy and solar energy, as the most prominent RES,
currently provide 62% and 13% of non-hydropower clean
energy globally, respectively [32]. We introduce wind
energy, solar energy, and brown energy together to power
geo-distributed DCs and prioritize assigning tasks to DCs
with abundant and available renewable energy in our
scheduling algorithm.

3.4.1 Wind power model

Existing research shows that the electricity output from
wind turbines can be modeled by actual wind speed [30].
Assume that the wind speed at time slot t near the DC dj
is vj(t), then the output power Pwind

q ðtÞ of the qth wind tur-
bine in the wind farm of dj can be approximated as follows:

Pwind
q ðtÞ ¼

0 vj tð Þ < vin; vjðtÞ > vout

Pr � vjðtÞ � vin
vr � vin

vin < vjðtÞ < vr

Pr vr < vjðtÞ < vout

8>><
>>:

ð12Þ
where vin, vout are the start-up and survival wind speed,
vr, Pr are the rated wind speed and the rated power of
the wind turbine. When the wind speed exceeds vin, the
wind turbine starts to rotate and output power. The out-
put power increases linearly between vin and vr. When the
wind speed exceeds the rated wind speed and is less than
the survival wind speed vout, the output power Pwind

q ðtÞ is
equal to the rated power Pr. The braking system of the
wind turbine adopts the vout to bring the wind turbine
rotor to a standstill to eliminate the risk of damage to
the wind turbine rotor due to excessive wind speed.
Assuming that the wind speed in the same wind farm is
the same and the total number of turbines x is constant
during VM scheduling, then the total output power in
the wind farm of DC dj at time slot t is defined as:

Pwj tð Þ ¼
Xx
q¼1

Pwind
q tð Þ: ð13Þ

Correspondingly, the wind energy generated by the wind
turbines in the wind farm of DC dj at time slot t is:

Ewind
j ðtÞ ¼

Z tþ�t

t
PwjðtÞ ð14Þ

3.4.2 Solar power model

Solar Photovoltaic (PV) power generation is mainly related
to the solar cell parameters and weather conditions, such as
irradiance and temperature. Referring to the existing model
[32], we derive the current-voltage characteristic equation
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for solar power generation, taking into account irradianceG
and temperature F, as follows:

i G;Fð Þ ¼ I sc G;Fð Þ � I o Fð Þ � e
v G;Fð Þþi G;Fð Þ�Rs

ns �V th ; ð15Þ
where Vth is the junction thermal voltage, Isc is the short
circuit current under Standard Test Condition (STC), i.e.
G = 1000 W/m2, T = 25 �C. Io is the saturation current,
Rs is the series resistor, ns is the number of solar cells in
the series connected PV panels, e.g., in the 66HS605-
625W model panels [38], ns = 132. This research simplifies
the derivation process of the solar energy generation
model, the output power of the PV panels is estimated
as the maximum power that can be extracted from the
PV panels, and the output power of the gth PV panel is
denoted as:

Psolar
g tð Þ ¼ i2mp � rmp; ð16Þ

where rmp is the optimal load and the imp is the corre-
sponding current. If there are k independent PV panels
in the solar plant in DC dj, the total output solar power
at time slot t is calculated as:

Psj tð Þ ¼
Xk

g¼1
Psolar

g tð Þ: ð17Þ

Correspondingly, the solar energy generated by the solar
plant in dj at time period from t to t + Dt is:

Esolar
j tð Þ ¼

Z tþ�t

t
Psj tð Þ ��t: ð18Þ

Specifically, in the simulation process of Section 5.1, we esti-
mate the output power of PV panels under different condi-
tions based on the current-voltage curve provided in the
data manual [38], combined with irradiance G, temperature
T, and the Temperature coefficient of PV, and the duration
of the time slot t is set as one hour.

3.5 Carbon emission and energy cost model

The carbon intensity is applied to evaluate the grams of
CO2 emitted per kilowatt-hour of electricity, which is
mainly generated by fossil fuels and other high-carbon
energy sources. In this research, the carbon intensity of
RES is estimated to be zero, even though there may be a
small amount of carbon emission during the storage and
transportation processes. Due to variations in energy struc-
ture (e.g., different proportions of green and brown energy)
and economic structure (e.g., varying proportions of heavy
industry and services) across different regions, carbon inten-
sity exhibits significant spatial and temporal dimensions. If
the carbon intensity of the DC dj is Cerj(t) at time slot t, the
carbon emission of dj is formalized as:

CEj tð Þ ¼ Cerj tð Þ � Ebrown
j tð Þ; ð19Þ

where Ebrown
j tð Þ is the brown energy consumption of dj at

time slot t, if the total energy consumption during time
slot t is Ej(t) and the available RES is EG

j ðtÞ, then it
can be calculated that:

Ebrown
j tð Þ ¼ max Ej tð Þ � EG

j tð Þ; 0
h i

; ð20Þ

where EG
j ðtÞ is the sum of wind energy and solar energy

provided at time slot t:

EG
j tð Þ ¼ Ewind

j tð Þ þ Esolar
j tð Þ: ð21Þ

Then the total carbon emission of N data centers in the
total time slot T is:

C carb ¼
XT
t¼1

XN
j¼1

CEj tð Þ: ð22Þ

Since the electricity generated by wind and solar energy is
both operated and delivered through grid utilities, we do
not distinguish the price differences of each type of energy
source, and only consider the hourly fluctuation in electric-
ity prices across different geographic locations. We adopt
the Locational Marginal Price (LMP) to represent the
energy price, if the LMP of DC dj at time slot t is nj(t), then
the energy cost at time slot t is:

Qj tð Þ ¼ nj tð Þ � Ej tð Þ: ð23Þ
Then the total energy cost of N data centers in the total
time slot T is:

C eng ¼
XT
t¼1

XN
j¼1

Qj tð Þ: ð24Þ

3.6 Objective function

The objective of the VM scheduling algorithm in geo-
distributed DCs powered by multi-RES is to reduce the
energy cost, and carbon emission while ensuring the QoS.
In the distributed multi-cloud environment, the VM
requests of users are undirected. While assigning tasks to
the nearest DC would reduce the processing time, our
scheduling algorithm prioritizes dispatching tasks to DCs
with more sufficient RES, which may result in an increase
in processing time. To address this, we impose a limitation
on the total latency of scheduling all tasks.

We define the time Tr; dj that it takes for the user’s
request to be allocated from the source to DC dj as the
request time. The waiting time and execution time of the
task in the cloud are Twrj and Terj, respectively. Then the
response time of task wr is Trrj ¼ Tr; dj þ Twrj , and the
total time to process task wr is:

Tarj ¼ Tr;dj þ Twrj þ Terj : ð25Þ
Due to different tasks requiring different execution time the
response time Trrj does not contain information about task
execution time. Therefore, we introduce the parameter of
task latency Lrj to measure the efficiency of task allocation
throughout the entire scheduling process, and the Lrj is
defined as:

Lrj ¼ Terj
Tarj

: ð26Þ
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Then we can get the total task latency of N data centers:

Ldelay ¼
XN
j¼1

Xdj tð Þ

r¼1
Lrj : ð27Þ

When constructing the VM Scheduling strategies (VS) with
the proposed algorithm, it is necessary to select the optimal
placement solution by combining the optimization goals
mentioned above. Therefore, we are committed to minimiz-
ing the three objective functions of energy cost (f1), carbon
emission (f2), and total task latency (f3). At the same time,
the scheduling strategy needs to satisfy the resource capac-
ity constraints of PMs and VMs:

min f1 VSð Þ ¼PT
t¼1

PN
j¼1

QjðtÞ

min f2 VSð Þ ¼PT
t¼1

PN
j¼1

CEj tð Þ

min f3 VSð Þ ¼PN
j¼1

Pdj ðtÞ
r¼1

Lrj

8>>>>>>>>><
>>>>>>>>>:

s:t:constraints 2ð Þ � 4ð Þ:

ð28Þ

4 Virtual machine dispatching algorithm

We propose a VM task scheduling algorithm ECMR with
multi-RES for geo-distributed DCs to achieve the optimiza-
tion goals of minimizing energy cost, carbon emission, and
total task latency as noted in equation (28). Besides, we
design another five variants based on ECMR as the baseline
algorithms by changing the priorities of different optimiza-
tion indicators and the generation conditions of RES, to
demonstrate the effectiveness of ECMR in reducing DCs
energy consumption and improving the availability and
complementarity of RES.

4.1 Energy and Carbon-aware dispatching with
Multi-RES (ECMR)

Algorithm 1 displays the pseudocode of the VM scheduling
algorithm ECMR proposed in this article, which compre-
hensively considers the availability of RES, DC computing
resources, electricity price, carbon intensity, and other fac-
tors. The specific execution steps of the algorithm are as
follows:

Step 1: The required distributed DC status information
for scheduling is input into CWS, and then calculate the
operating energy consumption of each DC and the gen-
eration energy of RES (lines 2–3). If the available RES is
greater than the consumed energy of the DC, it is clas-
sified as DG; otherwise, it is classified as DB, indicating
the need to compensate for the shortage of renewable
energy with brown energy (lines 4–9).
Step 2: Sort the data center dj 2 DG in ascending order
based on the distance from the task source of the cloud
user to the DC, and then assign the task wr to the DC
closest in distance (lines 12–13) to minimize the response
time of tasks while matching the RES availability.
Step 3: Determine whether the servers in the DC to be
allocated can provide the computing resources required

by the VM. If the available resources meet the task
requirements (lines 16–17), based on the Most Effective
Server First (MESF) scheduling scheme proposed in [39]
assigning the tasks to the most power-efficient server,
i.e. the server with the least increase in energy consump-
tion (line 18). From this minimize the energy consump-
tion of servers as much as possible.
Step 4: Determine whether the available RES can
meet the energy consumption required for task process-
ing if the VM is allocated to the current DC, and
whether the task latency is below the set threshold (lines
19–23). This ensures the prioritized use of DCs with
sufficient RES for processing tasks.
4.1 If the RES energy is sufficient and the task latency

is below the threshold, allocate the VM to the tar-
get server and complete the task allocation, proceed
to step 6.

4.2 If the requirements cannot be met, return to step 2 to
forward the VM to another DCwith sufficient renew-
able energy. If the allocation is completed, proceed to
step 6. If the allocation still cannot be completed, it
means that a DCwith sufficient RES and satisfactory
latency cannot be found, proceed to step 5.

Step 5: When balancing the RES availability and task
latency is not feasible, the DCs are sorted in descending
order based on their available computing resources.
Then, tasks are assigned to the DC with the most suffi-
cient available computing resources (lines 26–31). In
this scenario, the utilization of RES is disregarded to
ensure that the tasks can be ultimately processed.
5.1 If the computing resources of the target DC’s server

can meet the requirements of the task, allocate the
VM to the target server in that DC, the task alloca-
tion is completed, and proceed to step 6.

5.2 If the resource requirements cannot be met, it
indicates that all DCs are unable to provide the
required resources in the current state. In this case,
the task cannot be allocated and a failure value is
returned.

Step 6: Output the destination DC of the VM request
that has been allocated, and update DC status informa-
tion such as power, available computing resources,
energy cost, carbon emission, and task latency in the
DC. After the allocated tasks are processed, the occu-
pied VM resources must be released.

Algorithm complexity analysis: Assuming there are
N data centers, each with M servers. Firstly, the DCs are
categorized based on the availability of RES. After the
submission of VM requests, prioritize assigning tasks to
the DC closest to the request source and with sufficient
green energy. Subsequently, tasks are allocated to the server
with the least increase in energy consumption based on the
utilization of computing resources of servers. The time com-
plexity of this algorithm is: H(N logN) � H(M logM).
When all DCs are short of RES, tasks are sorted in ascend-
ing order based on the distance between the request source
and the DCs. In this case, tasks are allocated priority to the
nearest DC, and then to the server with the least energy
consumption growth, at this point, the time complexity of
the algorithm is (H(N) + H(N logN)) � H(M logM).
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4.2 Energy and Carbon-aware dispatching with QoS
(ECQ)

Different from the ECMR algorithm, the ECQ algorithm
pays more attention to the QoS, which is mainly reflected
in the response time of VM dispatching. Compared with
Algorithm 1, the ECQ reduces the priority of RES and
therefore omits lines 5–9 regarding the division of data
center RES abundance, and line 15 will no longer restrict
the target data center dj 2 DG. In this case, the task will
first be allocated to the DC closest to the request source.
If the nearest DC cannot provide sufficient computing

resources, the request will be prioritized for allocation to a
DC with more abundant resources.

4.3 Energy-aware dispatching with non-RES (ECNR)

The ECNR algorithm does not consider the use of renew-
able energy when formulating VM scheduling strategies,
which also makes it difficult to achieve the goal of reducing
carbon emissions. It is worth noting that all the algorithms
proposed in this article involve the use of renewable energy
except ECNR. Specifically, starting from line 3 in
Algorithm 1, the code related to RES usage is ignored, only

Algorithm 1. Energy and Carbon-aware VM dispatching algorithm

Input: the list of distributed data center D_list, all servers in each data center S_list, request wr in list di(t)
arriving at time slot t, multi-RES generation power at time slot t, task latency threshold Tthre

Output: Requests dispatched destination
1 for dj in D_list do
2 EDC

dj  Calculate the energy consumption of dj at time slot t using Eq. (11)
3 EG

dj  Calculate RES generation energy of dj at time slot t using Eq. (21)
4 RES_magin EG

dj � PDC
dj

5 if RES_magin >0 then
6 add dj into DG

7 else
8 add dj into DB

9 end
10 end
11 for wr in di(t) do
12 Sort all the DCs in DG based on the distance between the source of wr and the target DC in ascending order
13 Dispatch the request wr to the nearest data center dj
14 Rr  Get the required computing resources of wr

15 fordj 2 DG do
16 ACi  Get the remaining available computing resources of servers in the S_list of dj
17 if ACi>Rr then
18 Assign wr to the server si in the S_list that has the least increased energy consumption�Er
19 if RES_magin >�Er&& Lrj < Tthre then
20 Allocate task wr to server si belongs to dj
21 Update EDC

dj ¼ EDC
dj þ�Er

22 Update RES_magin, Ccarb, Ceng, Ldelay by using Eq. (22), (24), and (27)
23 end
24 end
25 end
26 Sort the available computing resources ACj of all DCs in descending order
27 Dispatch the request wr to the data center dj with the most available resources
28 if ACi>Rr then
29 Allocate task wr to server si belongs to dj
30 Update EDC

dj ¼ EDC
dj þ�Er

31 Update RES_magin, Ccarb, Ceng, Ldelay by using (22), (24), and (27)
32 else
33 The request is paused for dispatching and waiting for available data center
34 end
35 end
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the nearest DC and servers with lower energy consumption
growth are considered when scheduling VM. This baseline
algorithm serves to underscore the importance of RES in
reducing DC carbon emissions, and it is foreseeable that
ECNR will result in the highest carbon emissions among
all the algorithms.

4.4 Energy and Carbon-aware dispatching with Only
Wind energy (ECOW)

As mentioned earlier, renewable energy sources exhibit
significant temporal variability and spatial location depen-
dence, we introduce wind and solar energy to flexibly lever-
age their complementary characteristics in time and space.
To demonstrate the temporal complementary characteristic
of different types of renewable energy within the same
region, we propose the ECOW and ECOS algorithms,
which only consider wind or solar energy respectively as
the sole renewable energy source. Compared to Algorithm 1,
ECOW has been modified in line 3 to calculate only the out-
put power of wind turbines, which may lead to a lack of
complementary use of renewable energy when environmen-
tal wind speed decreases, directly affecting the RES utiliza-
tion of the DC.

4.5 Energy and Carbon-aware dispatching with Only
Solar energy (ECOS)

The ECOS algorithm is similar to the ECOW algorithm,
where DCs in different regions only consider the use of solar
energy. Therefore, in Algorithm 1, line 3 is modified to only
calculate the output power of solar panels. Since solar
energy is mainly affected by irradiance and temperature,
solar panels only have significant output power during fixed
periods (approximately from 14:00 to 19:00) every day, and
in rainy and low-temperature weather, the available time
segments for solar energy will be shorter. Compared with
the ECOW algorithm, the ECOS algorithm has lower
renewable energy availability, which may lead to higher
carbon emissions.

4.6 Geo-distributed VM dispatching with Same
Weather (GVSW)

To further prove the spatial complementarity of multi-
RES, we propose the GVSW algorithm, which assumes that
the weather and environmental conditions of geo-distribu-
ted DCs are consistent, thus eliminating spatial differences.
Compared with Algorithm 1, this baseline algorithm only
selects the weather condition of one region as input when
calculating the output power of RES in line 3. It can be
foreseen that this benchmark algorithm cannot take advan-
tage of the complementary energy advantages brought
about by changes in weather conditions in different regions,
resulting in a decrease in the utilization of RES and an
increase in carbon emissions.

5 Performance validation

In this section, we simulate the operation performance of
the cloud Infrastructure as a Service (IaaS) layer using

real-world datasets to evaluate the effectiveness of the pro-
posed algorithm ECMR. The algorithms are executed by
using Python IDE with NumPy library as a simulator,
which is deployed on a Personal Computer (PC) with an
AMD Ryzen 9 7945HX CPU clocked at 2.5 GHz, an NVI-
DIA GeForce RTX 4060 GPU, and 2� 8 GB DDR5 5200
MHz dual channel RAM. Then the configuration of exper-
imental parameters is introduced in detail and the experi-
mental results are analyzed.

5.1 Experimental design

A detailed description of the real-world data configuration
and sources required for the simulation are provided, such
as server configurations and their power consumption
model, workloads, wind speed, irradiance, temperature,
carbon intensity, LMP, PUE, and so on, ensuring the
smooth progress of subsequent simulation.

5.1.1 Data centers configuration and sources of
requests

To simulate a multi-cloud environment of geo-distributed
DCs, as shown in Figure 2, we select three DCs located in
Dallas, Elizabeth City, and Boston, as well as nine request
sources distributed around them, these locations are located
in different time zones of the United States and have signif-
icant latitude differences. The main reasons for choosing
these three locations as DCs are: (i) We refer to Google’s
DCs deployment in the United States [40], which has DCs
in Texas and Elizabeth City; (ii) These regions exhibit
distinct climate variations and have different power suppli-
ers, which can reduce the same environmental conditions
caused by geographic proximity, which is more conducive
to studying the complementarity of multi-RES.

The number of servers, wind turbines, and PV panels of
each DC, along with DC characteristics are presented in
Table 1. The parameters are set the same for each DC to
avoid the impact of the size of DCs on simulation results.
Each selected request source is connected to three DCs.
We assume that VM requests are evenly distributed among
each source, and CWS allocates VM requests to the optimal
DC according to the scheduling strategies. Table 2 lists
the distance between all DCs and the request source in

Fig. 2. Locations of the geo-distributed Data Centers (DCs)
and requests source. DC1, DC2, and DC3 represent Dallas,
Elizabeth City, and Boston respectively.
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kilometers and the time zone (observed during standard
time) of each request source, which is obtained from Google
Maps [41].We use these data to find the nearest DC and cal-
culate the additional time incurred when VM requests are
scheduled to other DCs.

5.1.2 Servers configuration and VM instances

Referring to related studies using VM instances [16, 26], we
configure three types of heterogeneous servers and four
types of VM instances for each DC. The server configura-
tion and VM instance of each DC are consistent. Table 3
shows three types of servers (Huawei RH2285 V2, Huawei
RH2288H V3, and Lenovo SR655 V3) along with their
configuration parameters, with 120 servers in each DC
and one-third of each type of server. This configuration is
mainly due to the gradual increase in CPU cores and
RAM capacity of these three servers, and the heterogeneous
architecture of AMD and Intel chips. At the same time, the
power consumption of these three servers is lower among
servers with the same performance, which also helps to
reduce the overall power consumption and carbon emissions
of the DC. The difference between each type of server is
mainly in CPU cores and RAM capacity, which reflects
the difference in the processing capabilities of the server.
We assume that all servers use Network Attached Storage

(NAS) systems regardless of local hard drives, which facili-
tates data sharing, collaboration, and access in multi-cloud
environments.

According to the results of the SpecPower benchmark
[42], Table 4 shows the corresponding relationship between
power consumption in watts and utilization of the three
types of servers, the current power consumption of the server
can be calculated by combining equation (5). It can be found
that as the CPU cores and memory capacity of the server
increases, its power consumption will also increase. To cope
with VM tasks with different resource requirements, Table 5
shows the four types of VM instances we set up. Each
instance is created based on the requested number of CPU
cores, memory, and storage capacity, and once a task is
completed, the occupied resource will be released.

5.1.3 Workload data

To simulate the requests submitted by VMs, we estimated
the daily dynamic VM creation submissions of different
request sources based on the workload of MetaCentrum 2
[43]. The reason for using this dataset is that it provides a
wide range of applications and has been adopted by many
researchers in simulation environments. Considering the
availability of data required for simulation, the total simu-
lation period is set to 7 days.

Table 1. Data centers and renewable energy resources distribution characteristics.

DC Number Location Time zone latitude Number
of servers

Number of
wind turbines

Number of
PV panels

DC1 Dallas, Texas UTC-6 32�470 N
120 2 30DC2 Elizabeth City, North Carolina UTC-5 36�170 N

DC3 Boston, Massachusetts UTC-5 42�210N

Table 2. The straight-line distance from the source of the request to the DCs in kilometers (km).

Source of requests Dallas Elizabeth City Boston Times zone

Las Vegas, NV 1740 3490 3830 UTC-8
Austin, TX 290 2100 2725 UTC-6
Chicago, IL 1295 1165 1365 UTC-6
New Orleans, LA 720 1450 2170 UTC-6
Miami, FL 1780 1228 2018 UTC-5
Colombia, SC 1500 443 1190 UTC-5
Washington, D.C. 1905 300 630 UTC-5
New York, NY 2215 530 295 UTC-5
Portland, ME 2600 965 160 UTC-5

Table 3. Server types.

Server types CPU types CPU cores RAM (GB) Clock speed (GHz) Bandwidth (Gbps)

Huawei RH2285 V2 Intel Xeon E5-2470 2*8 24 2.3 25
Huawei RH2288H V3 Intel Xeon E5-2698 V4 2*20 64 3.6 25
Lenovo SR655 V3 AMD EPYC 9654 1*96 192 2.4 25
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We select three parts from the workload dataset every
week, which are respectively represented as dataset 1, data-
set 2, and dataset 3. We check the DC operation logs [43]
for abnormally high request load conditions to confirm
whether there are abnormal job submissions or system fail-
ures. The workloads datasets after outlier processing as
shown in Figure 3, during the seven-day simulation period,
datasets 1–3 submitted 14196, 18828, and 22750 VM cre-
ation requests respectively. The workloads in the real world
have obvious peaks and valleys during the day and night,
we divide each dataset into 168 time slots with hourly steps.
We assume that workloads come from an average of nine
request sources, and the time zones of the workloads are
adjusted to match the request sources. If the requested
resource exceeds what can be provided by all VM instances,
the dedicated VM instance will be flexibly created based on

demand. This study only focuses on the scheduling of VM
tasks and the allocation of server resources, without consid-
ering the applications running on the VMs.

5.1.4 Multi-renewable energy sources

To simulate the intermittency and complementarity of
wind and solar energy in geo-distributed DCs, we collect
wind speed, Global Horizontal Irradiance (GHI), and tem-
perature data at hourly intervals from January 11, 2024,
to January 17, 2024, by Windfinder [34] and Solcast [35].
We confirm whether there are abnormal weather conditions
based on weather records and remove or correct unex-
plained anomalies. Figure 4 shows the information on
RES for Dallas, Elizabeth City, and Boston throughout
the entire simulation period of 168 hours.

It can be observed that wind energy fluctuates
irregularly but can achieve power output throughout the
day as it is only influenced by wind speed, while solar
energy shows obvious peak valley fluctuations as GHI inten-
sity changes every day. The wind energy and solar energy in
the same region exhibit obvious complementary character-
istics, such as the 84 h–96 h period in Figure 4a, the 48 h–60
h period in Figure 4b, and the 108 h–120 h period in Fig-
ure 4c. At the same time, there is a clear spatial complemen-
tarity in the availability of renewable energy among the
three regions. For example, during the 84 h–96 h period,
solar energy is relatively lacking in Dallas, but more abun-
dant in Elizabeth City and Boston. During the 108 h–132 h
period, wind energy is relatively abundant in Dallas, but
relatively lacking in Elizabeth City and Boston. The
temperature curves of the three DCs are shown in
Figs. 5a–5c, respectively.

Unlike [29, 30], we do not set up hundreds or even thou-
sands of RES power generation equipment. Firstly, we esti-
mate the required power for 360 servers in three DCs.
Secondly, we choose a single power generation equipment
with higher output power, finally, we consider the actual
construction and operation cost of RES power stations.
We assume that each DC is equipped with 2 units of

Fig. 3. (a) Dataset 1, (b) Dataset 2, and (c) Dataset 3 hourly
workloads of three datasets within 7 days. Datasets 1–3
submitted 14196, 18828, and 22750 VM creation requests
respectively.

Table 4. Power consumption models of servers versus loads in Watts.

Servers Load

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Huawei RH2285 V2 51 72.5 81.9 92 101 114 133 154 178 218 241
Huawei RH2288H V3 43.5 83.7 101 117 131 145 164 187 228 277 329
Lenovo SR655 V3 63.2 124 145 166 186 206 227 244 280 308 351

Table 5. Virtual machine instances.

Instance type CPU cores RAM (GB) Storage (GB) Clock speed (GHz) Bandwidth (Gbps)

small 1 2 250 0.5 0.8
medium 2 4 500 1.0 1.5
large 4 8 750 1.5 2
xlarge 8 16 1000 2.0 3
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WD-DLK-10 KW wind turbines [44] and 30 units of
66HS605-625 W PV panels [38], the parameters of wind
turbines and solar panels are shown in Table 6 and Table 7,
respectively.

The available energy for a single wind turbine and a sin-
gle PV panel in each DC over the entire simulation period
are shown in Figures 6 and 7, respectively, which have been
adjusted according to the time zone. Compared to the other
two regions, Dallas has more powerful wind and solar
energy. By deploying geo-distributed multi-renewable
energy, the DCs can harness RES at every time interval.

5.1.5 Locational marginal price

To accurately obtain the price differences of geo-distributed
power nodes and grasp real-time power price fluctuations,
we use locational marginal price from three independent
electricity operators ERCOT, PJM, and ISO-NE [45] to
calculate the energy cost, the three DCs are powered by
their respective local grid utility. Figures 5a–5c show the
curves of the LMP changes of the three DCs at hourly

intervals respectively. We combine the weather data from
[34, 35] to analyze the rationality of electricity price data
and remove or revise the unexplained outliers, it can be
intuitively found from Figure 5 that energy prices will
increase significantly as the temperature decreases in
winter.

5.1.6 Carbon intensity and PUE

Due to the integration of various energy carbon emission
factors from the local power grid, the hourly carbon inten-
sity data is unstable. Therefore, as shown in Table 8, we
choose daily carbon intensity data of three DCs from
electricity maps [46] to ensure the accuracy of the data.
Compared to the other two locations, the carbon intensity
of DC 2 is significantly higher, with an average value of
455 g/KW h. DC 1 and DC 2 have an average carbon inten-
sity of 408 g/KW h and 334 g/KW h, respectively. Refer-
ring to Alibaba Cloud [47] for the current state-of-the-art
DC, the PUE can reach 1.17. Although the actual PUE
of DCs can vary, we assume a fixed PUE of 1.2 in this
simulation.

Fig. 5. Environment temperature and locational marginal price
of (a) Dallas, (b) Elizabeth City, and (c) Boston respectively.
The energy prices will increase significantly as the temperature
decreases in winter.

Fig. 4. Wind speed and global horizontal irradiance of (a)
Dallas, (b) Elizabeth City, and (c) Boston respectively. Wind
energy and solar energy in the same region exhibit obvious
complementary characteristics, and there is a clear spatial
complementarity in the availability of renewable energy among
the three regions.
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5.2 Experimental results study

In this section, we evaluate the performance of the ECMR
algorithm according to the indicators included in the objec-
tive function equation (28) and compare the performance
with the five baseline algorithms proposed in Section 4.
Before the formal test, we select 1 day of data to conduct
a pilot test on the ECMR algorithm to ensure that the
algorithm can be deployed correctly. In the pilot test, we

evaluate the performance of ECMR to ensure that it can
work according to the designed program and can process
data effectively. Based on the results of the preliminary test,
we optimize the ECMR algorithm to ensure that it can
achieve the ideal effect in the formal simulation. At the
same time, to reduce potential errors and deviations, we
select three sets of workload datasets to simulate the oper-
ation of the geo-distributed DCs for 7 days. Each dataset is
repeated 5 times and the average simulation results are

Table 6. Parameters of a wind turbine.

Model Pr (KW) vin (m/s) vout (m/s) vr (m/s) Net weight (kg) Wind wheel diameter (m)

WD-DLK-10KW 10 2.5 45 10 365 7.2

Table 7. Parameters of a solar Photovoltaic panel in STC.

Model Max output
power (W)

Temperature
coefficient (Power)

ns Net weight (kg) Open circuit
voltage, voc (V)

Isc (A)

66HS605-625 W 625 �0.3%/�C 132 29 48.4 16

Fig. 6. Output wind power of Dallas in the blue line, Elizabeth City in the purple line, and Boston in the green line.

Fig. 7. Output solar power of Dallas in the blue line, Elizabeth City in the purple line, and Boston in the green line.

Table 8. Three DCs carbon intensity (g/KW h).

Data center Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Average

DC1 326 357 373 435 497 450 418 408
DC2 421 424 397 444 510 500 488 455
DC3 316 339 306 286 342 384 362 334
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reported. By comparing the performance of ECMRwith the
other five baseline algorithms, ECMR demonstrates its
superiority in reducing energy consumption and carbon
emissions, improving RES utilization, and ensuring SLA
compliance in geo-distributed DCs.

5.2.1 Energy consumption and cost

Figure 8a shows the comparison of total energy consumption
between the ECMR algorithm and five other baseline algo-
rithms, and the result shows that ECMR has the lowest
energy consumption among all algorithms. Due to ECQ
being more focused on dispatching tasks to the nearest
DC, optimization of energy consumption and the use of
green energy have been neglected, resulting in a significant
increase in energy consumption. ECNR and ECOS have
relatively good energy consumption performance in the three
datasets. This is because compared with ECOW and
GVSW,ECNRcan focusmore on the optimization of energy
consumption and the improvement of computing resource
utilization, thus avoiding the negative impact of the mis-
match between RES availability and DC’s energy demand.

The ECOS has lower energy consumption compared
with ECOW and GVSW. Different from the method that
also considers energy consumption and carbon emissions
[28], ECMR does not increase energy consumption due to
prioritizing the use of green energy. This is because this
method can flexibly utilize the spatiotemporal complemen-
tarity between distributed multi-RES to ensure DC’s
availability of RES during peak load demands. Due to the
workloads of Dataset 3 being 60% higher than that of Data-
set 1 and 21% higher than that of Dataset 2, the energy
consumption will significantly increase as the workloads
increase. We average the results of three datasets and find
that the energy consumption of ECMR is 15.9%, 14.2%,
17.3%, 12.8%, and 14.4% lower than that of ECQ, ECNR,
ECOW, ECOS, and GVSW, respectively.

Figure 8b shows a comparison of energy costs between
different algorithms. Although energy cost is a direct result
of energy consumption, the increase in energy consumption
does not necessarily lead to an increase in energy cost due to
the real-time pricing of LMP and significant price differ-
ences across distributed regions. Therefore, we find that

the energy consumption of the ECQ based on the workloads
of Dataset 1 is higher than that of ECNR, ECOS, and
GVSW, but its energy cost is lower than these three algo-
rithms. However, when the difference in energy consump-
tion is large, lower energy consumption will inevitably
lead to lower energy cost, such as ECMR’s simulation
results based on three datasets all have the lowest energy
cost. We average the results of three datasets, ECMR
reduces energy cost by an average of 15.1%, 14.9%,
17.1%, 14.2%, and 15.3% compared to ECQ, ECNR,
ECOW, ECOS, and GVSW, respectively.

5.2.2 Multi-RES usage

Figure 9a presents the utilization of renewable energy,
which represents the ratio of wind and solar energy to the
total energy consumed by the DC. The RES utilization of
the ECMR algorithm is the highest in all three datasets,
reaching a maximum of 90.8% and an average of 87.4%,
which is significantly higher than the renewable energy
utilization of the competitive algorithm EFP [28], which
is 73.1%. Although both the ECMR and GVSW consider
the availability of wind and solar energy, GVSW assumes
that the weather and environmental conditions are consis-
tent across different DCs. This results in an average RES
utilization of 76.8% for GVSW, which is notably lower than
ECMR, this result further demonstrates the advantage of
spatial complementarity of RES. Although the ECQ
reduces the priority of renewable energy during scheduling,
the DCs are still powered by a combination of green energy
and brown energy, so its average RES utilization can still
reach 69.2%. Since ECOW and ECOS algorithms only
consider a single RES, their average RES utilization is only
54.4% and 18.8%, respectively. On the one hand, this is due
to the mismatch between the availability of a single RES
and the peak workload requests, and on the other hand,
there may be a shortage of renewable energy due to envi-
ronmental impact. Therefore, using multi-RES can effec-
tively compensate for the gaps caused by a single source,
and the temporal complementary characteristic ensures
the 24/7 availability of green energy for DCs. Because the
ECNR algorithm does not consider the use of green energy,
its RES utilization is 0.

Fig. 8. (a) Total energy consumption, (b) energy cost. Error bars represent the SD of the results from five repeated experiments.
ECMR has the lowest energy consumption and energy cost among all algorithms.
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5.2.3 Carbon emission

Since this study assumes that only brown energy sources
result in carbon emission, the result shown in Figure 9b is
negatively correlated with the RES utilization rate in
Figure 9a, a higher RES utilization leads to lower carbon
emission. Therefore, ECMR maintains the lowest carbon
emission in simulations based on three datasets, averaging
only 210.2 kg. Conversely, ECNR exhibits the highest
carbon emission with an average of 1737.6 kg, which is
nearly 8 times higher than ECMR. The average carbon
emissions of ECQ, ECOW, ECOS, and GVSW are
497.3 kg, 793.2 kg, 1397.5 kg, and 422.4 kg, respectively.
These simulation results demonstrate the strong energy
and carbon awareness of ECMR, by leveraging the tempo-
ral and spatial complementarity of multi-RES, the ECMR
not only reduces energy consumption but also maintains a
high utilization of renewable energy.

5.2.4 SLA

We evaluate the level of QoS based on two different SLA
metrics: (i) the response time of VM tasks, which is the
weighted average of task response time in each dataset,
and (ii) the VM task failure rate. Figure 10a respectively
shows the task response time of all algorithms of Dataset
1–3, the average response time is the average of the results
of three datasets. Due to the ECQ algorithm’s focus on
minimizing task scheduling latency by assigning tasks to
the nearest DC, it achieves the shortest average response
time of 12.2 ms. On the other hand, ECOS has the longest
average response time of 16.6 ms, possibly due to the
algorithm spending more time searching for the availability
of solar energy. Compared with the competitive WSG algo-
rithm [16] with an average response time of 158.3 ms, the
proposed ECMR achieves only 12.6 ms. The average
response time of ECNR, ECOW, and GVSW algorithms
is 14.7 ms, 15.1 ms, and 13.8 ms, respectively. Comparing
the simulation results among the three datasets, we find
that due to the randomness in task arrival time, quantity,
and resource demands, different algorithms do not exhibit
a clear pattern in terms of average response time. The
significant error bars in each experiment also indicate poor
experimental reproducibility.

Task failure occurs when VM requests cannot be sched-
uled and processed. Figure 10b compares the task failure
rates for each algorithm, ECMR, ECQ, and ECNR have
the lowest average task failure rates, which are 1.25%,
1.27%, and 1.3%, respectively. In contrast, the existing
VM scheduling algorithm OUR-ACS [26] has an average
failure rate of 7.2%. Algorithms that consider only a single
RES (ECOW and ECOS) or only a single environmental
condition (GVSE) without considering the complementar-
ity show higher task failure rates, therefore, ECOW and
GVSE have average task failure rates of 1.36% and 1.37%
respectively. And ECOS has the highest average task fail-
ure rate among all algorithms, reaching 1.47%.

Since the ECMR algorithm takes into account the
spatiotemporal complementarity of RES, it helps balance
energy loads and ensure that DCs in different geographical
locations have a stable supply of renewable energy, which
reduces the possibility of task failure due to local RES
shortages. Furthermore, task scheduling across geographi-
cal regions can avoid excessive load on a single DC. These
factors make ECMR have the lowest failure rate. Although
ECQ only considers scheduling tasks to the nearest DC to
reduce the response time of task scheduling, ignoring the
upper limit of resources that the server can carry and fluc-
tuations in RES supply will lead to a higher failure rate.
ECNR only considers cross-regional task scheduling and
ignores the supply of RES, so it can only rely on brown
energy, which increases the uncertainty of scheduling
strategies caused by energy price fluctuations, thus affecting
the success of task scheduling. GVSE assumes that the
weather and environmental conditions of different DCs
are consistent, which means that when faced with adverse
environmental conditions such as insufficient wind speed
or sunlight, sudden fluctuations in energy supply will reduce
the scheduling efficiency of the GVSE, which may result in
tasks not being processed manner promptly. Since ECOW
and ECOS only consider a single RES, these two algorithms
cannot take advantage of the spatiotemporal complemen-
tary characteristics between wind and solar energy. For
example, solar energy is usually only significant during a
specific period of the day (about 2 to 7 p.m.). The output
power is constant, and in rainy or low-temperature weather,
the effective utilization rate of solar energy will be greatly

Fig. 9. (a) The renewable energy utilization, (b) carbon emission. Error bars represent the SD of the results from five repeated
experiments. ECMR has the highest renewable energy utilization and the lowest carbon emissions among all algorithms.
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shortened, so the ECOS algorithm will take longer to
traverse the solar energy availability of each data center.
Longer response time will lead to more tasks exceed the
latency threshold Tthre, thereby increasing the possibility
of task failure.

5.2.5 Robustness test

We conduct robustness tests on the ECMR to analyze its
stability and effectiveness under various stress conditions,
we regard the datasets and parameters configured in
Section 5.1 as the original configuration. First, we add
two scenarios: medium workloads and heavy workloads,
which correspond to 3 times and 5 times the original work-
loads, respectively. The rest of the datasets and parameter
settings remain the same as the original conditions. After-
wards, we simulate the case of DC resource constraints,
including CPU and memory limits to 1/2 and 1/5 of the
original conditions. Finally, we simulate the case of renew-
able energy availability constraints, reducing the availabil-
ity of RES to 1/2 and 1/5 of the original conditions. Like
the original configuration, we select three sets of workload
datasets to simulate the operation of the geo-distributed
DCs for 7 days. Each dataset is repeated 5 times and the
average simulation results are reported. The results of the
robustness test are shown in Table 9. As the workload
increases, the energy consumption and electricity price of
the DC increase significantly, and the utilization of RES also
shows a clear downward trend, which in turn leads to an
increase in carbon emissions. Since a large amount of work-
load will lead to a shortage of DC resources and increase the
decision-making time of CWS, the response time and task
failure rate will be increased. However, experiments have
shown that even with 5 times the normal requests, the
ECMR algorithm can still effectively balance resource usage
and ensure stable operation of the system by adjusting task
scheduling. However, if the available resources of the DC,
including CPU and memory are limited, it will have a signif-
icant impact on the response time and task failure rate of
ECMR. In particular, when the available resources of the
DC are reduced to 1/5 of the original configuration, the task
failure rate increases by more than 5 times. This is mainly
because the shortage of resources causes tasks to queue
longer and are difficult to schedule. However, in this case,

the ECMR algorithm can still ensure the completion of
key tasks maximize the utilization of RES, and reduce
carbon emissions. Limiting the availability of RES will have
a significant impact on energy consumption, electricity
prices, RES utilization, and carbon emissions. This is mainly
because ECMR cannot make use of the spatiotemporal
complementarity of RES, resulting in increased energy
consumption. At the same time, due to the reduction in
the total amount of RES in the edge-cloud continuum
environment, RES utilization and carbon emissions have
increased significantly. However, the ECMR algorithm can
still ensure the response time of the task and keep the task
failure rate at a low level. Robustness tests have proved that
the ECMR algorithm can maintain good performance in
complex, changing, and stressful environments.

5.3 Discussions

The VM scheduling algorithm for sustainable DCs is sub-
ject to various constraints, which are summarized in
Table 10 along with metrics for algorithm optimization.
Compared with existing works, the ECMR proposed in this
paper considers distributed DCs in different time zones and
various types of green energy sources e.g. wind energy and
solar energy, which can dynamically allocate heterogeneous
VM tasks between geo-distributed DCs by utilizing the
complementarity of multi-RES. Furthermore, the proposed
method takes into account the variations in electricity
prices and carbon intensity across different regions and
minimizes the energy consumption and carbon emissions
of DCs while ensuring QoS.

The ECMR algorithm significantly reduces the energy
consumption and cost of DCs and reduces dependence on
fossil fuels by optimizing VM scheduling and utilizing
RES. This algorithm improves computing resource utiliza-
tion, reduces resource waste, and reduces unnecessary
expenses. At the same time, it helps reduce the carbon emis-
sions of DCs, avoids potential additional costs, and enhances
the market competitiveness and service quality of CSPs.
Although some investment may be required in the early
stages of implementation, it can be rewarded in the long
run by saving energy costs and improving efficiency and
may receive financial incentives from the government for

Fig. 10. (a) Response time of tasks. (b) Task failure rate. Error bars represent the SD of the results from five repeated experiments.
The average response time of ECMR is 12.6 ms and it achieves an average task failure rate of only 1.25%.
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energy conservation and emission reduction, thereby further
reducing operating costs.

In the future, we will study the application of the pro-
posed algorithm in real production environments. ECMR
can be deployed in a variety of environments, such as large
CSPs, research institutions, enterprise DCs, and edge com-
puting scenarios to optimize resource allocation and reduce
operating costs while meeting sustainable development
goals. Although the ECMR performs well in simulation
environments, there are still some potential defects and
challenges, such as: (i) The ECMR algorithm may have
delays when processing large-scale data sets, which will
affect the real-time performance of task scheduling.
(ii) The ECMR algorithm needs to be seamlessly integrated
with the existing DC management system and ensure com-
patibility with various hardware devices and software plat-
forms. (iii) When scheduling tasks across DCs, the security
of data transmission and the protection of user privacy
needs to be given special consideration. (iv) As the scale
of DCs grows, the ECMR algorithm needs to have good
scalability and easy maintenance. Therefore, in order to
be applied in practical scenarios, ECMR needs to take the
following measures to meet these challenges: (i) Adopt
streaming data processing technology and distributed

computing frameworks, such as Apache Kafka and Apache
Spark, to achieve rapid processing of real-time data.
(ii) Standardized interfaces and protocols should be
adopted to ensure that ECMR can interact smoothly with
existing systems, and algorithm adaptation should be done
based on different hardware and software platforms to
ensure the compatibility of ECMR. (iii) Encryption tech-
nology and strict access control policies can be used to
ensure data security and privacy and comply with relevant
data protection regulations. (iv) The ECMR algorithm
should be developed using the principle of modular design,
and containerization and microservice architecture should
be used to improve the flexibility and scalability of the
system.

6 Conclusions and future work

In this paper, we proposed the scheduling method called
ECMR of DML task (VM request) from the perspective of
spatiotemporal complementarity of multi-RES in the
geo-distributed data centers of the edge-cloud continuum
environment, which can reduce energy consumption
and carbon emissions of DCs while ensuring user QoS.

Table 9. Robustness test results (each of the three sets of workloads is replicated five times and calculate average
values).

Parameter Original
results

3 times
workload

5 times
workload

1/3 of DC
resources

1/5 of DC
resources

1/3 of RES
availability

1/5 of RES
availability

Energy consumption/kW h 3800 12,160 20,900 4015 4569 3987 4235
Energy cost/$ 243 802 1361 257 278 285 302
The RES utilization 87.4% 82.2% 79.3% 85.2% 83.6% 28.6% 15.8%
Carbon emission/kg 210.2 735.7 1196.2 218.9 225.6 689 1287
Response time/ms 12.6 13.5 14.6 16.2 20.5 13.6 14.2
Task failure rate 1.25% 2.14% 3.21% 4.8% 6.9% 1.27% 1.29%

Table 10. Comparison of related work.

Reference Distributed
multi-
clouds

Task
scheduling

Heterogeneous
tasks

Multi-
RES

RES
complementarities

Metrics

Energy
cost

QoS Carbon
emission

RES
utilization

[4] U U ✗ ✗ ✗ ✗ U U ✗
[15] ✗ ✗ ✗ U U U ✗ U U

[16] U U ✗ ✗ ✗ ✗ U U U

[24] ✗ U U ✗ ✗ U U U ✗
[27] U U U ✗ ✗ U ✗ U ✗
[28] U U ✗ ✗ ✗ ✗ U U U

[29] U U U U ✗ U ✗ U ✗
[30] U ✗ ✗ U ✗ ✗ U ✗ U

[32] U U ✗ U ✗ U ✗ U ✗
[48] U U ✗ U ✗ U ✗ ✗ ✗
[49] ✗ U ✗ ✗ ✗ U ✗ ✗ U

This work U U U U U U U U U
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We addressed the problem of mismatched peak times and
spatial distribution between computational resources,
power loads, and the multi-RES. To effectively utilize the
complementarity of RES, we explicitly modeled the wind
and solar resources from both temporal and spatial dimen-
sions based on the differences in geographical location and
weather of DCs located in Dallas, Elizabeth City, and
Boston. We conducted extensive simulations using real-
world datasets in the Python IDE and compared the ECMR
algorithm with the five proposed baseline algorithms.
The results indicated that the ECMR can significantly
reduce the total power consumption, energy cost, and car-
bon emissions of DCs while maintaining an acceptable
QoS. Compared with the five baseline algorithms, the pro-
posed ECMR can achieve a maximum renewable energy uti-
lization of 90.8% in simulation, and reduce the total energy
consumption, carbon emissions, and energy cost on average
by 14.9%, 61.7%, and 15.3%, meanwhile, the average task
latency with 12.6 ms and task failure rate with 1.25% was
guaranteed. The significance of the complementary nature
of multi-RES in improving the green energy utilization of
DCs was demonstrated. The robustness test shows that
the ECMR algorithm can still maintain good performance
under stress conditions such as resource constraints and
reduced RES supply.

In future work, we plan to employ the dual-Multilayer
Perception (MLP) frequency domain learning prediction
algorithm to predict renewable energy availability and
VM requests. This helps CWS plan resource allocation in
advance to avoid insufficient or excessive resources, and
high-energy-consuming VM requests can be processed in
DCs with sufficient RES and lower costs, thereby reducing
the overall operating costs and carbon emissions of the
edge-cloud continuum. Additionally, we also consider eval-
uating the proposed approach as middleware programs in a
real virtualized cloud environment.
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