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Abstract—Collaborative edge-cloud computing is an emerging
paradigm that balances processing efficiency and user experience
by offloading edge workloads to the cloud (i.e., vertical offload-
ing). Adding the option of horizontal offloading (i.e., edge-to-edge
offloading) can further enhance the flexibility of this architecture.
However, prior work ignored temporal and spatial variations in
carbon emissions when making offloading decisions. Our study
aims to jointly optimize the carbon footprint and the balance
of edge servers’ workloads, which is challenged by dynamic
workload arrivals to edge servers and time-and-location-varying
carbon intensity (CI). We propose an online algorithm Lyapunov
optimization framework to configure offloading workload and
transmission power for mixed vertical and horizontal offloading.
Simulations based on historical CI data reveal that the proposed
algorithm can efficiently reduce carbon footprint while balancing
queue backlogs among edge and cloud servers.

I. INTRODUCTION

Cloud computing offers substantial computing power but
may not meet the stringent latency requirements of many
emerging Internet of Things (IoT) applications [1]. By con-
trast, edge computing brings computing resources closer to
end users, which can potentially reduce latency and enhance
the quality of service for delay-sensitive applications.

Both cloud and edge environments introduce a new set
of concerns, particularly in environmental sustainability [2].
The Information and Communication Technology (ICT) sector,
including edge computing infrastructure, has been recognized
as a significant contributor to global carbon emissions [3].
A prior study reported that the ICT industry could account
for up to 14% of global carbon emissions by 2040 if current
trends continue unchecked [4]. This growing environmental
impact has sparked a renewed interest in developing green
computing solutions [5]. However, most existing research on
carbon-aware computing has focused primarily on cloud data
centers, with limited attention given to the unique challenges
posed by edge computing environments [6]. The distributed
nature of edge systems, coupled with the heterogeneity of edge
servers and the dynamic nature of IoT workloads, necessitates
a more nuanced approach to carbon-aware computing.

This paper considers a collaborative edge-cloud system
where geo-distributed edge servers are connected to a cen-
tral cloud (Fig. 1). Because edge servers have constrained
computing power and resources, we may perform a vertical
offloading which strategically delegates computing tasks from
edge servers to the cloud. We also consider horizontal or peer
offloading, which delegates workload between edge servers.
Specifically, each edge server takes individual workloads from
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Figure 1: A collaborative edge-cloud system
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Figure 2: Typical daily changes of carbon intensity (unit: gCO2eq/kWh) in
four different cities (Source: [7]).

IoT devices, sets up computing power to control the volume
of workload processed locally, and adjusts transmission power
and workload volume for horizontal and vertical offloading.
The cloud server also performs a computing power control
for each offloaded task. The goal is to balance edge and
cloud servers’ workloads (measured by server queue backlogs)
while minimizing overall carbon footprint, which is challenged
by the stochastic nature of workload arrival and time- and
location-dependent carbon intensity (CI) defined as the amount
of carbon emission when generating 1 kWh electricity (Fig. 2).
To make it manageable, we apply the Lyapunov optimiza-
tion framework to reformulate it as a stepwise deterministic
problem. The proposed Dynamic Workload Power Allocation
(DWPA) algorithm effectively reduces long-term carbon emis-
sions while simplifying the problem-solving process, making it
feasible and efficient for practical applications. We conducted
simulations using historical CI dataset [7] for performance
comparison between DWPA and other alternatives. The results
confirm DWPA’s ability to lower its carbon footprint while



maintaining stable queue backlogs.
The remainder of this paper is organized as follows: Sec. II

reviews related work. Sec. III presents workload offloading and
carbon footprint models. Sec. IV formulates the problem, and
Sec. V details the proposed DWPA algorithm. The following
section presents our simulation results and performance anal-
ysis; the last section concludes the paper.

II. RELATED WORK

The granularity of task offloading can be binary or frac-
tional. The former is an all-or-nothing decision while the
latter allows for dividing tasks into subtasks, some of which
may be locally processed while others are offloaded outwards
[8]. Existing research efforts on offloading in collaborative
edge–cloud environments have pursued different objectives.
However, few studies addressed both carbon footprint and
queue stability. For binary offloading, some early works con-
sidered energy cost but not queue stability [9, 10]. Recently,
Chen et al. [11] proposed an online binary offloading algorithm
to minimize energy consumption while maintaining queue
stability. Some fractional-offloading studies considered queue
stability but neither energy nor carbon cost [12]. Mao et al.
[8] proposed a Lyapunov optimization framework to make a
trade-off between energy consumption and queue backlog.

All the studies mentioned above considered energy con-
sumption rather than carbon emission. Although higher en-
ergy consumption generally implies greater carbon emission,
reducing energy consumption alone may not lead to carbon
reduction [13] due to time- and location-dependent CI values.
A fine-grained approach to carbon reduction is to consider
CI directly. Chen et al. [14] proposed an online joint energy-
network resource scheduling algorithm with an aim to mini-
mize long-term average operational expenditure (OPEX) due
to carbon trading. However, they assumed constant CI values.
Yang et al. [15] considered three-tier vertical offloading and
proposed an online algorithm to reduce carbon emissions while
maintaining stable queue lengths. However, their work consid-
ered vertical offloading only and assumed device-dependent
CI without considering the temporal variation of CI. By
contrast, we considered mixed vertical-horizontal offloading
and location- and time-dependent CI. Embracing horizontal
offloading enhances flexibility but also adds another dimension
to problem-solving: besides determining the workload volume
to offload, we also need to choose the direction of offloading.

III. SYSTEM MODEL

A. Workload Offloading Model

We consider a system consisting of a cloud server and a
set of s edge servers S = {M1,M2, · · · ,Ms}. These servers
work collaboratively with operation time divided into fixed-
length time slots. The first part of each time slot with length
T off is allocated for transferring workloads while the rest with
length T cmp is for computation. In each time slot t, every
edge server Mi receives IoT workload with volume Ai(t) and
keeps it in a local buffer. Besides the IoT workload, the buffer
also keeps all the inbound offloading workload in time slot t.

The contents of the buffer will be moved to a task backlog
queue for processing in the next time slot. In each time slot,
Mi can process some queued workload locally, offload some
to other edge servers or the cloud, and leave some in the
queue. Let EC i(t), xi,j(t), xcloud

i (t), be the volumes (in bits)
of workload locally processed by Mi, offloaded from Mi to
Mj , and offloaded from Mi to the cloud, respectively, in time
slot t. Let Qi(t) denote the length (in bits) of Mi’s queue at
the beginning of time t. The following equation captures how
the queue length evolves:

Qi(t+ 1) = [Qi(t)− EC i(t)− xi(t)]
+ +Ai(t) +

∑
j ̸=i

xj,i(t), (1)

where xi(t) = xcloud
i (t) +

∑
j ̸=i xi,j(t) is the total volume of

Mi’s workload offloaded outwards in time slot t.
Our approach controls EC i(t) for each edge server Mi by

setting up its CPU-cycle frequency in time slot t, fi(t), as

EC i(t) =
fi(t)T

cmp

ϕi
, (2)

where ϕi is Mi’s computational intensity (CPU cycles required
per bit of workload).

We assume that edge servers use wireless communications
for workload transfer. (If this is not the case, we can omit
carbon footprint due to wireless transmissions.) We control
xi for each Mi by setting up its transmission power and,
thus, the transmission rate. Let pi,j(t) and pcloud

i (t) be Mi’s
transmission power for the peer offloading from Mi to Mj and
the vertical offloading to the cloud, respectively. Then Ri,j(t)
and Ri,c(t), which are the respective transmission rates (in
bits per second), are

Ri,j(t) = Wi log2 (1 + gi,j(t)pi,j(t)/N0) and

Ri,c(t) = Wi log2
(
1 + gi,c(t)p

cloud
i (t)/N0

)
,

(3)

where Wi is the bandwidth allocated to Mi, gi,j(t) and gi,c(t)
are respective channel gains, and N0 is the background noise
power.

The cloud server has a buffer and a task queue qcloud
i for

workload offloaded from each edge server Mi. Let Qcloud
i (t)

be the length of qcloud
i in time slot t. We have the following

equation for it:

Qcloud
i (t+ 1) = [Qcloud

i (t)− CC i(t)]
+ + xcloud

i (t), (4)

where CC i(t) is the volume of workload in qcloud
i that is

processed by the cloud server in time slot t. Our approach
controls CC i(t) by adjusting the cloud server’s CPU-cycle
frequency in time slot t, f cloud

i (t), as

CC i(t) =
f cloud
i (t)T cmp

ϕcloud , (5)

where ϕcloud is the cloud server’s computational intensity (CPU
cycles required per bit of workload).



B. Carbon Footprint Model

Since our actions do not affect embodied carbon emission,
we ignore it and focus on operational carbon emissions. This
perspective is consistent with standard practice for calculating
carbon emissions from systems (e.g., [15]).

Let ki(t) be the CI for edge server Mi in time slot t. The
amount of carbon emission for Mi’s local processing in time
slot t is Ui(t) := ki(t)ξifi(t)

3T cmp, where ξi is Mi’s CPU
effective capacitance coefficient. Similarly, the cloud server’s
carbon footprint for processing workload offloaded from Mi in
time slot t is U cloud

i (t) = kcloud(t)ξcloudf cloud
i (t)3T cmp, where

kcloud(t) is the CI for the cloud server’s power supply in time
slot t and ξcloud is the cloud server’s CPU effective capacitance
coefficient.

Let T off
i,j = xi,j(t)/Ri,j(t) and T off

i,c = xcloud
i (t)/Ri,c(t) be

the lengths of time for Mi offloading workloads to Mj and
to the cloud, respectively. The amount of carbon emission
for workload transmission from Mi to Mj is U off

i,j(t) =
ki(t)pi,j(t)T

off
i,j while that for Mi’s vertical offloading is

U off
i,c(t) = ki(t)p

cloud
i (t)T off

i,c . Therefore, the total carbon foot-
print of the system in time slot t is

o(t) =

s∑
i=1

[
Ui(t) +

∑
j ̸=i

U off
i,j(t) + U off

i,c(t) + U cloud
i (t)

]
. (6)

IV. PROBLEM DEFINITION

At the beginning of each time slot, we determine each edge
server’s and cloud server’s CPU-cycle frequency and transmis-
sion power in this slot. Our goal is twofold: maintaining queue
stability and minimizing long-term carbon footprint. The fol-
lowing two subsections address these two goals, respectively.
The last subsection presents a unified goal.

A. Maintaining Queue Stability

For the goal of maintaining queue stability, we employ
the Lyapunov optimization framework, which has proven par-
ticularly effective for ensuring queue stability and long-term
performance optimization in vertical offloading [8, 12, 11, 15].
Let Φ(t) = {Qi(t), Q

cloud
i (t)}i∈S be the states of all the edge

and cloud server queues. We define a Lyapunov function based
on Φ(t) to quantify the system’s congestion level:

L(Φ(t)) :=
1

2

s∑
i=1

[
Qi(t)

2 +Qcloud
i (t)2

]
. (7)

L(·) is non-negative, and its value is zero only when all queues
are empty. We then define the Lyapunov drift function as one-
step conditional drift of L(·):

∆(Φ(t)) := E{L(Φ(t+ 1))− L(Φ(t)) | Φ(t)}. (8)

If ECi(t), CCi(t), xi,j(t), xcloud
i (t) and Ai(t) are all upper-

bounded, we can show that ∆(Φ(t)) is also upper-bounded
(we omit the proof due to space limitation):

∆(Φ(t)) ≤ B

+

s∑
i=1

{
Qi(t)

[
Ai(t) +

∑
j ̸=i

xj,i(t)− ECi(t)− xi(t)
]
| Φ(t)

}
(9)

+

s∑
i=1

{
Qcloud

i (t)
[
xcloud
i (t)− CCi(t)

]
| Φ(t)

}
, (10)

where B is a finite constant. Therefore, we can ensure queue
stability by making Ai(t) +

∑
j ̸=i xj,i(t)− ECi(t)− xi(t) in

(9) and xcloud
i (t)− CCi(t) in (10) non-positive on average.

B. Minimizing Carbon Footprint

The problem of minimizing long-term carbon footprint falls
into the Mixed Integer Non-Linear Programming (MINLP)
category, which has been demonstrated to be NP-hard. More-
over, the stochastic nature of CI and the potential for multiple
local optima make traditional optimization methods unsuited.
Most importantly, minimizing long-term carbon footprint and
maintaining queue stability are disparate objectives.

The Lyapunov optimization framework allows us to unify
the seemingly disparate objectives. We define a cost function
C(t) to unify the drift and the carbon footprint in time slot t:

C(t) := ∆(Φ(t)) + V E{o(t) | Φ(t)}, (11)

where V controls the optimization priority between the two
key performance indicators. The goal is

P : min
Γ(t)

C(t), (12)

where Γ(t) = {fi(t), f cloud
i (t), pi,j(t), p

cloud
i (t), xi,j(t), xi,c(t)} is

the set of decision variables. P is subject to the following
constraints:

C1 : 0 ≤ fi(t) ≤ fmax
i , ∀i,

C2 : 0 ≤ f cloud
i (t) ≤ f cmax

i , ∀i,
C3 : 0 ≤ pi,j(t) ≤ pmax

i,j , ∀i,
C4 : 0 ≤ pcloud

i (t) ≤ pcmax
i , ∀i,

C5 : EC i(t) + xcloud
i (t) +

s∑
j ̸=i

xi,j(t) ≤ Qi(t), ∀i,

C6 : CC i(t) ≤ Qcloud
i (t), ∀i,

C7 : lim
t→∞

E[Qi(t)]

t
= 0,∀i,

C8 : lim
t→∞

E[Qcloud
i (t)]

t
= 0,∀i.

(13)

Constraints C1 and C2, respectively, specify the CPU-cycle
frequency ranges for edge and cloud servers. C3 and C4 limit
each edge server’s transmission power. C5 and C6 ensure
that edge and cloud servers process at most the amount of
workloads in their queues. Constraints C7 and C8 guarantee
queue stability.



V. DYNAMIC WORKLOAD POWER ALLOCATION (DWPA)
We use the concept of bounded optimization to find a

solution to P. That is, instead of seeking the minimum as
demanded by P directly, we turn to minimizing an upper bound
of the minimum. This approach is founded on the principle that
by optimizing the upper limit, we can indirectly but effectively
optimize P itself.

We divide P into several interconnected subproblems, each
corresponding to a part of Γ(t), to make it more manageable
and allow for tailored solutions. Algorithm 1 overviews the
whole process. In the following, we elaborate on the details
of each subproblem.

Algorithm 1 DWPA executed at time step t

Input: {Qi(t−1)}i, {Qcloud
i (t−1)}i, {Ai(t−1)}i, {xi,j(t−1)}i,j ,

{xcloud
i (t− 1)}i

Output: {fi(t)}i, {xcloud
i (t)}i, {pcloud

i (t)}i, {xi,j(t)}i,j , {pi,j(t)}i,j ,
{f cloud

i (t)}i, {Qi(t)}i, {Qcloud
i (t)}i

1: Qi(t)← Qi(t− 1) +Ai(t− 1) +
∑

j ̸=i xj,i(t− 1) for all Mi

2: Find optimal fi(t) by (15) for each Mi ▷ P1a
3: Qi(t)← Qi(t)− ECi(t) for all Mi

4: Qcloud
i (t)← Qcloud

i (t− 1) + xcloud
i (t− 1) for all Mi

5: Find optimal f cloud
i (t) by solving (16) for each Mi ▷ P1b

6: Qcloud
i (t)← Qcloud

i (t)− CCi(t) for all Mi

7: repeat
8: Update xi,j(t) by solving (17) for all i and j ̸= i ▷ P2a
9: Update pi,j(t) by solving (18) for all i and j ̸= i ▷ P2b

10: until xi,j(t) and pi,j(t) converge
11: Qi(t)← Qi(t)−

∑
j ̸=i xi,j(t) for all Mi

12: repeat
13: Update xcloud

i (t) by solving (20) for all i and j ̸= i ▷ P3a
14: Update pcloud

i (t) by solving (21) for all i and j ̸= i ▷ P3b
15: until xcloud

i (t) and pcloud
i (t) converge

16: Qi(t)← Qi(t)− xcloud
i (t) for all Mi

A. Computation Resource Allocation
The first subproblem P1a is to set up each Mi’s CPU-

cycle frequency, fi(t), for edge computing to minimize carbon
emission V Ui(t) since Ui(t) = ki(t)ξifi(t)

3T cmp. It also
affects ∆(Φ(t)) since it controls ECi(t), as indicated by (2),
which appears in (9). Therefore, the subproblem is

P1a :
min
fi(t)

s∑
i=1

{
V ki(t)ξifi(t)

3T cmp − Qi(t)T
cmpfi(t)

ϕi

}
s.t. 0 ≤ fi(t) ≤ fmax

i .

(14)

P1a is a convex optimization problem with the optimal solution

f∗
i (t) =

√
Qi(t)/(3V ki(t)ξiϕi). (15)

If (15) is greater than fmax
i , f∗

i (t) is set to fmax
i .

Subproblem P1b is to find an optimal f cloud
i (t) for each i,

which affects V U cloud
i (t) and Qcloud

i (t)CCi(t) in (10).

P1b :

min
f cloud
i (t)

s∑
i=1

{
V kcloud(t)ξcloudf cloud

i (t)3T cmp

− Qcloud
i (t)T cmpf cloud

i (t)

ϕcloud

}
s.t. 0 ≤ f cloud

i (t) ≤ f cmax
i .

(16)

Similar to P1a, P1b is convex and the solution is√
Qcloud

i (t)/(3V kcloud(t)ξcloudϕcloud), if that value does not
exceed f cmax

i , and f cmax
i , otherwise.

B. Workload and Power Selection for Peer Offloading

After setting up f∗
i (t), the resulting ECi(t) will be deducted

from Qi(t) for all Mi. The next step is to find out the
optimal values, including workload xi,j(t) and transmission
power pi,j(t) for all j ̸= i, for Mi’s peer offloading. Both
values affect Mi’s carbon emission in peer offloading as
U off
i,j(t) = ki(t)pi,j(t)xi,j(t)/Ri,j(t) and Ri,j(t) is also a

function of pi,j(t). Subproblem P2a is to find an optimal
xi,j(t) that minimizes V U off

i,j(t) and balances queue lengths
assuming a fixed pi,j(t):

P2a :

min
xi,j(t)

s∑
i=1

s∑
j ̸=i

{V ki(t)pi,j(t)
xi,j(t)

Ri,j(t)

+ (Qj(t)−Qi(t))xi,j(t)}
s.t. 0 ≤ xi,j(t) ≤ xmax

i,j .

(17)

P2a avoids a peer offloading from Mi to Mj if Qj(t) > Qi(t).
This is because V U off

i,j(t) is non-negative, so x∗
i,j(t) = 0 yields

the minimum value when Qj(t) > Qi(t). When Qj(t) ≤
Qi(t), the optimal x∗

i,j(t) depends on the relationship between
a =

V ki(t)pi,j(t)
Ri,j(t)

and b = Qi(t)−Qj(t). It is 0, if a ≥ b, and
xmax
i,j = Ri,j(t)T

off
i,j , otherwise. Note that this implies one-way

peer offloading: x∗
i,j(t) ≥ 0 → x∗

j,i(t) = 0 for all i, j, j ̸= i.
Subproblem P2b is to find an optimal transmission power

p∗i,j(t) for each j ̸= i assuming a fixed xi,j(t) for the same
objective.

P2b :

min
pi,j(t)

s∑
i=1

s∑
j ̸=i

{
V ki(t)pi,j(t)T

off
i,j

+(Qj(t)−Qi(t))Wi log2(1 +
gi,j(t)× pi,j(t)

N0
)T off

i,j

}
s.t. 0 ≤ pi,j(t) ≤ pmax

i .

(18)

With the constraint 0 ≤ p∗i,j(t) ≤ pmax
i , it is not difficult to

derive the optimal p∗i,j(t) as

p∗i,j(t) =


0, if − b

a ln 2 − c ≤ 0,

− b
a ln 2 − c, if 0 < − b

a ln 2 − c < pmax
i ,

pmax
i , if − b

a ln 2 − c ≥ pmax
i ,

(19)

where a = V ki(t)T
off
i,j , b = (Qj(t) − Qi(t))WiT

off
i,j , and c =

N0/gi,j(t).
Unfortunately, x∗

i,j(t) and p∗i,j(t) may not be attainable at
the same time. We take an iterative approach that works as
follows. We first find x∗

i,j(t) assuming an arbitrary pi,j(t) and
then find p∗i,j(t) assuming an arbitrary xi,j(t). We are done
if both |x∗

i,j(t) − xi,j(t)| and |p∗i,j(t) − pi,j(t)| are relatively
small. Otherwise, we repeat the process to find new optimal
values assuming p∗i,j(t) and x∗

i,j(t). This process iterates a
limited number of times.



C. Workload and Power Selection for Vertical Offloading

After deducting
∑

xi,j(t) from Qi(t), the next step is to
find Mi’s optimal setting for vertical offloading. Similar to
peer offloading, the goal is to minimizes V U off

i,c(t) yet balances
the queue lengths between Qi(t) and Qcloud

i (t). The setting
includes an optimal xcloud

i (t) value assuming a fixed pcloud
i (t)

P3a :

min
xcloud
i (t)

s∑
i=1

{
V ki(t)p

cloud
i (t)

xcloud
i (t)

Ri,c(t)

+ (Qcloud
i (t)−Qi(t))x

cloud
i (t)

}
s.t. 0 ≤ xcloud

i (t) ≤ xcmax
i

(20)

and an optimal pcloud
i (t) value assuming a fixed xcloud

i (t)

P3b :

min
pcloud
i (t)

s∑
i=1

{
V ki(t)p

cloud
i (t)T off

i,c

+ (Qcloud
i (t)−Qi(t))Wi log2(1 +

gi,c(t)× pcloud
i (t)

N0
)T off

i,c

}
s.t. 0 ≤ pcloud

i (t) ≤ pcmax
i .

(21)

Problem P3a is similar to P2a. The objective function
is convex and the optimal value of xcloud

i (t) is Ri,c(t)T
off
i,c ,

if V ki(t)p
cloud
i (t)/Ri,c(t) < Qi(t) − Qcloud

i (t), and zero,
otherwise. Similarly, the solution to P3b is the same as
shown in (19) with a, b, and c replaced by V ki(t)T

off
i,c ,

(Qcloud
i (t) − Qi(t))WiT

off
i,c , and N0/gi,c(t), respectively. An

iterative approach is also used to find a converged solution.

VI. PERFORMANCE EVALUATION

We assumed a cloud center in Berkeley County, USA, and
five edge servers in Seattle, Cheyenne, Chicago, New York,
and Kansas City, respectively. We used 1000-hour historical
data [7] for CIs in these cities (Fig. 3).

We simulated 1000 hours (time slots). We used an expo-
nential moving average to estimate the CI during each hour at
the beginning of the time slot. We used the On-Off model to
generate workload traffic. The mean values in the On and Off
states were 64 MB and 3.2 MB, respectively, with standard
deviation 2 MB. The state transition probabilities from On to
Off and from Off to On states were 0.25 and 0.15, respectively.
Other parameters were fmax

i = 10 GHz, f cmax
i = 80 GHz,

ϕi = ϕcloud
i = 1000, ξi = ξcloud

i = 10−18, pmax
i = 1 W,

N0 = −130 dBm, and Wi = 1 MHz.
We investigated the performance of DWPA in terms of

carbon emissions and queue length. The results were compared
with other approaches, including three variants of DWPA
(Local-First, Vertical-Only, and Horizontal-First) and three
counterparts (ICSOC-19, DOLA-22, and YCL-24).

A. DWPA and Its Variants

Local-First processes workload locally and offloads the
workload to the cloud only when the local server queue is
full. Vertical-Only turns off the option of peer offloading.
Horizontal-First permits vertical offloading only when peer
offloading is impossible (i.e., all outbound peer servers’ queues
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Figure 3: Carbon intensities in Berkeley County, Seattle, Cheyenne, Chicago,
New York, and Kansas City from 00:00, July 1, 2023, to 15:00, August 11,
2023 [7]. Each time slot was one hour.
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Figure 4: Comparisons of DWPA with its variants

are full). As shown in Fig. 4a, Vertical-Only generated the
highest carbon emissions and the longest queue lengths. This
result serves as a baseline and helps in understanding the
benefits of peer offloading. Local-First outperformed Vertical-
Only because it hardly offloaded workload to the cloud, and
most edge servers had lower CI values than the cloud server.
DWPA exhibited lower carbon emissions than Local-First and
Vertical-Only, thanks to the option of peer offloading. The
lowest carbon emissions by Horizontal-First also confirmed
the benefit of peer offloading in carbon reduction.

While peer offloading reduced carbon footprint, local com-
putation and vertical offloading could help balance queue
backlogs. This can be seen from Fig. 4b, where Horizontal-
First had more considerable queue lengths than Local-First
and DWPA. DWPA had the smallest queue lengths due to the
flexibility of the mixed-use of local computing and horizon-
tal/vertical offloading.

B. DWPA and Its Counterparts

We considered three counterparts of DWPA. ICSOC-19
[16] offloads workload to the server with the lowest CI for
processing, disregarding the servers’ queue lengths. DOLA-22
[17] allocates workload in proportion to queue backlogs. YCL-
24 [15] assumes static CI and considers vertical offloading
only.

As shown in Fig. 5, ICSOC-19 produced the lowest carbon
footprint but the largest queue lengths due to its greedy design.
On the other hand, DOLA-22 had the smallest queue lengths
but also the highest carbon footprint. Although both YCL-24
and DWPA balanced these two performance metrics, DWPA
outperformed YCL-24 due to its ability to exploit horizontal
offloading.
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Figure 5: Comparisons of DWPA with the counterparts
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Figure 6: The relationship between carbon intensity and queue length in
Kansas City

C. Balancing Carbon Emissions And Queue Lengths

We illustrate how DWPA balances carbon emissions and
queue backlogs by closely examining the activities in Kansas
City. Fig. 6 shows the carbon emission and queue length in
the first 200 and the whole 1000 hours. In the first 200 hours,
the queue length did not stabilize and went with the CI value.
However, the queue length was not affected by CI once it
stabilized.

VII. CONCLUSIONS

We have proposed DWPA, an online workload and power
configuration scheme for vertical/horizontal offloading in a
collaborative edge-cloud system. DWPA balances carbon foot-
print and queue stability by allocating edge and cloud comput-
ing resource and configuring workload and transmission power
for peer and vertical offloading. Simulation results based on
historical CI data show that, compared with its counterparts,
DWPA can improve carbon footprint and queue lengths due
to its flexibility in offloading directions.
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