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ABSTRACT. IoT (Internet-of-Things) applications tend to have strict service delay re-
strictions. Always connecting to the cloud to process data is inefficient for such applica-
tions. Fdge-cloud computing is a new computing paradigm ready to back IoT applications.
It shares the advantages of both edge computing and cloud computing. While service de-
lay is key to QoE (Quality of Experience) of such service systems, power consumption is
evenly crucial when it comes to operating costs in practice. Keeping down both service
delay and power consumption is a challenging problem as they are negatively correlated
via multiple factors. This paper focuses on the trade-off between service delay and power
consumption of a typical hybrid edge-cloud system. We build the statistical mathematical
service delay model as well as the power model and formulate an optimization problem
which suggests optimal system configurations, task allocation destination and quantity.
This optimization problem is solved using multi-objective evolutionary algorithm. Results
show that the proposed system model is able to reflect characteristics of practical systems,
and is worth testing in practice. Further decisions can be made by combining the Pareto
optimal results with the diverse needs of each system or other additional subjective pref-
erences to achieve ideal optimal system states respectively.

Keywords: Cloud computing, Edge computing, Power consumption estimation, Quality
of service, Modeling

1. Introduction. The booming IoT (Internet-of-Things) technology has made billions
of resource constrained devices connected to each other via the Internet [1]. By 2020, up
to 50 billion devices are expected to be connected to the Internet. Most of these edge
devices are embedded devices with low-power processors and limited memory, typically a
single-board computer or a comparable device. They possess significantly less computing
power, less memory space and less storage capacity than servers do. As a result, no serious
workload can be supported on such devices. One conventional solution to this problem is
to introduce cloud to IoT devices.

However, accessing services from the cloud will bring high latency to the application, at
the same time, congestion to the network [2]. Recent work has shown that hybrid edge-
cloud system is a better solution to such IoT applications. In a hybrid edge-cloud system,
edge computing can be used as a supplement to cloud computing [3]. By combining edge
computing and cloud computing, we can make the best use of the advantages and avoid
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the disadvantages [4]. Recently, edge-cloud architecture is widely used by IoT applications
like smart cities [5, 6], smart homes [7, 8] and live data analytic [9].

The main service requirement of edge-cloud computing is to minimize service delay.
Global optimal result cannot be achieved by lowering service delay of either individual
sub-system; thus, joint optimizations concerning both edge sub-system and cloud sub-
system have been put forward based on edge-cloud architecture [10, 11]. However, in real
production environment, service delay is not the only factor that matters. For instance,
servers in performance mode are able to process user requests faster and achieve better
QoE (Quality of Experience) in terms of service delay. At the same time, these servers also
drain electricity faster than others, and thus increase the operating cost [12]. Researches
have been conducted to solve energy minimization problem of mobile edge devices [13].
Since edge-cloud systems are run by companies in pursuit of profit, operating cost should
be taken into consideration when optimizing service delay, especially when server power,
in addition to edge device power, amount to a significant fraction of a modern data center’s
recurring cost [14].

In this paper, we focus on the trade-offs between QoE in terms of service delay and
management cost in terms of power consumption, including both edge sub-system and
cloud sub-system. To get a clear picture of the trade-off process, we proposed mathemat-
ical models of the edge-cloud system, concerning system delays and power consumption
of both edge sub-systems and cloud sub-system, based on system statistical informa-
tion. In addition, we formed a multi-objective optimization problem using the proposed
mathematical models. By solving this optimization problem, we provided Pareto optimal
solutions, which could be a basis of further decision making.

The remainder of this paper is organized as follows. Section 2 goes through some
background and related works. Section 3 gives out the system architecture as well as
mathematical models of the edge-cloud system and formulates a multi object minimization
problem. Section 4 shows the experimental evaluation with results and discussion. Section
5 summarizes this work and gives out some conclusions.

2. Background. Cloud computing is constructed based on centralized architecture, whe-
re data centers play a crucial role. Cloud computing has many advantages such as on-
demand and flexible resource allocation, fast deployment and free from hardware mainte-
nance. In addition, services based on cloud computing can be accessed without temporal
or spatial limitations [15]. Thus, cloud computing is wildly used in IoT scenario [16]. In
spite of its advantages, there exist disadvantages. Data centers usually locate far from
users, geographically and topologically. Data sets need to be transferred back and forth
several times between user and data center to complete one service routine, which is time-
consuming, especially when large data sets are encountered. In consideration of network
latency and bandwidth, the total service response time can be further prolonged by data
transmission delay [17]. Therefore, network performance has become the bottleneck of
applications with strict latency requirements, e.g., IoT applications with cameras.

The limitation of network latency and bandwidth is not a problem that centralized
architecture can easily solve. That is where edge computing comes in. Edge computing
makes use of decentralized architecture, in which services are offloaded to network edge.
By utilizing resources close at the network edge and minimizing the hops between service
and use, lower service response time as well as more stable network link status is achieved
[18]. Edge computing can remove the major network bottleneck and eliminate the poten-
tial point of failure, as well as achieve better QoE by bringing applications and user closer.
Therefore, edge computing is particularly suitable for geographically distributed applica-
tions with strict latency requirements, such as IoT applications [2, 19]. However, edge
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computing systems are usually built using light servers with lower performance standards
as well as power profiles than cloud servers. Thus, more edge devices may be involved
to accomplish the same workload. Attending to heavy workload may also cause SLA
(Service-Level Agreement) violation in terms of service delay.

In a hybrid edge-cloud computing system, on the one hand, edge computing sub-system
communicates with user directly via local area networks and handle user requests indepen-
dently to provide services with low latency; on the other hand, edge computing sub-system
can also be connected to cloud to leverage the considerable computing resource and func-
tionality of a cloud computing sub-system to overcome its performance bottleneck.

3. System Model.

3.1. System architecture. This paper focuses on a kind of hybrid edge-cloud computing
system architecture as shown in Figure 1.

~ | H i | un | B~

~

FIGURE 1. System architecture

The edge-cloud computing system consists of two parts, edge computing sub-system
and cloud computing sub-system. & and C denote the sets of edge devices and cloud
servers respectively. Edge computing sub-system and cloud computing sub-system are
connected via public networks.

In a typical task execution scenario, shown in Figure 2, tasks are firstly sent separately
from the user proxy to the nearest edge devices to process. Some less demanding tasks
and tasks with strict latency requirements will be processed locally at the edge. The rest
will be later on forwarded to and handled by the cloud platform via public networks.
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Edge devices are generally located within the vicinity of user proxy, so that they are
connected via local area network, whose network latency can be neglected compared
with subsequent network and processing delays. Edge devices are usually light servers,
gateways, routers, etc.

Public network conditions are not so well as local area network that the network la-
tency and capacity should be taken into account. In this paper, we consider the data
transmission happens in a packet-switched network with symmetrical links.

One cloud server, usually consisting of multiple computing machines, is more powerful
than edge devices. Machines on the same server share the same hardware configuration as
well as the same power consumption profile. For simplicity, we assume that the machines
are load-balanced and in steady state, such that each machine of one cloud server has the
same resource utilization and the same traffic arrival rate, etc.

Consider a situation where a certain amount of workload is sent to edge devices by end
users. On condition that workload is conducted by edge sub-system, due to negligible local
area network delay, edge sub-system can achieve low overall service delay even with less
powerful processing instruments. More devices in edge sub-system are involved to attend
to the workload compared to cloud sub-system, especially when under high workload.
The more devices involved, the more power consumed. On condition that workload is
conducted by cloud sub-system, workload can be processed much faster than that is done
by edge sub-system. The overall service delay can be high when network delays are added
up. Moreover, one cloud server is more powerful, at the same time, more power consuming
than an edge device. In spite of this, cloud sub-system utilizes significantly fewer machines
under high workload. This is where the trade-off comes in. Decreasing service delay by
utilizing edge sub-system more or lowering power consumption by utilization of cloud
sub-system more, you cannot have it both ways.

By neglecting delays of local area network, processing delays at edge devices and cloud
servers as well as transmitting delay across public network will be discussed. Moreover,
power consumption models of both edge devices and cloud servers will be drawn.

3.2. System delays.

3.2.1. FEdge processing delay. We assume that task arrivals at edge device F; occur at
rate \F according to a Poisson process, while task execution times have an exponential
distribution with parameter x”. Given the average workload of each incoming task as Lo,
by neglecting context switching overhead, essential CPU speed can be expressed as

vf = Lop? (1)
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The CPU utilization u¥ can be expressed as
uf = of [oF (2)

where v” and ¢F denote the current and the maximum CPU processing speed of device
E; in MFLOPS (Mega FLoating-point Operations Per Second) respectively.

So
EpE

E:’L’L 3
i =T (3)

The processing delay at edge device can be modeled as an M/M/1 queue. According to
queuing theory, the total response time, or in this case the processing delay, is the total
amount of time a task spends in both the queue and in execution. The average processing
delay of tasks on device E; is

1
E
Ti:m

in which AP < p is required for the queue to be stable.

(4)

3.2.2. Cloud processing delay. We assume that task arrivals at one cloud server occur at
rate )\f according to a Poisson process, while task execution time has an exponential
distribution with parameter ujc. Tasks on the same server share the same task queue
and are executed in first-come, first-served discipline. Moreover, we assume there are
n; machines running on a cloud server. For a cloud server, the task processing can be
modeled as an M/M/c queue [20], where ¢ = n;.

Let the service occupancy be

x )
Pj n; NJC

and require p; < 1 for the queue to be stable.

The probability that an arriving task needs to queue, aka the Erlang-C formula, is

1 AT\
AY = (%)
() e ()

The average queuing time of tasks on server Cj is

N
Ec (nj, M%)
T queve C—]
! w5 (1= pj)

Similar to edge devices, ,uf can be converted to CPU utilization u]C
[e}Ne;
us 05
c 3 g
. = 8
W= (8)

where @JC denotes the maximum CPU processing speed of server C; in MFLOPS.

Furthermore, when workload varies, server management systems will power up or hi-
bernate machines accordingly to achieve power savings [14]. Let 0, be the status indicator
of server C; and

0, if server C; is hibernated
5 = { ; 0

1, if server Cj is active
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The total response time, or in this case the processing delay, is the total amount of
time a task spends in both the queue and in execution. The average processing delay of
tasks on server C; is

E, (n;, %
TC o 5 (uneue ‘I‘ 1 ) _ (5 ¢ (nj7 W) + 1 (10)
LU wi ) T\ (= py) opf

3.2.3. Transmission delay. Based on previous network assumption, links between edge
devices and cloud servers are stable and symmetrical. The transmission delay between
edge device F; and cloud server Cj is

Tij = NijTij (11)

where );; denotes the task arrival rate from edge device F; to cloud server Cj; 7;; denotes
the transmission delay between them.

Given the capacity of transmission route between edge device F; and cloud server C;
as /\?;ax. Then

0 < Ay < Al (12)

3.2.4. System delay summary. The total delay of entire edge-cloud system, which consists
of processing delays of both edge and cloud sub-systems along with the transmission delay
in between, can be drawn as follows

T=) TP+ TF+) > Ty (13)

€€ jec €€ jeC
3.3. Energy profiles.

3.3.1. Edge energy profile. Edge devices come in various forms and architectures, so that
their power consumption profiles vary accordingly. However, a general model can be
drawn similar to server power consumption profile. See next section for more details.
Generally, edge devices consume more power as the workload increases, while still drains
significant power to maintain basic system functionalities even when idle. Thus, the power
consumption of edge device E; can be expressed as

PE = AF + kFPu? (14)

where AP denotes the power consumption when a device is idle; kP denotes a linear
growth factor; u” denotes the CPU utilization and lies within interval of [0, 1] inclusively.

3.3.2. Cloud energy profile. Researchers of [21] studied the power consumption of connec-
tion servers, whose tasks are CPU, network, and memory intensive with minimal disk op-
erations. As application memory is usually pre-allocated to prevent run-time performance
degradation, CPU utilization is the key factor of server power consumption. According to
data presented in [21], sleeping or hibernated servers consume minimal power (about 3%
of the peak power), while the power consumption of active servers increased quasi-linearly
with CPU utilization. Moreover, idle servers consume up to 66% of the peak power to
maintain basic system functionalities.

So the power consumption of a certain machine can be expressed as function of CPU
utilization as follows

P, = {SJC , when hibernated (15)

Ajc + kjcujc, when active
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where Sjc and A]-C denote the power consumption when a machine is sleeping and idle,
respectively; kf denotes a positive linear growth factor; ujc denotes the CPU utilization
and lies within interval of [0, 1] inclusively.

By neglecting the power consumption of sleeping servers, the total power consumption
of server C; can be drawn as follows

P =8, (A + kjuf) (16)

where n; denotes the number of active machines of cloud server C; and is subject to
availability. Assuming that the total number of machines of server Cj is n'®*, then

n; <nj™, n; €N (17)

3.3.3. System energy summary. The total power consumption of entire edge-cloud system,
which consists of power consumption of both edge and cloud sub-systems, can be drawn

as follows
Py R Y ®
icE jec
3.4. Miscellaneous. Given the total task arrival rate at edge device E; as A\?. As each

task should either be handled by an edge device onsite or be forwarded to a cloud server,
thus

A=A+ N (19)
jec
ic€

Moreover, each edge device has limited computation resource, which leads to limited
processing capacity of incoming tasks. Let the task arrival rate limit, or processing ca-
pacity, of edge device E; be AP tasks per second. Then

0 < AP < min (Af, Xf‘) (21)

3.5. Problem formulation. Consider the problem of achieving the least energy con-
sumption as well as the shortest system delay, which can be expressed as a multi-objective
optimization problem as follows

minimize (T, P) (22)
/\f,)\?,)\ij,uf,u]@ﬁj,ni
subject to )\f = /\iE + Z Aijs Vie&
jec
)\jc - Z )\ija VJ € C
€€
OSAmein(Af,;\l-E), Viel
0 < Ay <N, Vie&, Vjel
OguiE,ujcgl, Vie&, Vjel
J; € {0,1}, Vjecl
n; < ni®, n; €N, Vjecl

The decision variables are the task arrival rate AP at edge device E;, the task arrival
rate /\]C at cloud server C}, the task arrival rate \;; from edge device E; to cloud server
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C;, the CPU utilization u¥ and u]C of edge device E; and cloud server C;, along with the
active state 9, of cloud server C; and the number of machines n; on cloud server C;. This
is a multi-objective minimization optimization. The decision variables are coupled with
each other, making edge sub-system and cloud sub-system tangled.

4. Experimental Evaluation.

4.1. Parameter configurations. For simplicity and without loss of generality, we con-
sider an edge-cloud computing system with 5 edge devices and 2 cloud servers. For
heterogeneity considerations, each edge device as well as cloud server is set to a different
specification. Essential parameters of such a system are given in Table 1 and Table 2
This system setup can be altered or extended to match target system.

TABLE 1. Simulation parameters

key value

Ly 5,10] MFLO

AP 40, 80, 120, 160, 200] s~

vF 540, 640, 800, 840, 960] MFLO - s™*
AE  [50,55,60,65,70] W

[5,
[
[
[
kP [20,22.55,25,27.5, 30]
[
[
[
3,

ij 4000, 5000] MFLO - s7*
A§[60,70) W

C

kS [35,40]

nmax ]

TABLE 2. WAN transaction delays (ms)

Tij FEy FE, Es B, Es
Ci120 25 30 35 40
Cy 40 35 30 25 20

4.2. Individual inspection. In this section, we focus on the differences between edge
devices and cloud machines. For instance, by feeding one edge device F3 and one cloud
server () with tasks at the same arrival rate of 40 s~! respectively, we varied the CPU
utilization of each individual and observed the service delay as well as the power consump-
tion. All machines of C are activated. Both cloud progressing delay and transmission
delay are calculated as cloud delay. The result is shown in Figure 3.

An edge device generally consumed much less energy than a cloud machine did. When
it comes to system delay, the utilization of an edge device can effectively affect the system
delay, while on the contrary, a cloud server with more than 20% utilization introduced
an almost steady system delay. Furthermore, an edge device had to utilize a much more
portion of its computing resource to achieve the same service delay as a cloud machine.
However, an edge can achieve a lower service delay than a cloud server can get.

It should be noted that an edge device required at least 50% utilization to maintain task
queue stable, while a cloud machine only required about 3%. The reason for this is that
a cloud machine possesses much more computing power than an edge device, thus can
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FIGURE 3. Delay and power against CPU utilization

process the same number of tasks by utilizing less computing resource. In other words,
multiple edge devices have to be involved to process tasks that a single cloud server can
accomplish. In this case, F3 can process up to 80 tasks per second, while that number is
1600 to C. Obviously, 20 E3s consume much more power than one single C does.

In summary, the edge sub-system can achieve lower system delay, consuming less energy
under a low workload and more energy under high workload compared to the cloud sub-
system; the cloud sub-system, on the contrary, introduces longer service delay due to
network conditions, and consumes more energy under a low workload and less energy
under high workload compared to the edge sub-system.

4.3. Pareto efficiency. In this multi-objective optimization problem, these two objec-
tives are conflicting, and no single solution exists that simultaneously optimizes each
objective. There exist a number of Pareto optimal solutions. A solution is called Pareto
optimal, if none of the objectives can be improved without degrading the other objectives.
Without additional subjective preferences, all Pareto optimal solutions are considered
equally good.

In this paper, we solved the problem with a multi-objective evolutionary algorithm,
the implementation of which is publicly accessible as function ‘gamultiobj’ in the Genetic
Algorithm Direct Search Toolbox (GADST) introduced in MATLAB R2007b. It uses a
controlled elitist genetic algorithm (a variant of NSGA-II [22]). An elitist GA always
favors individuals with better fitness value (rank). A controlled elitist GA also favors
individuals that can help increase the diversity of the population even if they have a lower
fitness value. It is important to maintain the diversity of population for convergence
to an optimal Pareto front. Diversity is maintained by controlling the elite members of
the population as the algorithm progresses. The Pareto front result is shown in Figure
5. Results are subject to specifications of edge devices, specifications of cloud servers,
network conditions, and workload intensity.

Each circle marks a pair of service delay and power consumption decided by a set of
decision variables in Figure 4 and Figure 5. Results marked by circles are shown in Tables
3,4, 5, and 6.
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In Figure 4, lower workload was sent to the system, where average workload size was 5
MFLO. Numerical results show that the workload attended by edge sub-system decreased
from Result 1 to Result 3, at the same time, power consumption decreased, and service
delay increased. Pareto front shown in Figure 4 possesses segmented characteristic. Re-
sult 1 represents a situation in which more work was done by edge sub-system; Result
3 represents a situation in which more work was done by cloud sub-system; Result 2
represents a situation in between. Different measures were taken to decrease power con-
sumption, e.g., slowing down edge devices (significant around Result 1), utilizing more
cloud resource (significant around Result 2), and slowing down cloud servers (significant
around Result 3), all at the cost of increasing service delay.
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TABLE 3. Simulation result — edge subsystem

Group Result 1 Result 2 Result 3
DD, G S ol i) I vl G M
1 34.12  0.78 20.17 043 0.00 0.00
2 34.12  0.69 20.17 035 0.00 0.00
3 34.12 0.71  20.17 046  0.00  0.00
4 35.00 0.64 20.17 0.28 0.00  0.00
5 34.50 0.80 20.17 0.18 0.00  0.00
Group Result 4 Result 5 Result 6
T () P M () uF M (s) P
1 34.13 092 3089 0.78 2552 0.71
2 34.68 0.83 31.10 0.69 25.28 0.60
3 3496 085 31.11 0.57 25,58 0.46
4 33.97 085 30.84 0.57 2533 0.46
5 34.13 0.82 31.03 050 2558 0.34
TABLE 4. Simulation result — transmission
Aij E, Es Es E, Ex
Result 1 Cy | 5.7 575 5.75 5.58 5.52
Cy | 0.13 40.13 80.13 119.41 159.91
Result 2 Cy| 3.36 3.36 3.36 3.36 3.36
Cs | 16.47 56.47 96.47 136.47 176.47
Result 3 Cy | 0.00 0.00 0.00 0.00 0.00
Cs | 40.00 80.00 120.00 160.00 200.00
Result 4 Cy| 579 5.54 5.37 5.86 5.79
Cy | 0.09 39.78 79.67 120.17 160.09
Result 5 Cy| 511 5.20 5.05 5.32 5.09
Cy | 3.99 43.70 83.84 123.84 163.88
Result 6 Cy| 4.03 4.69 4.09 4.58 4.09
Cs | 10.45 50.03 90.33 130.08 170.33

TABLE 5. Simulation result — cloud subsystem

Group Result 1 Result 2 Result 3
g X)W ny AV (s W ony XS (s u§ ony
1 28.36 0.53 1 16.81 0.39 1 0.00 0.00 0
2 399.71 0.83 1  482.35 0.57 1 600.00 0.65 1
Group Result 4 Result 5 Result 6
J A (s wf ny AY(sTh) wE omy XY (s7h) 0w g
1 28.34 0.30 3 25.77 0.20 3 21.49 0.09 3
2 399.78 0.87 2 419.26 0.91 2 451.22 093 1

2021
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TABLE 6. Simulation result — service delay and power consumption details

Group Result 1 Result 2 Result 3
Delay (s) Power (W) Delay (s) Power (W) Delay (s) Power (W)
Edge Subsystem 0.072 390.62 0.203 341.00 0.142 332.42

Transmission 10.851 0 12.974 0 15.994 0

Cloud Subsystem 0.010 181.89 0.023 166.42 0.024 95.95

Total 10.933 572.51 13.200 507.42 16.160 428.37
Group Result 4 Result 5 Result 6

Delay (s) Power (W) Delay (s) Power (W) Delay (s) Power (W)
Edge Subsystem 0.203 404.86 0.322 379.28 0.445 363.25

Transmission 10.843 0 11.352 0 12.182 0
Cloud Subsystem 0.048 175.45 0.061 173.40 0.180 170.22
Total 11.091 580.31 11.735 552.68 12.808 533.47

In Figure 5, higher workload was sent to the system, where average workload size was
10 MFLO. Similarly, from Result 4 to Result 6, the workload attended by edge sub-system
decreased with decreased power consumption and increased service delay. However, due
to high workload input, edge sub-system was no longer capable of handling all the work-
load. Furthermore, forwarding most workload to cloud sub-system and leaving minimal
workload to edge sub-system were not an option, as workload allocation of this kind is not
able to decrease power consumption without compromising service delay, or vice versa.
As a result, Pareto front shown in Figure 5 possesses no segmented characteristic. The
major measure to trade-off between power consumption and service delay was scheduling
workload, along with other measures such as adjusting the performance of edge devices
and/or cloud servers, powering up or hibernating cloud servers.

According to Table 6, most service time is spent on the transmission route instead of
actual task processing procedure. This is exactly the reason for the high latency of a
cloud system. By employing more resource from edge sub-system, we got a system with
shorter service delay and more power consumption; on the contrary, by employing more
cloud resource, power consumption dropped at the cost of the rise of service delay.

A decision maker can choose between these results at his own discretion. For example,
if less power consumption is preferred, the upper left part of the results may be selected;
if shorter service delay is preferred, the lower right part of the results may be selected.
Detailed result selection is subject to additional subjective preferences and thus beyond
the scope of this paper.

In general, on the one hand, edge sub-system in such edge-cloud computing system
contains considerable edge devices with low individual power consumption, low computing
performance and low network latency, which can provide service with low service delay at
close range in terms of network topology; cloud sub-system, on the other hand, contains
limited number of cloud servers with high individual power consumption, high computing
performance and high network latency, which can provide service with higher service delay
because of the high network latency. It is worth mentioning that edge sub-system had
to utilize a lot more devices than cloud sub-system did to attend to the same amount
of workload. As a result, in spite of the low individual power consumption, edge sub-
system was less power efficient than cloud sub-system; in spite of the higher computing
performance, cloud sub-system was less latency friendly than edge sub-system.
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5. Conclusions. By establishing a statistical system model and solving the proposed
optimization problem, we made it clear that even though service delay and power con-
sumption are conflicting, but can be controlled by setting proper system configuration.
Solving the proposed minimization problem will give a better picture of how service delay
and power consumption vary against each other. The service provider can select among
results according to other details, including SLA, unit electricity price and other expenses,
to achieve final designated optimal state.

However, the proposed system model can still be perfected. The proposed system model
is built based on quite a few assumptions, including the stable state assumption. As with
other statistical models, it takes time for statistical variables to reflect real-time system
state. So the proposed model works well with system with stable states, but may produce
unexpected results when encountering major workload or network fluctuations. Decision
making methodology aggregation along with real-time adjustment functionality should be
our step.
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