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Abstract: With the rapid development of the Internet of Things, massive amounts of data will be

generated at the network edge, resulting in increased latency of the traditional cloud computing

model. Cloud service providers deploy edge servers near the users to improve the quality of

service. Due to the large scale of networks, the inefficiency of edge server deployment and task

scheduling will result in excessive latency and severe workload imbalance among edge servers. In

this paper, we propose a Server Deployment and Task Scheduling (SDTS) framework in multi-edge

collaborative computing, which can effectively reduce latency and ensure workload balancing. First,

a metropolitan area network (MAN) is divided into dense candidate regions (DCRs) based on the

density characteristics of mobile end devices, and then servers are deployed independently in each

sub-region. Then, a two-step clustering algorithm is designed to deploy servers as close as possible

to the mobile devices. Finally, a task scheduling algorithm is presented based on an edge scheduling

layer in DCRs, which can leverage collaboration between edge servers to improve the performance of

the entire edge computing system. The experimental results based on the Cellular Base Station (CBS)

dataset of Shanghai Telecom indicate that the proposed approach outperforms several representative

strategies in terms of latency and workload balancing.

Keywords: mobile edge computing; task scheduling; edge server deployment; edge server placement;

workload balancing; latency

1. Introduction

In recent years, with the rapid development of technologies such as 5G and IoT, emerging

applications such as autonomous driving, remote surgery, and virtual reality have gradually entered

people’s vision [1]. Various sensors, smart wearable devices, and other mobile devices with portability

features have been widely used in the production and life of various industries [2]. The widespread

popularity of mobile end devices has also directly led to explosive growth in the number of devices

accessing the network. According to Cisco’s network report predictions in the past two years, by 2023,

the number of networked devices will reach 29.3 billion, and the explosive growth of data volume poses

various challenges to mobile computing devices and network environments [3]. Although cloud data

centers can solve the problem of limited computing and storage resources of mobile devices, the cloud

data centers are far away from the end users and cannot guarantee access latency in latency-sensitive

scenarios [4]. To this end, the European Telecommunications Standards Association introduced Mobile

Edge Computing (MEC), and the application of MEC greatly solved the above problems [5]. This

approach enables the computation and storage capacity from the core network to be transferred to the

edge network in order to reduce latency. Compared with the remote cloud, MEC greatly reduces data

transmission latency and network congestion in the core network by offloading computing tasks from

the cloud center to the network edge closer to the user side in latency-sensitive application scenarios

[6,7].

The deployment problem of edge servers is to select different strategies to place edge servers

within a specific geographical range to meet certain constraints [8]. The locations of edge servers affect

both the latency and the resource utilization of edge servers, especially in smart cities with hundreds
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or thousands of CBSs that enable end devices to access the edge servers. [9,10]. In addition, the edge

cloud is able to provide computation offloading services to end devices. Task scheduling can offload

computation-intensive tasks to the edge cloud or remote cloud, helping mobile devices extend battery

life and shorten task execution time, thereby improving user experience [11].

In this paper, we propose a Server Deployment and Task Scheduling (SDTS) framework in

multi-edge collaborative computing to minimize latency and balance task allocation. The contributions

of this paper are as follows:

• We divide a MAN into dense candidate regions (DCRs) based on the density characteristics of

end devices, and servers are deployed independently in each DCR. This ensures that the servers

processing a request for an end device does not exceed the DCR range that the end device belongs

to, that is, the latency can be controlled within a certain range even in the worst case.
• We design a two-step clustering algorithm to deploy servers as close as possible to end devices

and present a task scheduling algorithm based on an established edge scheduling layer in DCRs,

which can leverage collaboration between edge servers to improve the performance of the entire

edge computing system.
• The experimental results based on the CBS dataset of Shanghai Telecom indicate that the

proposed approach outperforms several representative strategies in terms of latency and workload

balancing.

The rest of the paper is organized as follows. Section 2 introduces the related works. Section 3

presents the system model and gives the problem definition. Section 4 presents the algorithm design.

Section 5 evaluates the performance of the proposed strategy. Finally, we give the conclusion of the

paper.

2. Related Work

On the deployment problem of edge servers in MEC. Mao et al. [12] propose that the connection

between devices and edge nodes in a MEC environment can be the nearest CBS. Edge servers can

now also be considered as the offloading destination of mobile devices, aiming to reduce the latency

between mobile devices and the remote cloud. Currently, many studies on edge server deployment

abstract the edge server deployment problem as a multi-objective constrained optimization problem.

In [10], the authors take the latency and workload balancing of edge servers as constraints and use

mixed integer programming to place edge servers, achieving optimal solutions with low latency and

workload balancing under deployment. Li et al. [13] consider the delay and energy consumption

problems of edge servers under deployment and use a particle swarm optimization energy-aware

edge server layout algorithm to deploy servers, while also considering that user behavior is regular so

that edge servers will also produce periodic idle. Yin et al. [14] propose a tentacle decision execution

framework that can discover appropriate unforeseen edge locations, using inaccurate network distance

estimation to prioritize identifying potential edge locations near user sets to achieve the purpose of

reducing latency.

There are many studies on the deployment strategy of cloudlets. Jia et al. [15] consider the

server deployment and user allocation strategy of cloudlets in the MAN, and designs a multi-user,

multi-cloud computing system model based on queuing network. Based on this, an algorithm for

cloudlet assignment and user-to-cloudlet assignment is proposed. yang et al. [16] establishes a

task completion delay calculation model and proposes a bender decomposition algorithm based on

the deployment of cloudlets using SDN. In [17], the authors consider the use of big data to get the

geographic location of user access points and then use a clustering algorithm to place cloudlets at

locations close to the user gathering area based on the geographic information of the access points. the

deployment goal of low access latency is achieved. Xu et al. [18] abstract the problem of deploying

cloudlets into MANETs as an ILP (integer linear programming problem) and then uses a heuristic

method to solve the deployment problem. In [19,20], the authors consider the workload of APs is also
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a very critical direction to consider and uses cloud computing as task scheduling to offload tasks to

resource-rich nodes to achieve a balanced workload.

The geographical region and the deployment of heterogeneous servers also have an important

impact on the edge server placement strategy in MEC. Bouet et al. [21] is based on the size, capacity,

quantity, and operation area of the servers, satisfying different structures of edge servers deployed

in different places, and meeting the needs of different scenarios in MEC. Users are mobile, and user

mobility affects the workload of access points. In [22], the authors consider that user mobility causes

changes in density, and thus dynamically adjust the deployment location according to the clustering

algorithm, using the shortest path algorithm of the graph, deploying the servers on the smart car and

moving it to achieve dynamic adjustment. Mixed deployment with other servers can also improve the

edge computing capability in some scenarios. Taherizadeh et al. [23] propose a capillary computing

architecture, which builds a distributed system with edge nodes, fog nodes, and cloud together,

realizing fast orchestration and processing of microservices, which is nearly four times faster than

traditional cloud computing micro service processing.

In this paper, we propose Server Deployment and Task Scheduling (SDTS) framework in

multi-edge collaborative computing. The proposed framework divides a MAN into dense candidate

regions (DCR) based on the density characteristics of mobile end devices, and then servers are deployed

independently in each sub-region. A two-step clustering algorithm is designed to deploy servers as

close as possible to mobile devices. This ensures that the servers processing a request for an end device

does not exceed the DCR range that the end device belongs to, that is, the latency can be controlled

within a certain range even in the worst case. Based on the proposed edge server deployment approach,

a task scheduling algorithm is presented to minimize the access latency and optimize the workload

balancing among servers by establishing an edge scheduling layer in DCRs.

3. System Model and Problem Definition

3.1. System Model

As shown in Figure 1, the main entities in the system are CBSs, edge servers, scheduler servers,

and mobile end devices. Symbols B = {B1, B2, ..., BN}, S = {S1, S2, ..., SM}, R = {R1, R2, ..., RK}, and

E = {E1, E2, ..., ET} denote CBSs, the servers, the generated DCRs and mobile end devices, respectively.

N, M, K, and T are the number of CBSs, servers, DCRs, and mobile end devices, respectively.

DCRs are sub-regions that are divided according to the density of different end devices. Edge

server with limited computing and storage resources. It provides users with real-time, agile, and

flexible network services. Edge servers in the same DCR can transfer data to each other through the

Internet. A Scheduler server is a specific type of edge server that distributes the workload evenly

to different servers, improving the utilization of each server and ensuring the service quality. The

end devices consist of mobile computing devices, including mobile phones, wearable devices, mobile

sensors, smart robots, etc. The tasks uploaded by end devices may be locally calculated by the nearest

edge server or cooperatively completed by the edge servers in the same DCR.
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scheduler server edge server cellula base station end devices

Figure 1. The system model.

3.2. Problem Definition

Assuming each CBS can only be tied to one DCR. That is, the following Equation (1) is satisfied,

Rb
i ∩ Rb

j = ∅, (1)

where Rb
i and Rb

j are the set of base stations in DCR Ri and DCR Rj, respectively.

Each server can only be deployed in one CBS, and each CBS at most deploys one server. That is,

the following Equation (2) is satisfied.

Rs
i ∩ Rs

j = ∅, (2)

where Rs
i and Rs

j denote the set of all servers in DCR Ri and DCR Rj, respectively.

For each end device Ei, latency is the time difference between the server response and the service

request, and it includes propagation and transmission delays. This paper only considers propagation
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delay or latency, which is proportional to the distance between two nodes. So the latency between the

end device and edge server in the same DCR is defined as Equation (3).

E
latency
i = D(Ei, Sj) =

√
(xi − xj)2 + (yi − yj)2, (3)

where Sj and E
latency
i are the edge server that processes the tasks from the Ei, and the access latency of

end device Ei, respectively. And the average latency of all DCRs is Equation (4).

Latency =
∑

T
i E

latency
i

T
, (4)

End devices receive services by sending requests to a CBS. In the MEC network, each CBS has

a fixed radio coverage. Workload balancing on edge servers increases their efficiency and provides

more suitable services to end users. It avoids the overloading of resources while some other resources

are underloaded. In this paper, the standard deviation metric is employed to define the workload

balancing of the resources in a DCR [24,25]. The overall workload balancing of servers is determined

in Equation (5).

LoadBalance =
∑

K
i

√
∑
|Rs

i |

j (uj − ûi)2

K|Rs
i |

(5)

where uj and ûi are the workload of edge server j and the average workload of all edge servers in DCR

Rk, respectively. |Rs
k| is the total number of edge servers in DCR Rk.

This paper uses the weighted average model as the objective function, as shown in 6.

F = w1 ∗ Latency + w2 ∗ LoadBalance, (6)

where w1 and w2 are the weights of the objectives, w1 + w2 = 1. Although these weights are adjustable,

in all experiments, these weights are assumed equal to 0.5.

4. Algorithm Design

In this section, a detailed description of the edge server deployment and the task scheduling

algorithm is presented.

4.1. Server Deployment

The deployment of edge servers in this paper consists of three steps: (1) Generation of DCR;

(2) Determine the location of the candidate edge servers; (3) Determine the location of the scheduler

server.

4.1.1. Generation of DCRs

Before deploying the servers, DCRs need to be generated based on the density of end devices.

In many existing studies, all the positions of CBS in the MAN are used as the input for clustering

algorithms. However, as cities continuously grow, the city will be divided into densely populated

regions and sparsely populated discrete regions [26]. Therefore, the center shift may be caused for

clustering algorithms if outliers or a small amount of noisy data impact the mean [27,28]. When

clustering algorithms are used directly over a large area, the deployment of servers in sub-regions

with dense end devices will be affected by sparsely populated sub-regions. This leads to servers being

deployed in locations that are far from high-density end devices, increasing investment costs and

affecting user experience [29].

To solve the above problem, the concept of DCR is presented, that is, before edge servers are

deployed, find the densely populated and end devices concentrated DCRs for priority deployment.
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First, the regions where the end devices are densely distributed are obtained by the DBSCAN

(Density-Based Spatial Clustering of Applications with Noise) [30–32] algorithm, and then such

sub-regions are defined as Dense Candidate Regions (DCR).

DBSCAN is a density-based clustering algorithm that has two main parameters: Eps and MinPts.

• Eps is the radius of the neighborhood, which defines the range of points that are close to a given

point, that is, the set of all points that are within a distance of Eps or less from the point. The

value of Eps influences the number and shape of the clusters.
• MinPts is the minimum number of points that defines whether a point is a core point, that is, the

point has at least MinPts points in its neighborhood. The value of MinPts influences the density

of the clusters and the detection of noise points.

The selection of Eps and MinPts can be obtained based on the k-distance graph [33,34]. As shown

in Figure 2, the DCRs generated by DBSCAN are marked with different colors. We can find that there

are some points that are not in any DCR. In order to enable each base station to be in a DCR, we assign

all such noise points to the DCR nearest to them. As shown in Equation (7), all CBSs are divided by

DBSCAN clustering, and a set of DCRs R and a set of noise points Noises are obtained.

R, Noises = DBSCAN(B, M), (7)

Figure 2. An example of DCRs generated by DBSCAN clustering.
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4.1.2. Deployment of Servers

Based on the DCR generation results described above, the next step is to start the server

deployment. To find the candidate CBS locations for the servers in each DCR, which involves solving

three key problems: (1) How many servers should be deployed in a DCR? (2) Which CBSs should the

edge servers be deployed at? (3) Which CBS should the scheduler server be deployed at?

(1) Determine the number of servers to be deployed in each DCR. To ensure a relatively fair

experience for all users, it is necessary to deploy the servers as evenly as possible in different DCRs.

Assume that the number of base stations in the MAN is N, and the number of servers to be deployed is

M, then the average number of servers used by each CBS is N
M . The number of servers to be deployed

in each DCR is determined by the following Equation (8).

|Rs
k| = |R

b
k| ×

N

M
, (8)

where |Rs
k| and |Rb

k| are the number of servers and the number of CBSs in DCRk, respectively.

(2) Determine the locations of servers in a DCR. To determine the candidate locations of servers in

DCRs, we again apply the K-medoids clustering algorithm to each DCR, and such clusters divided by

K-medoids are called candidate CBS clusters. For example, as shown in Figure 3, five servers need to

be deployed in this DCR, so the servers in this DCR are divided into five candidate CBS clusters and

their corresponding centroids.

Figure 3. An example of obtaining a set of candidate CBSs clusters by K-Medoides clustering in a DCR.

Candidate CBS clusters in DCRk are divided by Equation (9). The input of the K-medoids

algorithm is the locations of all CBSs in the DCR, and the number of clusters K to be partitioned, where

the K = |Rs
k|.

Ck, Ccenter
k = KMedoides(Rb

k, |Rs
k|), (9)

where Ck and Ccenter
k are the candidate CBS clusters and corresponding centroids in DCR Rk,

respectively.

In order to minimize the delay of the server in responding to the requests from the end devices,

intuitively, a server should be deployed as close as possible to the center of a candidate CBS cluster.

Therefore, we naturally use the centroids of each candidate CBS cluster obtained by the K-medoids

algorithm as the candidate server deployment locations.
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(3) Determine the location of the scheduler server in a DCR. After determining the locations of all

the servers in a DCR, we need to select a special location from the candidate CBS locations to deploy

the scheduler server. As shown in Figure 3, intuitively, the scheduler server should be deployed in

the candidate CBS cluster marked in blue. Because the scheduler server should be located as close as

possible to other servers to ensure timely scheduling of the edge servers in the DCR.

There are many methods to find the most central point from a set of discrete points, such as the

minimum distance sum, the minimum variance, the maximum density, and so on. This paper adopts

the minimum distance method to determine the location of a server, which is the CBS location that

minimizes the variance of the distances to all other CBSs in the same candidate CBS cluster. The

specific method is as follows:

Let Ccenter
k = {(x1, y1), (x2, y2), ..., (x|Rs

i |
, y|Rs

i |
)}, where the center point (xcenter, ycenter) is defined

as the average of all points:

xcenter =
1

|Ccenter
k |

|Ccenter
k |

∑
i=1

xi (10)

ycenter =
1

|Ccenter
k |

|Ccenter
k |

∑
i=1

yi, (11)

where |Ccenter
k | is the number of centroids of Ck , and (xi, yi) are the coordinates of the i-th node.

The minimum Euclidean distance dmin and return the corresponding point where the scheduler

server will be deployed:

i∗ = arg
|Ccenter

k |

min
i=1

√
(xi − xcenter)2 + (yi − ycenter)2. (12)

R∗k = Ccenter
k (i∗) (13)

where R∗k is location of the scheduler server in DCRk.

4.1.3. Two-step Clustering Server Deployment Algorithm

Based on the above description, we can obtain the following two-step clustering server

deployment algorithm.

As shown in 1, the DCRs Generation Algorithm is shown in Algorithm 1. The input of the

algorithm is the set of CBS B, the number of servers to be allocated M the number of CBSs to be

allocated N. The output is the generated DCRs R, locations of edge servers ES, and locations of

scheduler servers SS.

Line 1 calculates the average number of servers per CBS. Line 2 generates DCRs and noise points

by DBSCAN clustering (Equation (7)). Line 3 and Line 4 initialize the list of edge servers and scheduler

servers, respectively. Lines 5-7 release the base stations in the DCRs that have less than one server

allocated as noise points, and lines 8-10 add all the noise points to the nearest DCR. Lines 11-16

determine the deployment locations of the edge servers.

4.2. Task Scheduling

The edge servers report the resource utilization and resources required for the computing task to

the scheduler servers by sending heartbeats. The scheduler servers assign tasks based on the global

status of the servers after receiving the heartbeat packet from the edge server, aiming to achieve

optimal workload balancing. This paper configures a greedy-based task scheduling algorithm for

the proposed server deployment algorithm. The idea is to choose the server with the smallest loss to
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assign tasks in each iteration until a suitable server is found or all servers are checked, as shown in

Algorithm 2.

Algorithm 1: Two-step Clustering Server Deployment Algorithm

Input: B: the set of base stations in MAN; M: the number of servers; N: the number of CBSs

Output: R, ES, SS

1 α← N
M // calculate the average number of servers per CBS

2 R, Noises← DBSCAN(B, M) // generate the set of DCRs and the set of noise

points by DBSCAN clustering

3 ES← [] // Initialize the list of CBS locations for edge servers

4 SS← [] // Initialize the list of CBS locations for scheduler servers

5 foreach Ri ∈ R do

6 if |Ri| × α < 1 then

7 add all the CBSs locations in Ri to Noises

// add noise points to nearest DCR

8 foreach np ∈ Noises do

9 R∗ ← the nearest DCR to np in R

10 add np to R∗

// Determine the locations of the edge/scheduler servers

11 foreach Ri ∈ R do

12 |Rs
k| ← |R

b
k| × α

13 Ck, Ccenter
k ← KMedoides(Rb

k, |Rs
k|) // Get the candidate CBS clusters and

corresponding centroids by Equation (9)

14 s_loc← Get the location of the scheduler server in Ccenter
k by Equation (13)

15 SS← SS ∪ s_loc

16 ES← ES ∪ Ccenter
k \ s_loc

17 return R,ES,SS

Algorithm 2: Task scheduling algorithm

Input : Rs
i : all servers in DCR Ri, Q: task request from end device

Output : the edge server to which the task needs to be offloaded

1 cost0 ← Initial cost calculated by Equation (6)

2 min_loss← +∞

3 St ← ∅

4 foreach Si in Rs
i do

5 costi ← Calculate the cost if task Q us assigned to Si

6 lossi ← costi − cost0

7 if lossi < 0 and lossi < min_loss then

8 min_loss← lossi

9 St ← Si

10 Return St

5. Performance Evaluation

In our experiment, we used the CBS dataset of Shanghai Telecom, which contains the Internet

information of mobile users accessing 3233 CBSs. These data contain the detailed start and end time of

each mobile user accessing the CBSs. Shanghai is a typical densely populated city, so it can fully meet

the requirements of a mobile edge computing network.
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5.1. Comparison of Approaches

We implement the proposed framework to verify the performance and compared it with other

representative deployment approaches in terms of access latency and workload balancing, as follows:

• MIP. This approach is an algorithm for solving mixed integer programming problems, which are

optimization problems that require minimizing or maximizing a linear objective function subject

to linear constraints.
• K-means. This approach is commonly used to automatically cluster a data set into K groups [27].

We use K-means clustering algorithms to find K clusters of CBSs, then place K edge servers into

their centers to minimize the within-cluster sum of squares.
• Top-K. This approach places the K edge servers at the Top-K base stations, where a base station

is a Top-K base station if the number of mobile user requests that it receives is among the Top-K

values. The rationale behind this approach is to place edge servers at the K busiest base stations

that have more mobile user requests than others.
• Random. This approach randomly selects K CBSs to deploy edge servers.

5.2. Comparison of Results

5.2.1. Changing the Number of Servers

Assuming that each CBS randomly receives task requests from mobile end devices. First, we fix

the number of base stations as 3000 and change the number of servers, and observe the impact of

different server deployment numbers on latency and load balancing. Figure 4 and Figure 5 show the

performance of latency and workload balancing of edge servers in different strategies as the number

of servers increases. Overall, our approach is more effective than other approaches in terms of both

latency and workload balancing.

100 200 300 400 500
Number of Edge Servers

1.0

1.5

2.0

2.5

3.0

3.5

4.0

La
ta

nc
y

Top-K
Random
K-means
MIP
SDTS

Figure 4. Latency of different approaches with different number of edge servers.
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Figure 5. Workload balancing of different approaches with different number of edge servers.

From the perspective of access latency of edge servers (as shown in Figure 4), when the number

of servers is between 100 and 200, the shortage of edge servers, the increase of workload, and the

limited scheduling capacity of a few scheduler servers will occur due to the small number of servers.

The average latency will be 20.72% higher than the MIP. The performance of SDTS improves as the

number of servers increases. When thenumber of servers is between 200 and 300, the difference in

average latency with MIP becomes smaller and lower than K-means by 13.48%. The advantage of

SDTS becomes evident when the number of servers value exceeds 300. The latency decreases faster as

the number of servers increases. The average latency of edge servers between 250 and 500 is 28.64%

lower than that of the MIP.

From the perspective of workload balancing (as shown in Figure 5), when the number of servers is

between 100-200, due to the insufficient scheduling capabilities of the scheduler servers, the workload

balancing capability is 17.71% worse than that of MIP. However, as the number of servers increases, the

load balancing level of SDTS significantly improves. When the number of servers is between 250 and

500, the load balancing capability of SDTS is 6.28% higher than that of MIP, but still significantly lower

than that of Top-K. Although Top-k has the best workload balancing capability, if we shift our attention

to Figure 4, we can find that this is at the cost of significantly higher latency than other approaches,

which contradicts the goal of mobile edge computing.

From the experimental results, it can be seen that DSTS achieves better results in terms of latency.

This is because DCRs are generated before deploying servers, the servers that process requests from

end devices will not exceed the DCR that the end device belongs to, that is, the latency can be controlled

within a certain range even in the worst case. DSTS employs edge scheduler servers to schedule tasks,

and the workload balancing result is not ideal when there are fewer edge servers. However, when the

number of edge servers increases to around 350, the workload balancing ability is basically not much

different from MIP, and then gradually better than MIP. Therefore, the proposed SDTS outperforms

other comparative methods in terms of latency and workload balancing. The ideal number of effective
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CBS in Shanghai is around 3000, when the number of edge server deployments is about 400, SDTS can

achieve the optimal latency and workload balancing.

5.2.2. Changing the Number of CBSs

The deployment of servers requires a lot of costs, so it cannot be done blindly or excessively. Next,

we fix the number of servers as 400 and change the number of CBSs. It can be seen from Figure 6 and

Figure 7 that our method is still more effective than other methods in terms of latency and workload

balancing.

300 600 900 1200 1500 1800 2100 2400 2700 3000
Number of CBSs

1

2

3

4
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6
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ta

nc
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Top-K
Random
K-means
MIP
SDTS

Figure 6. Workload balancing of different approaches with different number of edge servers.

As shown in Figure 6, when the number of CBSs is between 300 and 1200, the average latency of

SDTS is 27.83% lower than that of K-means. As the number of CBS increases, the trend of reducing

latency gradually slows down. When the number of CBSs is between 1500 and 3000, the average

latency is 3.26% lower than that of the MIP. The fluctuation of latency can also be seen that as the

number of CBS increases, frequent scheduling of user tasks will affect latency. As shown in Figure 7,

the workload balancing results are relatively smooth, but after the number of CBS exceeds the limit,

the curve of SDTS will have a clear upward trend. This is because as the number of CBS increases,

the computing resources of edge servers are insufficient, and the control servers need more time to

schedule. The cost of task migration will increase. Therefore, the number of edge CBS cannot be

infinite.
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Figure 7. Workload balancing of different approaches with different number of edge servers.

6. Conclusions

This paper proposes a server deployment and task scheduling framework in multi-edge

collaborative computing that achieves low latency and excellent workload balancing. By dividing a

MAN into DCRs based on the density characteristics of mobile end devices, and servers are deployed

independently in each sub-region. A two-step clustering algorithm and a task scheduling algorithm

are designed to deploy servers as close as possible to the mobile devices. This ensures that the servers

processing a request for an end device does not exceed the DCR range that the end device belongs to,

that is, the latency can be controlled within a certain range even in the worst case. Based on the edge

servers deployment approach, an edge scheduling layer is established in each DCR to manage the

resources and schedule tasks of the edge servers to optimize latency and load balancing as much as

possible. The experimental evaluation concludes that SDTS outperforms other comparative strategies

in terms of latency and workload balancing.
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