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Abstract: With the convergence of the Internet of Things, 5G, and artificial intelligence, limited
network bandwidth and bursts of incoming service requests seem to be the most important factors
affecting user experience. Therefore, caching technology was introduced. In this paper, a caching
placement optimization strategy based on comprehensive utility (CPOSCU) in edge computing is
proposed. Firstly, the strategy involves quantifying the placement factors of data blocks, which
include the popularity of data blocks, the remaining validity ratio of data blocks, and the substitution
rate of servers. By analyzing the characteristics of cache objects and servers, these placement factors
are modeled to determine the cache value of data blocks. Then, the optimization problem for cache
placement is quantified comprehensively based on the cache value of data blocks, data block retrieval
costs, data block placement costs, and replacement costs. Finally, to break out of the partial optimal
solution for cache placement, a penalty strategy is introduced, and an improved tabu search algorithm
is used to find the best edge server placement for cached objects. Experimental results demonstrate
that the proposed caching strategy enhances the cache service rate, reduces user request latency and
system overhead, and enhances the user experience.

Keywords: edge computing; caching placement; comprehensive utility; tabu search algorithm
introduction

1. Introduction

The widespread adoption of advanced mobile applications with high bandwidth
requirements has led to a significant increase in mobile wireless network traffic in recent
years. As per the projected number of 5G mobile subscriptions worldwide from 2019 to
2026 [1], it is expected that the number of 5G subscriptions will continue to grow steadily,
reaching 5 billion subscriptions by 2026. This growth is predicted to include a rise of
700 million subscriptions between 2022 and 2023, followed by an additional 900 million
between 2023 and 2024. Especially on backhaul links, this explosive data growth will put a
huge burden on current cellular networks [2] and the traditional core network architecture
cannot accommodate the rapidly growing user demand. However, the introduction of
edge computing has been introduced as a promising solution. Edge computing is gaining
increasing attention from industry and academia, by deploying edge servers at base stations
or access points near mobile users [3], which alleviates network traffic, reduces user request
latency, and decreases energy consumption. Edge computing is now widely used in various
applications, including face recognition [4], the Internet of Things (IoT) [5], autonomous
driving [6], smart cities [7], and smart healthcare [8].

Edge caching is one of the prominent technologies that provide computing and commu-
nication capabilities and network caching capabilities [9]. Caching input files for required
computations in advance or caching the computation results of certain frequently requested
computation tasks, not only relieves the pressure on the core network but also avoids net-
work congestion caused by the repeated transmission of the same content, thus achieving
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the goal of the high-speed rate transmission of content. However, the current edge caching
strategy seldom considers the characteristics of cache objects and servers, resulting in low
cache space utilization and the frequent replacement of data blocks, which generates high
system overhead and affects the advantages of edge computing. The main challenges faced
by edge caching are the selection and placement of cached content. Developing an effective
caching strategy to cache high-value content on inappropriate servers to improve overall
performance is an important research topic. Therefore, a caching strategy is proposed to
improve the utilization of cache space, reduce system overhead, and improve user experi-
ence by considering the characteristics of cache objects and servers for the placing of data
blocks to be cached in a suitable cache cluster. The main contributions are as follows:

1. A cache value model of data blocks is built by quantifying placement factors including
data block popularity, remaining validity ratio of data blocks, and server replacement
rate; a comprehensive-utility-based cache placement model is constructed based on
data block cache value, data block acquisition overhead, and data block placement
cost and replacement cost.

2. To avoid trapping in a partial optimum, a disciplinary strategy is introduced in tabu
search, and a comprehensive-utility-based cache placement optimization policy is
proposed for the edge computing environment; an optimized placement of cached
data blocks is achieved through an improved tabu search algorithm in this approach.

3. The performance of the proposed algorithm is verified in three ways: data response
time, cache service rate, and the number of permutations, by comparing the CPOSCU
algorithm with LOCAL, GPA, and NVCP algorithms.

The paper is structured as follows. Section 2 provides an overview of related work.
Section 3 outlines the two proposed models, including the data block cache value model and
the data block placement model, and then formulates the optimal placement problem as the
composite optimization problem. In Section 4, the proposed algorithm is validated through
extensive experiments and analysis. Section 5 shows the design and implementation of a
caching-placement-optimization-strategy-based comprehensive utility in edge computing.
Section 6 summarizes the work and prospects of this paper.

2. Related Work

The caching placement strategy is an important issue in edge computing research and
a key factor in improving caching performance. An increasing number of researchers are
considering studying caching placement in the context of edge computing.

To address the challenge of data placement caused by user mobility, reference [10]
proposed a mobility-aware caching strategy by considering the randomness of user mobility.
This strategy aims to find the optimal location for the requested content to minimize the
average load on the base station. Reference [11] presented a popularity-based cache
placement strategy by considering the connection quality of the network, the demand for
content, and user activity, which divides the requested data blocks into three popularity
levels and strategically caches the content into fog nodes with different activity levels to
reduce energy consumption. Reference [12] studied a genetic algorithm-based cooperative
cache placement strategy for contact duration-aware mobile edge networks by analyzing
the impact of user mobility and contact duration on cache placement in mobile edge
networks. Reference [13] investigated how to perform caching placement on SBS and
mobile devices using user mobility to maximize the cache hit rate, which is described as
a mixed integer nonlinear programming (MINLP) problem, and they solved the problem
using greedy algorithms.

Designing placement strategies based on user needs is currently an urgent issue to be
addressed. Reference [14] proposed an intelligent caching scheme that considers not only
the location of user requests but also categorizes them according to different caching policies
to solve the caching problem of content-centric network (CCN) routers. Reference [15]
determined the cached content on each network node based on the relative popularity of the
content and proposed a greedy-algorithm-based content placement strategy to maximize
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the overall network hit rate. Reference [16] studied task caching in multi-user and multi-
server mobile edge computing systems. By calculating the size and popularity of tasks
and considering the actual distribution of users and task requests, a task was cached on
multiple MEC servers to improve the hit rate of popular tasks. To cache content demanded
by users on the nearest IoT device, reference [17] used a recurrent neural network method
to predict the user location. They used an FP-growth algorithm to forecast the location of
each IoT device and the interests of users, which precaches the interested content to reduce
access latency and improve caching efficiency and user experience.

Aiming at the limitations of non-cooperative strategies for data block placement,
reference [18] proposed a cooperative edge caching scheme by considering the location and
prevalence of vehicle request content to minimize transmission latency and service cost.
Reference [19] presented a dynamic collaborative caching strategy for latency-sensitive
applications in an edge computing environment, which reduces redundant forwarding and
improves the hit ratio of the entire network by considering the popularity of the content
at the edge nodes and the caching capacity of the nodes, and placing popular content on
the core nodes. Reference [20] suggested a CE-D2D collaboration framework that fuses
edge networks and device-to-device clusters. In this framework, different mobile users
and MEC servers collaborate to store different blocks of a video to optimize the use of
storage resources and transmission resources. Reference [21] offered a caching scheme that
considers the trade-off between cache diversity and redundancy, which achieves an optimal
redundancy ratio for the content of each base station placement through collaboration
between placements in the radio access network. Reference [22] denoted a capacity-aware
edge caching strategy by considering the limited fog cache capacity and the connectivity
capability of the base station, which employs an alternating direction multiplier method
(ADMM)-based algorithm to efficiently search for the best cache content placement at each
fog node.

Although the above caching strategies enhance the cache hit rate and degrade the
transfer latency to a certain extent, most cache placement strategies give less consideration
to the characteristics of cache objects and servers in a comprehensive analysis. To optimize
the cache placement problem and address the issue of underutilized cache space and
the frequent replacement of cache data, a comprehensive-utility-based cache placement
optimization strategy is proposed in this paper, which analyzes the characteristics of cache
data objects and servers, and this strategy is integrated into the CPOSCU algorithm. The
Mobile edge caching strategies are summarized and categorized in Table 1.

Table 1. Summary and classification of mobile edge caching strategies.

Optimization Goals Reference Applicable Objects Key Research Points

Aiming for low latency
and high energy efficiency [10–13]

Both latency and energy
consumption directly
impact Qos applications

A caching strategy based on an improved greedy
algorithm;
A prevalence-based cache placement strategy;
A time-aware collaborative cache placement strategy
based on a genetic algorithm;
A mobile-aware caching strategy based on content
placement.

Aiming for low latency
and high hit rate [14–17]

Both latency and hit rate
directly affect Qos
applications

An intelligent caching strategy based on the location
of user requests;
A task caching strategy based on multiple users and
multiple servers;
A content placement strategy based on a greedy
algorithm;
An intelligent caching strategy based on location
prediction.
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Table 1. Cont.

Optimization Goals Reference Applicable Objects Key Research Points

Aiming to maximize
revenue [18–22]

Applications that
minimize CP or network
costs

A collaborative caching strategy based on content
location and popularity;
A dynamic caching strategy based on
latency-sensitive applications;
A collaborative strategy for converging edge
networks and device-to-device clusters;
A caching strategy that considers the trade-off
between cache diversity and redundancy;
A caching strategy based on capacity awareness.

3. The Comprehensive-Utility-Based Cache Placement Model in the Edge
Computing Environment

The following outlines the step-by-step process of the integrated utility-based cache
placement strategy within an edge computing environment. Firstly, the cloud data center
collects information about data blocks and edge servers, where the information about
data blocks mainly includes access frequency, access time, and data modification time,
while the information about edge servers mainly includes the cache space size, used space,
replacement times, and usage load information. The cloud server calculates the cache
value, placement cost, replacement cost, and acquisition cost of the data block placed on
the edge server based on the collected information and obtains the combined utility value.
Finally, using an improved tabu search algorithm, the proposed caching strategy aims to
find the optimal placement position for data blocks. And the comprehensive-utility-based
cache placement model in edge computing environment is shown in Figure 1. The main
parameters involved in this paper are listed in Table 2.
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Table 2. Summary of the main parameters.

Parameters Definition

i Data block i
j Cache server j
xi,j Whether a data block i is placed on the edge server j
f req
i Access frequency of data block i

Tinter
i The average access time interval of the data block i

Tst
i The recency of the data block i

Popi The popularity of the data block i
rei The remaining validity ratio of the data block i
Repj The replacement rate of the edge server j
hiti,j The hit rate of the cached data block i on the server j
Valuej

i
The value of the data block i cached on the j-th server

Pepcj
i

The replacement cost incurred to cache data blocks i on the edge server j.
bjj′ The network bandwidth between the edge server j and the physical location j′

scj The resource usage load is caused by placing a data block on the edge server j.
BC The bandwidth cost resulting from data transmission from the edge server to users
ratei,j The requested rate of users requesting data blocks from the edge server j.
requesti,j The total number of times a user accesses the data block i from the edge server j

Cj
i

The acquisition cost of the data block i to be cached from the physical location j′ to
the edge server j

UL The resource usage load for placing the set of data blocks to be cached to the edge
server.

TC The placement time cost of placing the set of data blocks to be cached on the edge
server.

3.1. The Cache Value of the Data Block

To enhance the cache hit ratio and ensure the efficient long-term service provision of
cached data blocks in edge computing, this paper considers the cache value of the data
blocks when determining their storage. Factors including data block popularity, remaining
validity period, and server replacement rate are quantified to determine the cache value.

First, assume that the set of data blocks to be cached consists of F(n) = { fi|i = 1, 2, . . . , n},
where fi indicates the i-th data block and n is the quantity of the cached data block. Then, set
the cached data blocks to the same size and denote them as s. The servers are represented by
the set E(m) =

{
ej
∣∣j = 1, 2, . . . , m

}
, where ej denotes the j-th edge server and m represents

the number of edge servers. The proposed strategy involves selecting and storing data
blocks from the cloud data center in the most suitable edge servers according to the optimal
placement model.

3.1.1. The Popularity of the Data Block

The popularization of the data block is determined by various factors, including its
access frequency, the average time interval, and the recency of access. Access frequency
means the proportion of the total number of users accessing the data block in the entire set
of data blocks. Therefore, the access frequency f req

i for the data block i can be modeled in
Equation (1).

f req
i =

Vi

Tnow
i − T f irst

i

(1)

In Equation (1), Vi is the number of times when the block is being accessed. T f irst
i

is the time of the first access and Tnow
i is the currently accessed time. The average time

interval, Tinter
i , represents the average time between two consecutive accesses, which can

be expressed in Equation (2).
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Tinter
i =

Tlast
i − T f irst

i
Vi

(2)

In Equation (2), Tlast
i denotes the time when the data block i was last accessed, T f irst

i
indicates the time when the data block i was first accessed. The size of the average access
interval Tinter

i represents the prevalence of the data block.
The recency of access Tst

i represents the time interval between the current access time
and the last access time of the data block, which can be expressed as:

Tst
i =

1
Tnow

i − Tlast
i

(3)

Therefore, combining Equations (1)–(3), the cached data block population is shown in
Equation (4).

Popi =
f req
i ∗ Tinter

i
Tst

i
=

Vi

Tnow
i −T f irst

i

∗ 1
Tnow

i −Tlast
i

Tlast
i −T f irst

i
Vi

(4)

3.1.2. The Percentage of Remaining Validity of Data Blocks

The remaining validity ratio of the data blocks represents the length from the current
time to the expiration time as a percentage of the stored time to the expiration time. It is a
measure of how long a cached data block resides in memory to function. The remaining
validity ratio of a data block can be expressed as follows:

rei =
Texp ire

i − Tnow
i

Texp ire
i − Tcache

i

(5)

In Equation (5), rei indicates the percentage of remaining validity of the cached data
block, Texp ire

i denotes the expiration time, and Tcache
i represents the storage time.

3.1.3. Edge Server Replacement Rate

The storage capacity of edge servers is finite, which means that new content cannot
be cached when the capacity is insufficient, and some unwanted content will be evicted,
resulting in a certain replacement overhead. Therefore, the server replacement rate Repj
depends on the replaced data block size and the available storage space on the edge server,
which can be modeled as:

Repj =

r
∑

k=1
sizek

j

rcap
j

(6)

In Equation (6), Repj indicates the replacement rate of the server j, r denotes the
number of cache replacements performed by the server j, sizek

j represents the data block
size that the server replaces for the first time, and rcap

j shows the storage capacity of the
edge server j.

3.1.4. The Cache Value of the Data Block

Taking into account the popularity, remaining valid period, and server replacement
rate of data blocks, the caching value Valuej

i can be represented by Formula (7).
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Valuej
i =

Popi ∗ rei
Repj

(7)

A binary variable xi,j is defined, which expresses whether data blocks are to be placed
on the edge server. The formula is calculated as shown in Equation (8).

xi,j =

{
1, Data block i is cached on server j
0, Others

(8)

Thus, the total cache value of caching the entire data block on the edge server can be
obtained from Equation (9):

Value =
n

∑
i=1

m

∑
j=1

Valuej
i ∗ xi,j =

n

∑
i=1

m

∑
j=1

Popi ∗ rei ∗ xi,j

Repj
(9)

3.2. The Cache Placement Overhead for Data Blocks
3.2.1. The Acquisition Cost of Data Blocks

The distance and bandwidth between the edge server and the physical location of
the data blocks to be cached are the main factors that determine the cost of acquiring data
blocks. If the network distance is small or the bandwidth is large, the acquisition cost of
data blocks can be reduced. The acquisition cost Cj

i can be mathematically represented as:

Cj
i =

s
bjj′
∗ djj′ (10)

In Equation (10), s shows the data block i size, while djj′ , bjj′ , and s/bjj′ , respectively,
denote the network distance, network bandwidth, and transmission overhead from the
edge server j to the physical location j′ to be cached.

The transmission overhead of caching the set of data blocks can be represented as:

Ctransport =
n

∑
i=1

m

∑
j=1

Cj
i ∗ xi,j (11)

3.2.2. The Placement Cost of Data Blocks

To place the data blocks, placement cost is an important factor that should be consid-
ered. Placement cost depends on several factors, including placement time, the bandwidth
associated with the transmission of the data block from the edge server to the user, and
the load on the edge server’s resources, where the hit rate of the cached data blocks on the
server can be expressed as:

hiti,j =
hi,j

requesti,j
(12)

In Equation (12), requesti,j illustrates the total amount of times from the edge server
and hi,j represents the number of times that the request for a data block was fulfilled by
the user.

The requested rate of users requesting data blocks from the edge server ratei,j can be
expressed as:

ratei,j =
Vi,j

Vallj
(13)
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In Equation (13), Vi,j represents the frequency of users accessing the data block and
Vallj denotes the total amount of requests for that data block from the server by the user.
The bandwidth cost BC by edge servers transmitting data to users can be represented as:

BC = α
n

∑
i=1

m

∑
j=1

s ∗ hiti,j ∗ ratei,j ∗ d ∗ tbc ∗ xi,j (14)

In Equation (14), tbc shows the bandwidth cost of transmitting 1 bit of data over the
unit distance. d represents the average distance from the users to the edge servers and xi,j
expresses the placement scheme of data blocks.

To alleviate the load on the edge server, the resource utilization load is taken into
account. scj indicates the load on resource utilization caused by placing a data block on the
edge server, that is, the memory and CPU usage load during the cache storage. Thus, the
resource utilization load UL of placing the set of data blocks being cached can be expressed
in Equation (15).

UL = β
n

∑
i=1

m

∑
j=1

s ∗ scj ∗ xi,j (15)

The placing of data blocks on the edge server j is based on their physical location j′
about the caching server; thus, the placement time cost TC of placing the set of data blocks
being cached can be shown as:

TC = γ
n

∑
i=1

m

∑
j=1

s
bjj′
∗ xi,j (16)

In Equation (17), α, β, γ are non-negative weights for the bandwidth, the placement
time, and server resource utilization load, respectively, α + β + γ = 1.

SCj
i = (α ∗ s ∗ hiti,j ∗ ratei,j ∗ d ∗ tbc) + (β ∗ s ∗ scj) + (γ ∗ s

bjj′
) (17)

Then, the placement cost Cstoraget can be shown as:

Cstoraget = BC + UL + TC = xi,j ∗
n

∑
i=1

m

∑
j=1

SCj
i (18)

3.2.3. The Replacement Cost of Data Blocks

During cache placement, the replacement cost of cached data blocks is affected by the
amount of storage space available on the edge server and the number of data blocks cached
on that server. If the available cache capacity on the server is insufficient to store a new
data block, a replacement cost is incurred, which is equivalent to the transfer cost of the
evicted block. Consequently, there is a replacement cost Pepcj

i of storing from a physical
location j′ to an edge server j.

Pepcj
i =


0, s ≤ rcac

j
r
∑

g=1
Cj

g, s > rcac
j

(19)

In Equation (19), rcac
j represents the amount of cache space available to the server

j, r indicates the number of cache replacements performed by the edge server j, and Cj
g

expresses the overhead of fetching the data block g from a physical location j′ to an edge
server j.
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The replacement overhead Pepc resulting from caching the entire set of data blocks to
be cached can be represented as:

pepc =


0, s ≤ rcac

j
n
∑

i=1

m
∑

j=1
xi,j ∗ Pepcj

i , s > rcac
j

(20)

3.2.4. Comprehensive Utility

To determine the placement of data blocks, a comprehensive analysis of objective
factors such as the caching value, transfer cost, placement cost, and server replacement
cost is taken into consideration. Thus, the formula for comprehensive-utility-based cache
placement is shown in Equation (21).

Value− Cstoraget − Ctransport − pepc

=
n
∑

i=1

m
∑

j=1
xi,j ∗

(
Valuej

i − Cj
i − SCj

i − Pepcj
i

)
(21)

3.3. The Comprehensive-Utility-Based Caching Placement Model

To optimize the overall performance of data block placement, the placement decision
is made by considering the retrieval cost, placement cost, and replacement cost. The
placement problem is formulated as:

max
n
∑

i=1

m
∑

j=1
xi,j ∗

(
Valuej

i − Cj
i − SCj

i − Pepcj
i

)

s.t.



C1 : xi,j ∈ {0, 1} , ∀i ∈ [1, n], j ∈ [1, m]
∀j′ ∈ [1, m] ∪ {m + 1} − { j}

C2 : 0 ≤
m
∑

j=1
xi,j ≤ m

C3 : 0 ≤
n
∑

i=1
xi,j ≤ n

(22)

In Equation (22), constraint (C1) indicates whether a data block i is stored on a specific
edge server j, where m + 1 represents the cloud data center. Constraint (C2) allows the data
block to be stored on multiple servers. Constraint (C3) indicates that all data blocks can
be stored on an edge server, depending on the available storage space. Thus, the task of
determining the optimal placement of data blocks can be expressed as a 0–1 multiple-choice
knapsack problem, which is known to be NP-hard. At present, the traditional methods for
solving the knapsack problem are the dynamic programming method and the branch-and-
bound method. But these methods do not apply to the large-scale knapsack problem, and
the main methods for solving the large-scale knapsack problem include the particle swarm
optimization algorithm and the tabu search algorithm. Since the tabu search algorithm is
efficient for solving combinatorial optimization problems, although it can easily fall into
local optimality, this paper uses an improved tabu search algorithm to solve the cache
placement problem and obtain an approximate optimal solution.

4. The Cache Placement Optimization Algorithm Based on Improved Tabu Search in
Edge Computing

To solve the comprehensive-utility-based cache placement problem, the initial allo-
cation scheme of data blocks was first obtained with the replacement-rate-based cache
placement strategy. Subsequently, an optimization approach for cache placement based on
an improved tabu search algorithm was implemented to further refine the initial solution.
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4.1. The Cache Placement Strategy Based on the Replacement Rate to Find the Initial Solution of
the Placement

The initial cache placement solution was determined using a strategy based on the
replacement rate. The specific solution procedure is as follows:

1. The set of data blocks for caching is F(n) = { fi|i = 1, 2, . . . , n} and the collection of
edge servers is E(m) =

{
ej
∣∣j = 1, 2, . . . , m

}
.

2. The data block value Popi ∗ rei is calculated and then sequenced, Epopset; the server
replacement rate Repj is calculated and arranged in the composition Repset.

3. Each data block is accessed sequentially, starting with the data block where no server
is placed, and representing this set as: F(n).

4. The span of a data block is determined by considering its current prevalence and the
remaining validity ratio, which is expressed as follows:

span =
Popi ∗ rei −minPopi ∗ rei

maxPopi ∗ rei −minPopi ∗ rei
(23)

5. The span of the data block obtained in step 4 is used to calculate the server replacement
rate for that data block placement, which can be shown as:

rep = span ∗
(
maxRepj −minRepj

)
+ minRepj (24)

6. The resulting server replacement rate rep is compared to the replacement rate set
Repset to place the data blocks into the appropriate servers.

The correspondence can be defined as P : f (( f1, f2, . . . , fn)) =
(
ei, ej, . . . , ek

)
. Among

them, ( f1, f2, . . . , fn) denotes the data block to be cached and
(
ei, ej, . . . , ek

)
represents the

corresponding server where the data block is placed.

4.2. Implementation of Cache Placement Algorithm Based on Improved Tabu Search

After obtaining the initial solution for cache placement using the displacement-based
caching strategy, the initial cache placement solution was optimized using the improved
tabu search algorithm regarding the objective function and initial solution presented in
Equation (22). In the process of solving the cache placement of data objects, the original
tabu search algorithm’s short-sighted criterion cannot guarantee that it will always jump
out of the local optimal solution during the search. Therefore, a disciplinary strategy
was introduced, mainly to record the number of times pt the tabu objects in the modified
tabuList were modified. If the initial value is 0 when a tabu object enters the tabu List, pt
adds 1, and if the set tabooList is not updated consecutive times, i.e., pt = h, the disciplinary
strategy will be activated.

4.2.1. A Disciplinary Strategy Is Introduced

The server random component function is defined as: S∗(h) =S(h)+w× h , where
S(h) is the index amount of the current minimum server, w is the random penalty constant,
and h is the record count threshold. The increasing server component function will affect
the selection of the server with the minimum placement cost Emin, causing the index volume
S(h) to be shifted. The corresponding server Emin is selected instead based on the latest
S(h), ultimately guiding the search for the local optimum.

4.2.2. The Cache Placement Algorithm Based on Improved Tabu Search

Given the cache placement obtained through the replacement rate, the objective
function, and the disciplinary strategy, an improved tabu-search-based cache placement
algorithm is proposed. The specific solution steps are as follows:
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1. Initialization setting.

Define the tabu array TabuList[1, 2, 3, . . . , n], and the initial value of each element in
the array is 1, which identifies the data block that can be swapped. Set the server random
component function S∗(h), and initialize the record count threshold h, random discipline
constants w, and record count pt = 0.

2. Server selection.

According to formulas (10), (18), and (20), the placement cost of placing a data block

in a server can be expressed as Ej
i =

n
∑

i=1

m
∑

j=1
xi,j ∗

(
Cj

i − SCj
i − Pepcj

i

)
. Define Emax and Emin

as the servers with the highest and lowest placement cost.

Emax = max
{

Ej
i

∣∣∣j ∈ m, i = 1, 2, . . . , m
}

(25)

Emin = min
{

Ej
i

∣∣∣j ∈ m, i = 1, 2, . . . , m
}

(26)

Determine whether the number of records pt reaches the record count threshold h. If so,
the disciplinary strategy is triggered and the minimum cost of an edge server Emin is rese-
lected according to the server random component function S∗(h), i.e., S∗(h) =S(h)+w× h .

3. Data block swapping.

Select the data block fk that can be swapped on the server Emax, and set the tabu value
tabuList[k] = 0. If all the data blocks on the server are marked as non-swapping, the data
block allocation is completed and the algorithm ends; otherwise, define FEmin as the task
allocated to the server Emin and calculate the data block swapping function MBT(k, l) in
Formula (28). Bkl and Blk denote the combined utility function in the non-swapping and
swapping states.

Bij =
n

∑
i=1

m

∑
j=1

xi,j ∗
(

Valuej
i − Cj

i − SCj
i − Pepcj

i

)
(27)

MBT(k, l) = max{Bkl − Blk|l ∈ FEmin, l = 1, 2, . . . , m} (28)

If the data block swapping function MBT(k, l) > 0 exists, then swap the values A↔ B .
This means that for the interchange of A and B values, the tabu value tabuList[l] = 0;
otherwise, set the record count as pt = pt + 1.

4.3. The Flow Chart of the Cache Placement Algorithm Based on Improved Tabu Search

Firstly, the initial solution for cache placement is found, according to the replacement-
rate-based cache placement strategy, to complete the initial allocation of the data blocks
to be cached. Secondly, to escape from local optimal solutions, a disciplinary strategy
based on the tabu search algorithm is introduced, and the tabu list and the frequency
record are initialized, while obtaining the server with the maximum and minimum costs.
Thirdly, it must be checked if the frequency record exceeds the threshold value. If it does,
the disciplinary strategy is started and a server is randomly selected based on the server
random selection function. Finally, the existence of a data block that can be exchanged is
determined so that the exchange function is higher than 0. If the data block exists, it will
be exchanged; otherwise, the number of records will be incremented by 1. The process
flowchart of the cache placement algorithm based on improved tabu search is shown in
Figure 2.
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4.4. The Pseudo-Code for the Cache Placement Algorithm Based on the Improved Tabu Search

The pseudo-code for the cache placement algorithm based on the improved tabu
search is shown in Algorithm 1.

Algorithm 1: The cache placement optimization algorithm based on improved tabu search

Input: the set of data blocks to be cached F(n) = { fi|i = 1, 2, . . . , n};
the set of servers E(m) =

{
ej

∣∣∣j = 1, 2, . . . , m
}

.
Output: the optimal solution Result for cache data placement;
1. Initialization: set tabuList[1, 2, 3, . . . , n] = 1; pt = 0; h = 1
2. for each i do
3. Calculate the popular level Popi of the data block i
4. Calculate the value rei of the remaining valid period ratio of each data block i
5. the data block value is saved in Epopset // Epopset← Popi ∗ rei
6. end for each
7. for each j do
8. Calculate the replacement rate Repj for each server
9. keep the value Repj to the set Repset
10. end for each
11. for each i do
12. Calculate the span of the data block i // According to Formula (23)
13. Calculate the replacement rate Rep // According to Formula (24)
14. for each j do
15. if Repj ∈ [bRepc, dRepe]
16. keep j in the solution set Result.
17. end for each
18. end for each
19. Calculate the value of the comprehensive utility // According to Formula (19)
20. Calculate Emax and Emin // According to Formulas (20) and (21)
21. while the data blocks in Emax and Emin are not forbidden do
22. Calculate Emax and Emin;
23. if h ≤ xi then
24. Using the disciplinary strategy choose Emin = Es∗(h)%m
25. end if
26. find fk and tabuList[k] == 1 assigned to Emax;
27. set tabuList[k] = 0;
28. for l := 1 to n and l ∈ FEmin, set q = 1 do
29. if fl assigns to Emin and tabuList[l] = 1 then
30. Calculate Blk and Bqk;
31. if Blk and Bqk then
32. set q = l;
33. end if
34. end if
35. end for
36. if MBT(k, l) ≥ 0 then // Calculate MBT(k, l) according to Formula (28)
37. set tabuList[q] = 0;
38. xkmax ↔ xqmax
39. xqmin ↔ xkmin
40. else
41. pt = pt + 1
42. end if
43. end while
44. get the optimal solution Result.

In the optimization of the cache placement algorithm using improved tabu search, set
the number of data blocks for cache placement to be n, and the number of servers to be m.
Typically, the cache placement benchmark is satisfied n > m. The time complexity of the
algorithm in this paper mainly consists of two parts:
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1. The time complexity of obtaining the initial solution using the permutation-rate-based
cache placement strategy is O(n ∗m).

2. The time complexity of optimizing the initial solution using the tabu list and the swap
strategy based on the improved tabu search is O

(
n2).

Generally, the cache placement is n > m and the time complexity of an improved
tabu-search-based cache placement algorithm is O

(
n2).

5. Experiment and Analysis
5.1. Experimental Environment
5.1.1. Experimental Equipment

The performance of the proposed algorithm was evaluated by building an edge
environment consisting of one cloud data center, ten edge servers, and ten mobile devices.
A Linux Ubuntu-18.10-desktop-amd64 system, JDK 1.8.0_11 development kit, and Linux
Eclipse 4.5.0 development environment were used. The configuration of the specific
experimental environment is shown in Figure 3. The edge orchestrator manages other edge
servers to facilitate communication from the edge server to the cloud data center, while
users interact with the servers through wireless network hotspots.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 14 of 22 
 

43.  end while 
44.  get the optimal solution Result . 

In the optimization of the cache placement algorithm using improved tabu search, 
set the number of data blocks for cache placement to be n , and the number of servers to 
be m . Typically, the cache placement benchmark is satisfied n m> . The time complexity 
of the algorithm in this paper mainly consists of two parts: 
1. The time complexity of obtaining the initial solution using the permutation-rate-

based cache placement strategy is ( )*O n m . 
2. The time complexity of optimizing the initial solution using the tabu list and the swap 

strategy based on the improved tabu search is ( )2O n . 

Generally, the cache placement is n m>   and the time complexity of an improved 
tabu-search-based cache placement algorithm is ( )2O n . 

5. Experiment and Analysis 
5.1. Experimental Environment 
5.1.1. Experimental Equipment 

The performance of the proposed algorithm was evaluated by building an edge en-
vironment consisting of one cloud data center, ten edge servers, and ten mobile devices. 
A Linux Ubuntu-18.10-desktop-amd64 system, JDK 1.8.0_11 development kit, and Linux 
Eclipse 4.5.0 development environment were used. The configuration of the specific ex-
perimental environment is shown in Figure 3. The edge orchestrator manages other edge 
servers to facilitate communication from the edge server to the cloud data center, while 
users interact with the servers through wireless network hotspots.  

Local area network

Cloud
Edge orchestrator
193.168.121.101

Intel Core i5-4590
CPU@3.30GHz RAM:4G

Edge server1
193.168.122.102

Intel Core i5-4590
CPU@3.30GHz RAM:4G

Edge server2
193.168.122.103

Intel Core i5-10210U
CPU@1.60GHz RAM:4G

Edge server3
193.168.122.104

Intel Core i5-12500H
CPU@1.80GHz RAM:4G

Edge server4
193.168.123.105

Intel Corei5-8350U
CPU

@1.80GHz RAM:4G

Edge server5
193.168.123.106

Intel Core i7-2450M
CPU@2.60GHzRAM:4G

Edge server6
193.168.123.103

Intel Core i7-5600U
CPU@1.80GHz RAM:4G

Edge server7
193.168.124.108

Intel Core i5-4210M
CPU@3.30GHz RAM:4G

Edge server8
193.168.124.109

Intel Core i5-83500M
CPU@2.60GHz  RAM:4G

 
Figure 3. The configuration of the experimental environment. 

  

Figure 3. The configuration of the experimental environment.

5.1.2. Evaluation Metrics

1. Data response time: this metric indicates how the cache placement algorithm affects
the user’s data retrieval time; that is, a shorter the data response time represents a
more effective algorithm.

2. Cache service rate: this index reflects the quality of the cache placement algorithm. A
higher cache service rate indicates a more successful algorithm. The cache service rate
calculation is shown in Equation (29).
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γ =
Ncache
Naccess

(29)

In Equation (29), γ denotes the cache service rate, Ncache represents the sum of the data
being accessed in the cache, and Naccess indicates the total amount of accessed data.

3. The replacement count: this indicator reflects the efficiency of the cache placement
strategy in terms of the quantity of data blocks cached in the server. The formula is
given in Equation (30).

λ =

n
∑

i=1

ei
ci

m
(30)

In Equation (30), ei is the number of data blocks evicted from the server cache, ci is the
server’s cache capacity, and m is the overall count of servers.

5.2. Experimental Data and Test Cases
5.2.1. Experimental Data

The dataset for this experiment consisted of text, which included tweets and phrases
from all online news downloaded from the Stanford Web Analytics Project (SNAP, http:
//snap.stanford.edu/) (6 April 2023) between August 2008 and April 2009 from meme-
tracker9, with a dataset size of 13.36 G, which satisfied the experimental needs.

5.2.2. Test Cases

The experiment test case used in this paper was the WordCount [23] program that
comes with the Hadoop platform, which is a word count program. The cache space of the
servers set in the experiment could be different so that it could be more beneficial to verify
the Hadoop cluster cache performance. In the Hadoop environment, the data block size of
HDFS was 128 MB. After the dataset was stored in HDFS, the cache factors such as cache
data popularity, data validity period, and server replacement rate were calculated through
120 rounds of execution, access, cache placement, and replacement. And users randomly
read 200 pieces of data from HDFS and placed 120 pieces of cache data. The job was run
under the LOCAL, the GPA [24], the NVCP [25], and the CPOSCU algorithm to record
the response time of the data, cache service rate, and the number of server replacements,
respectively, and compare the differences between them.

5.3. Experimental Results and Analysis

1. Impact of different cache sizes on the algorithmic performance

To evaluate the impact of different cache capacities on the algorithm’s performance,
the cache capacity of each server was set to vary between 30 and 60 data blocks. A total of
200 tasks were simulated to be executed by users. The impact of different cache capacities
on the cache service rate generated by the four algorithms is shown in Figure 4.

The results in Figure 4 indicate that as the cache capacity increases, the cache hit ratios
of the GPA, NVCP, and CPOSCU algorithm improve by about 0.95%, 12.98%, and 19.36%
compared to the LOCAL algorithm. But as the cache capacity continues to increase, the
gap in the cache hit ratios between the four algorithms gradually decreases. On the one
hand, when the probability of user requests being served by edge servers grows with the
cache capacity, the cache service rate improves for the four algorithms; however, the cache
capacity is limited, and the cache service rate gap becomes smaller when a certain value is
reached. On the other hand, the LOCAL algorithm only considers the ratio of the cache
space on the server; the NVCP algorithm caches the content with higher popularity at nodes
with higher values, which reduces the update frequency, but it ignores the replacement rate
of cache nodes and the value of cached content; the GPA algorithm considers the popularity

http://snap.stanford.edu/
http://snap.stanford.edu/
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of cached data, which improves the service rate of cache to some extent, but the CPOSCU
is better than the GPA algorithm.
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The experimental results of four algorithms for data response time with varying
storage capacities is given in Figure 5. The figure indicates that when the cache capacity is
50, the CPOSCU algorithm reduces the data response time by 14.43%, 10.37%, and 8.61%
compared to the LOCAL, GPA, and NVCP algorithms. While the value of the cache capacity
is 55, the data response time, respectively, decreases by 8.45%, 6.87%, and 5.41%.
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The point-fold line chart of the four algorithms on the number of replacements is out-
lined in Figure 6. When the values of cache capacity are 50 and 55, the CPOSCU algorithm
improves by 8.33% and 1.86%, respectively, over the LOCAL algorithm; compared with the
GPA algorithm, it improves by 26.95% and 8.14%; compared with the NVCP algorithm, it
is, respectively, enhanced by 4.59% and 3.07%. This is mainly because the LOCAL, GPA,
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and NVCP algorithms did not consider replacement costs, while the CPOSCU algorithm
considers the replacement costs as placing data. Thus, the CPOSCU algorithm has the least
number of replacements in a limited server space.
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2. The impact of the different number of data blocks required on the algorithmic
performance

To evaluate the impact of different numbers of data blocks required on the algorithm’s
performance, the number of data blocks was set to vary in the range of 16~256. The cache
service rate of the four algorithms with different numbers of data blocks is outlined in
Figure 7.
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As can be seen from Figure 7, the cache service rate of each algorithm gradually grows
as the number of data blocks continues to increase. The cache service rate increases as
the count of requested data blocks increases, allowing for more hits in the cache server.
Among the four algorithms, the CPOSCU algorithm attains the highest cache service rate
by considering the cache value of the cache object and the cost overhead of the edge server,
which can ensure data persistence to some extent.

The performance comparison experimental results of data response time among the
four algorithms under the range of required data block numbers is demonstrated in Figure 8.
The data response time of each algorithm rises with the increasing number of required data
blocks, while the data response time of the CPOSCU algorithm is the lowest and the data
response time of the LOCAL algorithm is the highest. Owing to this, the LOCAL algorithm
prioritizes placing data with a high cache value on servers with a low replacement rate,
but the CPOSCU algorithm effectively improves the data hit rates while also ensuring
data stability.
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The impact of replacement numbers under the range of required data block numbers is
illustrated in Figure 9. The replacement rates of the four algorithms increase as the quantity
of the required data blocks increases. However, when the quantity of required data blocks
is small, the difference in the number of replacements between the CPOSCU algorithm
and the LOCAL algorithm is not much different, mainly because the LOCAL algorithm
considers the cache ratio of available space, and the CPOSCU algorithm also considers the
cache space and replacement cost; however, when the number of data blocks is large, the
CPOSCU algorithm has the lowest replacement number.
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3. The Impact of different data block popularities on the algorithmic performance

To evaluate the impact of different data block popularities on the algorithmic perfor-
mance, the range of data block popularity variation was set from 0.7 to 1.2. The variation
process of the cache service rate with data block popularity is reflected in Figure 10.
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Figure 10. Impact of data block prevalence on cache service rate.

As can be seen from Figure 10, the LOCAL algorithm has the lowest cache service
rate, while the NVCP algorithm is higher, and the CPOSCU algorithm has the highest
cache service rate. This is mainly because the LOCAL algorithm only considers the cache
space ratio; the NVCP algorithm caches data having a higher popularity to nodes with
higher values, ensuring data diversity, but the replacement cost of edge servers is ignored.
The CPOSCU algorithm guarantees the stability of the data cache in the edge server by
accounting for the cost overhead along with the cache value of the data blocks.

The impact of data response time on the number of data blocks is illustrated in
Figure 11. This is primarily caused by the fact that the data response time decreases as the
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probability of a user hit increases with the increasing popularity of the data block. Further-
more, it is clear that the CPOSCU algorithm has the lowest and the LOCAL algorithm has
the highest data response time. The reason is that the LOCAL algorithm is a random cache,
while the CPOSCU algorithm considers the replacement rate and cost overhead of the edge
server as well as the data block’s prevalence.
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The effect of replacement numbers under the different data block’s popularity is
illustrated in Figure 12. The LOCAL algorithm keeps the number of permutations stable
as the popularity increases, while the GPA, NVCP, and CPOSCU algorithms decrease
most significantly. This is because the LOCAL algorithm only performs random caching
and has the largest number of permutations; other algorithms take into account the data
popularization, which generates a reduced number of permutations, while the CPOSCU
algorithm considers the server permutation rate in addition to the prevalence. Therefore, it
generates the smallest number of permutations.
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5.4. Summary of Experiments

The conclusions drawn from the three sets of experimental results are as follows:

1. Cache capacity has a certain impact on cache placement algorithms, i.e., as the cache
capacity increases, the cache hit rate improves, while the data response time and
replacement number decrease.

2. The number of data blocks has a certain impact on the algorithm, i.e., with the growing
quantity of data blocks, the cache hit rate, the data response time, and the replacement
number all increase.

3. Data popularity has a certain impact on the algorithm, i.e., as the popularity of
data blocks increases, the cache hit rate improves, while the data response time and
replacement number decrease.

6. Conclusions

This paper aimed to address the low utilization of storage space and high data replace-
ment rates in traditional edge computing cache placement strategies. The objective was to
maximize the cache service rate and minimize the system overhead and data response time.
The cache value, acquisition cost, placement cost, and replacement cost for data blocks
is considered as a joint optimization problem. A cache placement optimization strategy
based on improved tabu search was proposed for solving this problem. The replacement
overhead of data blocks was quantified by taking into account the available storage space
and the number of data blocks cached on the edge server. The experimental results demon-
strated that the CPOSCU algorithm can boost the cache space utilization, reduce the system
overhead, and effectively improve the system performance, thereby enhancing the user
experience of mobile internet applications.

In future work, two aspects will be investigated. First, various content caching and
placement operations will be performed using deep reinforcement learning methods based
on different content types. Second, as the scale of the edge cloud environment built in
this experimental environment was limited, the experiments will be scaled up further by
expanding the number of edge servers and improving the deployment.
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