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Abstract—With the rapid advancement and integration of
Internet of Things technology into manufacturing, industrial
workshops in computer, communication, and consumer elec-
tronics (3C) manufacturing are increasingly confronted with
complex computational tasks during production. However, the
limited hardware resources and computational capabilities of
local devices often hinder efficient task execution. Computa-
tional offloading offers a viable solution by allowing complex
computational tasks to be processed on either edge or cloud
servers, enhancing the efficiency of computational task han-
dling in production environments. A critical challenge lies in
optimizing task offloading among local devices, edge servers,
and cloud servers to maximize production efficiency while
ensuring reasonable task scheduling. To address this challenge,
this work proposes a flexible computational offloading strategy
based on an edge-cloud architecture in a smartphone manufac-
turing workshop. First, a framework for edge-cloud workshop
manufacturing is constructed, integrating various smartphone
production devices. Based on the edge-cloud framework, a
constrained optimization problem for computation offloading
is formulated, using latency as the objective in industrial
production settings. A time consumption model is employed to
optimize computational time, and a novel scheduling strategy
named Ivy-Genetic Evolution Algorithm (IGEA) is designed
to solve the scheduling problem. The IGEA integrates genetic
operators into the Ivy Algorithm to introduce a randomness
strategy. Experimental results demonstrate that IGEA signif-
icantly outperforms state-of-the-art approaches in optimizing
production efficiency.

Index Terms—Internet of things, edge-cloud computing, in-
telligent optimization algorithm, flexible workshop, and mobile
phone manufacturing.

I. INTRODUCTION

With rapid technological advances and market changes, the
integration of information technology with physical systems
has become a key driver for manufacturing development. As
a core component, the Internet of Things (IoT) is reshaping
traditional manufacturing [1], enabling data-driven manage-
ment and automation [2]. In recent years, the proliferation
of IoT devices and improved computing capabilities have
continuously improved intelligence in the computer, commu-
nication, and consumer electronics (3C) manufacturing sector
[3]. Especially in smartphone manufacturing, IoT devices
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connect to production equipment to collect real-time data,
optimizing production stages, and improving efficiency. How-
ever, intelligent production also leads to a surge in complex
computational tasks. Due to the limited processing power of
local industrial devices, executing these tasks is challenging
and time consuming.

Computational offloading provides a feasible solution to
this problem [4]. In industrial production, edge servers
are deployed within the workshop, while long-term exter-
nal connections with the cloud enable the optimization of
computation offloading tasks. By offloading computational
tasks arising during production to edge or cloud servers
with greater processing power, complex computations can be
handled efficiently [5]. However, the process of offloading
tasks to the edge or cloud also introduces additional latency
due to data transmission. Current research has proposed
many algorithms for optimizing different targets in the edge-
cloud environment [6]–[10]. Unfortunately, they also exhibit
certain shortcomings in practical applications. For example,
when facing large-scale and complex tasks, they tend to
get trapped in local optima and fail to guarantee global
optimality. Additionally, due to issues with parameter tuning
and convergence speed, some strategies do not perform stably
in production environments with high real-time requirements.

According to the preceding analysis, to further reduce
the possibility of falling into local optima and to balance
the computing time and transmission latency in the indus-
trial production process, this work proposes a computational
offloading strategy for the 3C smartphone manufacturing
industry supported by an edge-cloud system. An edge-cloud
architecture is constructed that integrates various smartphone
production devices. Based on this framework, a constrained
optimization problem in industrial production is formulated
and solved by a novel intelligent optimization algorithm
named Ivy-Genetic Evolution Algorithm (IGEA). It integrates
genetic mutation to explore a broader range of potential
solutions. While improving production efficiency, IGEA also
considers the priority of tasks. Experimental results show
that IGEA achieves significantly higher production efficiency,
providing a feasible solution for intelligent computational
offloading in 3C manufacturing.

The remaining sections of this work are organized as
follows. Section II introduces the framework and problem
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formulation. Section III gives details of IGEA. Section IV
presents the performance evaluation, and Section V draws
the conclusion.

II. PROBLEM FORMULATION

Under the edge-cloud architecture shown in Fig. 1, the
production system of a smartphone manufacturing workshop
comprises multiple tasks and machines. In this architecture,
Ti denotes task i, and Mj denotes machine j. Each task
typically includes multiple operations, and operation k of
task i is denoted as Oik. Production scheduling involves
assigning operations to suitable machines to ensure smooth
task execution. For example, smartphone coating consists
of alignment, recognition, painting, and inspection, each
handled by available machines. Some operations require
significant computational resources, making computational
offloading crucial for overall efficiency. In addition, tasks
have varying priorities that are considered during schedul-
ing. These designs improve machine utilization and ensure
efficient processing of computational tasks, thus improving
overall production performance.

The network integrates 5G, optical fiber, Time-Sensitive
Networking (TSN) [11], and Local Area Networks (LAN)
[12]. The cloud and edge are connected via 5G, enabling
remote data transmission and processing [13]. Within work-
shops, TSN and LAN ensure real-time, deterministic commu-
nication for precise industrial control. Inter-workshop con-
nectivity is achieved through optical fiber, supporting high-
speed data sharing and collaboration.

Fig. 1. Edge-cloud system and network architecture in 3C workshop.

A. Time Consumption Model

The time consumption model comprises two primary as-
pects: the execution time of production tasks and the com-
putation time of computational tasks. The execution time of
all production tasks is denoted as Tα. It refers to the total
time required to complete all production tasks, i.e.,

Tα=max(tc1, ...t
c
i ) (1)

TABLE I
MAIN PARAMETERS

Notation Definition
Ti Production task i

Mj Machine j

Oik Operation k of Ti

tci Completion time of Ti

twi Waiting time for Ti

tpi Processing time for Ti (including all operations)
toik Processing time for operation k in task i

Tα Execution time of all production tasks
tdi Data transmission latency for Ti

tei Computation time for Ti

di Data size required by Ti

se Data transfer speed of the edge device
sc Data transfer speed of the cloud
ci Computational load of Ti

fm
j Computational capacity of Mj

fe Computational capacity of the edge device
fc Computational capacity of the cloud
γi Importance score of Ti

hm
i Importance weight of Ti

δi Urgency score of Ti

zi Deadline of Ti

ϵi Resource demand index of Ti

ťc Minimum computational resource value
t̂c Maximum computational resource value
Sp Reverse priority score

where tci denotes the completion time of the production task
i. The completion time of each task consists of its waiting
time twi and processing time tpi , i.e.,

tci=twi +tpi (2)

tpi=

K∑
k=1

tok (3)

where tpi is the total processing time of all K operations in
task i and tok denotes the processing time of operation k.

The computation time of a task refers to the total time
required for its execution, considering both data transmission
latency tdi and computation time tei , i.e.,

T β=

I∑
i=1

tdi+

I∑
i=1

tei (4)

where T β denotes the total execution time of the computa-
tional task. In the edge-cloud architecture, the data latency
depends on whether the task is executed on a local machine,
an edge device, or in the cloud, i.e.,

tdi =


0 local devices
di/s

e edge server
di/s

c cloud server
(5)

where di is the amount of processed data required by task
i, se is the data transfer speed of the edge device, and sc

is the data transfer speed of the cloud. For locally executed
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tasks, no data transmission is required. However, when the
task is transmitted to the edge or cloud, it needs to consider
the upload latency using (5).

The computation time for a task depends on the available
computational resources. When the task is executed on a local
machine, tei is obtained as:

tei =


ci/f

m
j local devices

ci/f
e edge server

ci/f
c cloud server

(6)

where ci is the computational load of the task i, fm
j denotes

the computational capacity of the machine j, fe donates the
computational capacity of the edge server, and f c denotes
the computational capacity of the cloud server.

B. Scheduling Model
Task scheduling is a critical optimization problem in

manufacturing. Different production tasks vary in importance,
urgency, and resource demand. When handling multiple tasks,
determining the optimal execution sequence is key to mini-
mizing production time while accounting for task priority.

1) Task Importance and Task Urgency: The importance of
a task is one of the critical factors influencing the determina-
tion of its execution priority. Tasks with greater importance
should be prioritized. The importance score γi is obtained
as:

γi=twi ×hm
i (7)

where hm
i denotes the task’s importance weight for task

i. (7) shows that tasks with higher weights and waiting
longer have higher priorities. Moreover, tasks with stricter
time constraints should be prioritized to guarantee timely
completion. The urgency score δi is obtained as:

δi=exp (−(zi−twi )×hm
i ) (8)

where zi denotes the deadline for task i. (8) demonstrates
that as a task approaches its deadline, its urgency increases.

2) Resource Demand Index: Different tasks have different
demands for computational resources. To optimize resource
allocation, we define a resource demand index and prioritize
tasks with lower resource requirements to reduce waiting time
and enhance system flexibility. The resource demand index
ϵi is obtained as:

ϵi=
tci−ťc

t̂c−tci
(9)

where ťc and t̂c denote the minimum and maximum compu-
tational resource values, respectively. An increase in demand
leads to a higher index value.

3) Reverse Priority Score: Considering task importance,
urgency, and resource demand, the reverse priority score Sp

of task i is obtained as:

Sp
i =γi×δi×ϵi (10)

A lower reverse priority score indicates a higher priority
for task i. By adjusting the execution sequence of tasks in the
scheduling process, it can ensure both production efficiency
and personalized production requirements.

C. Objective Function

The Metric R is a comprehensive quantitative metric
that integrates several key factors to optimize system per-
formance. These factors include the time consumption of
production, data transition, and computations of tasks, and
the priorities of different tasks. By weighing these factors
in an integrated manner, R can effectively reflect the overall
operational efficiency and resource utilization of the system.
It is obtained as:

R=Tα+T β+Sp (11)

In summary, the objective function is to minimize (11),
thereby optimizing task scheduling and enhancing overall
production efficiency. To optimize the objective function and
thereby identify the most efficient production solution in a
3C manufacturing workshop, IGEA is proposed. The next
section introduces the implementation details of it.

III. IVY-GENETIC EVOLUTION ALGORITHM (IGEA)

IGEA improves upon Ivy Algorithm (IVYA) [14] by
embedding a genetic mutation process. It combines the
global search advantages of the IVYA with the evolutionary
mechanism [15], aiming to adaptively adjust the exploration
of the search space. IGEA can effectively avoid the local
optimum dilemma and enhance global search capability.

Algorithm 1 IGEA
Input: Ǐ , Î , α, β
Output: Best Fitness min(Cb)

1: Initialize population I1, ...Ii with (12).
2: Calculate growth vector gv1 , ...gvi with (13).
3: for it = 1 to Max Iteration do
4: Initialize new population.
5: for i in population do
6: Select neighbor f , calculate µ.
7: if Ci<µ×Cb then
8: Update Ii (neighbor-based) with (16).
9: else

10: Update Ii (global-best-based) with (17).
11: end if
12: Update gvi with (18)
13: Crossover and Mutation :
14: Use Ii as the first parent and select the second parent Ip

randomly.
15: Perform crossover at c = randi(1, D).
16: Generate Ici with (19).
17: if it mod 50 = 0 then
18: Generate Pm with (20) and update Ici with (22).
19: else
20: Generate Pm with (21) and update Ici with (22).
21: end if
22: Update fitness Ci with (23).
23: end for
24: Insert some rand positions with (12).
25: Merge and sort populations by fitness.
26: Select Cb with (24).
27: end for
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A. Initialization

The initialization phase of IGEA involves generating an
initial population, where each individual’s position in the
solution space is randomly selected, i.e.,

Ii=Ǐ+rand(1, D)⊙(Î−Ǐ) (12)

where Ii denotes the position of the individual i, which
is randomly generated within the search space boundaries
defined by the minimum Ǐ and maximum Î . Specifically,
the position is determined by a random vector rand(1, D)
with dimension D, ranging from [0,1]. To ensure that the
generated position stays within the valid range of the search
space, the Hadamard product ⊙ is used. Each individual is
assigned both a growth vector and a fitness value. The growth
vector gvi is obtained as:

gvi =
Ii

Î−Ǐ
(13)

The growth vector is dynamically updated based on the
individual’s position, reflecting the evolution process in the
search space. It indicates the relative change in the position
of the individual within the search space. Then, the fitness
value of each Ci is obtained as:

Ci=fo(Ii) (14)

where fo denotes the objective function. fo is obtained as 11,
which represents the quality of the solution. A lower fitness
value indicates a better solution. After the initialization phase,
IGEA proceeds to the population iteration stage.

B. Population Iteration

At the beginning of each generation’s main loop, IGEA
follows IVYA. It iterates through each individual in the
current population, updating its position and evaluating its
fitness. When updating positions, each individual compares
with the best individual and adjust its position. Interactions
between individuals enhance information exchange, enabling
effective exploration in the neighborhood. Based on this,
IGEA calculates a random coefficient µ for each individual,
i.e.,

µ=1+2×rand() (15)

where µ denotes the ratio coefficient for updating an indi-
vidual’s position and introduces randomness into the search
process. Then, the position update depends on the comparison
between the current individual’s fitness and the fitness of its
neighbor. Specifically, if Ci<µ×Cb , the new position Ii is
obtained as (16). Otherwise, the position is updated based on
the best individual Ib, using (17).

Ii=Ii+ |N(1, D)| ⊙(Ij−Ii)+N(1, D)⊙∆gvi (16)

Ii=Ib⊙(rand(1, D)+N(1, D)⊙∆gvi ) (17)

where Cb denotes the best fitness value. After each position
update, the growth vector is recalculated to ensure that it

reflects the latest evolutionary trend of the individual within
the search space, i.e.,

∆gvi (t+ 1) = rand2 ⊙ (N(1, D)⊙∆gvi (t)) (18)

Building on the population iteration, IGEA further intro-
duces crossover and mutation operations.

C. Crossover and Mutation

The introduction of the genetic operator is an innovation
in IGEA. Each undergoes genetic mutation after population
updating, which can further enhance population diversity
and ensure the algorithm’s effective exploration of optimal
solutions within the search space. For the crossover, IGEA
chooses Ii as the first parent and selects the second parent Ip

randomly. Then, it performs a crossover to generate offspring
in each iteration. The crossover point is randomly selected,
and the portions of the parent individuals before and after
the crossover point are combined to form new offspring, i.e.,

Ici=[Ii(1 : c), Ip(c+1 : D)] (19)

where Ici denotes the child and c denotes crossover points.
For mutation, the offspring undergoes a mutation opera-

tion. The key to mutation is the random selection of mutation
positions, followed by the generation of new values for
these positions. The formula to get the mutation position is
obtained as:

pm=randi([1, D], 1, α·D) (20)

pm=randi([1, D], 1, β·D) (21)

where pm denotes the mutation positions, α and β denote
the proportion of mutation position. α and β are key param-
eters controlling mutation strength. A smaller β is used for
local mutation and fine exploration, refining solutions near
promising areas. Every 50 iterations, a larger α is applied to
escape local optima, enhance global exploration, and prevent
premature convergence. Then, the individual can be updated
using pm, i.e.,

Ici (p
m)=Ǐ+(Î−Ǐ)×rand(1, length(pm)) (22)

After mutation, the system recalculates individual’s fitness
and selects the best one between Ici and Ii using (23).

Ci=min(fo(I
c
i ), fo(Ii)) (23)

D. Random Injection and Fitness Tracking

To enhance population diversity, IGEA periodically in-
troduces Ir of randomly generated individuals using (12).
These random individuals help prevent it from converging
too early and enhance the coverage of the search space. After
each generation, the best fitness of the current individual is
recorded, and relevant information is output, i.e.,

Cb=min(C) (24)

By tracking the changes in the best solution, IGEA gradually
approaches the global optimum. Through the embedding
of genetic operations, IGEA achieves a more diversified
exploration of the search space based on IVYA. Crossover
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and mutation operations effectively increase the diversity of
the population, while the proportion of mutations α and β
control the strength of the mutation, further enhancing its
global search capability. Finally, the details of IGEA are
shown in the algorithm 1.

IV. EXPERIMENTAL RESULTS AND DISCUSSION
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Fig. 2. Mutation Rate Parameters α and β.
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Experiments are conducted to simulate the real situation
of computational offloading in a smartphone manufacturing
workshop under an edge-cloud architecture. The specific
parameter settings are shown in Table II, while the parameter
settings of α and β for IGEA are illustrated in Fig. 2. It
reveals optimal performance when α is 0.5 and β is 0.4. Then,
we compare IGEA with five benchmark algorithms, including
GWO [16], PSO [17], STORA [18], AMGG [19] and SAEO
[20]. Fig. 3 shows the time consumed by those six algorithms
in each iteration under the scenario with 100 machines, 20
tasks, and each task comprising 3 operations. The results
show that after 1000 iterations, IGEA consumes significantly
less time than the other algorithms. Fig. 4 illustrates the
penalty values of the six algorithms under varying numbers
of machines, where the penalty value of IGEA is zero. This
indicates that IGEA can find effective solutions. In contrast,

PSO and GWO perform poorly with higher penalty values,
proving that they fail to meet all the constraints.
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Fig. 5. Cost v.s. O and M for IGEA.
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Fig. 5 shows the impact of changes in the number of ma-
chines and task operations on time consumption. The results
indicate that as the number of machines increases, the number
of idle machines also increases, thereby reducing the waiting
time required for task execution and consequently lowering
the time consumption. However, as the number of operations
increases, the total number of operations to be processed also
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TABLE II
PARAMETER SETTINGS FOR ALGORITHM CONFIGURATION

M T O to (ms) z (ms) tc (ms) td (mb) hm fm (GHz) fe (GHz) fc (GHz) se (Mbps) sc (Mbps)

100 20 3 [40, 180] [400, 3000] [100, 1000] [100, 1000] [0, 1] [10, 100] 2 × 104 2 × 106 103 102

rises, leading to an increase in time consumption. Fig. 6-8
show the time consumed by the six algorithms under different
numbers of machines, tasks, and operations, respectively. The
experimental results reveal that IGEA consistently maintains
the best performance in all scenarios.

V. CONCLUSIONS

With the rapid development of Internet of Things (IoT)
technology, its applications in computer, communication,
and consumer electronics (3C) manufacturing have expanded
significantly, driving transformative changes in the industry.
However, the large volume of complex computational tasks
generated by IoT devices during production poses major chal-
lenges for local industrial systems. To address this, this work
proposes a computation offloading strategy for manufacturing
workshops based on an edge-cloud architecture.A multi-
device edge-cloud framework integrating various smartphone
manufacturing equipment is first established. Within this
framework, an efficiency-oriented computation offloading
and task constraint optimization model is developed under
an industrial setting. By incorporating a time consumption
model and a scheduling model, the execution order of tasks
is adjusted according to their priorities to maximize produc-
tion efficiency.Furthermore, a novel intelligent optimization
algorithm, the Ivy-Genetic Evolution Algorithm (IGEA), is
introduced. By embedding genetic operators, IGEA enhances
randomness and global search capability. Experimental re-
sults demonstrate that IGEA significantly outperforms state-
of-the-art algorithms in optimizing production efficiency.

Future work will focus on integrating optimal edge selec-
tion strategies and deep learning-based search mechanisms
into IGEA, enabling more intelligent and automated produc-
tion processes. In addition, the adaptability and robustness
of IGEA across diverse manufacturing environments and
conditions will be evaluated to ensure stable performance in
various application scenarios.
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