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	 To resolve the contradictions in edge computing for technology services, such as a long 
resource scheduling time, an uneven load distribution, and the conflict between the limited 
resources of edge nodes and the requirements of low latency and high reliability for tasks, in this 
paper, we propose an edge computing resource-balanced scheduling algorithm for technology 
services that integrate a genetic–ant colony hybrid algorithm. First, an edge computing scenario 
is constructed on the basis of cloud distance, and an edge computing network architecture is 
established. The constraints on the cloud distance of nodes and data transmission rates are 
clarified, while a task model incorporating task priority classification and an edge computing 
node model are developed. Second, a multi-objective resource-balanced scheduling model is 
built by integrating task parameters and scheduling time. A hybrid strategy combining the 
genetic and ant colony algorithms is adopted to solve the model: the global search capability of 
the genetic algorithm is used to quickly locate the high-quality solution space, and then the local 
optimization advantage of the ant colony algorithm is employed to accurately optimize the 
scheduling scheme, achieving the dual goals of reducing the task execution time and realizing a 
balanced load distribution across the cluster. Finally, the performance of the algorithm is verified 
through simulation experiments. The results show that the proposed algorithm can effectively 
solve the problems of long resource scheduling time and uneven load distribution in edge 
computing for technology services, significantly reduce system energy consumption, improve 
system resource utilization, and fully meet the core requirements of low latency and high 
reliability for edge computing tasks. The algorithm proposed in this paper can directly provide 
low-latency and highly reliable computing offloading support for Internet of Things sensor 
terminals, optimize the real-time processing and transmission efficiency of sensor data, and 
enhance the deployment and application capabilities of sensing systems in technical service 
scenarios.
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1.	 Introduction

	  The rapid popularization of Internet of Things and sensor technology has generated massive 
amounts of sensing data in technical service scenarios such as smart homes, industrial IoT, smart 
cities, and telemedicine, creating an urgent demand for low-latency, highly reliable real-time 
processing.(1–3) With the rapid advancement of the IoT, 5th-Generation Mobile Networks 
communication, and AI technologies, the technology service industry is undergoing a profound 
digital transformation. Emerging application scenarios, including smart homes, industrial IoT, 
smart cities, and telemedicine, generate massive volumes of data.(4–6) These scenarios also 
impose stringent requirements on data processing, such as low latency, high bandwidth, robust 
security, and privacy preservation. The traditional centralized cloud computing paradigm, which 
transmits all data to remote cloud data centers for processing, is increasingly inadequate in 
meeting these demands—especially regarding network bandwidth constraints and data 
transmission latency.(7–9) As an emerging computing paradigm, edge computing effectively 
addresses the limitations of cloud computing by decentralizing computing, storage, and network 
resources to the network edge. This deployment places resources closer to data sources and end-
users, enabling local or near-edge data processing. This approach significantly reduces network 
transmission latency, alleviates bandwidth pressure on the core network, and enhances data 
privacy and security. Consequently, edge computing is recognized as a critical infrastructure to 
underpin the future development of the technology service industry.
	 Nevertheless, while edge computing offers substantial advantages, its inherent characteristics 
introduce new challenges. Unlike cloud data centers with nearly unlimited resources, edge 
computing nodes (e.g., edge servers, gateways, and intelligent devices) typically suffer from 
resource constraints, distributed heterogeneity, and dynamic changes in network environments. 
In the application scenarios of the technology service industry, tasks often exhibit varying 
priorities and Quality of Service requirements. How to efficiently and rationally schedule the 
influx of massive heterogeneous tasks to appropriate edge nodes for execution in such a complex 
and constrained environment has become an urgent core issue—namely, the edge computing 
resource scheduling problem.
	 As the data source, sensor terminals generate tasks characterized by strong real-time 
performance, high concurrency, and small data volume but high frequency, which poses higher 
requirements for resource allocation and the load balancing of edge nodes. Aiming at technical 
service scenarios with a large number of sensor terminals, we studied the balanced scheduling 
method of edge computing resources, aiming to improve the efficiency of sensor data processing 
and enhance the support capability of edge computing for the IoT perception layer.
	 The structure of this study is outlined as follows: A comprehensive review and critical 
analysis of the current state of relevant research both domestically and internationally is provided 
in Sect. 2. In Sect. 3, we elaborate in detail on the design of the hybrid algorithm proposed in this 
study, encompassing the system model, problem formulation, and algorithm workflow. In Sect. 
4, we validate and perform a comparative analysis of the performance of the proposed algorithm 
through simulation experiments. In Sect. 5, we summarize the entire study and provide prospects 
for future research directions.
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2.	 Current Status of Domestic and International Research

	 As a typical Non-deterministic Polynomial-hard problem, edge computing resource 
scheduling research mainly focuses on how to efficiently and evenly allocate limited resources 
to meet the low-latency and high-reliability requirements of tasks.  Studies based on traditional 
heuristic algorithms,(10) such as First-Come-First-Served (FCFS) and Shortest Job First (SJF), 
feature simple computation and fast response. However, they generally ignore multi-objective 
optimization, which easily leads to unbalanced node loads and degraded system performance. 
For instance, the Shortest Completion Time First (SCTF) strategy can optimize average latency 
but risks overloading high-performance nodes.  Studies based on meta-heuristic algorithms(11–13) 
provide approaches to obtain better solutions. Genetic Algorithms (GAs) are widely adopted 
owing to their strong global search capability, but they suffer from weak local search ability and 
a tendency for premature convergence. Ant Colony Optimization (ACO) performs excellently in 
path optimization through positive feedback mechanisms; however, in edge computing, its lack 
of initial pheromones results in slow convergence. Particle Swarm Optimization (PSO) and 
Simulated Annealing (SA) are also commonly applied, but they face issues such as being prone 
to local optima (for PSO) and high parameter sensitivity with slow convergence (for SA). Multi-
objective optimization research(14) has attracted increasing attention as application scenarios 
become more complex. Researchers have begun to consider multiple objectives simultaneously, 
including execution time, energy consumption, cost, and load balancing. Linear weighting 
methods or the concept of Pareto optimality are usually adopted. Hybrid algorithm research(15) 
has become a research hotspot to overcome the limitations of single algorithms. Domestic and 
international scholars have attempted to integrate different algorithms, for example, using GAs 
to generate initial populations and then applying PSO for fine-grained search, or introducing SA 
mechanisms into ACO to enhance global exploration capabilities. In particular, hybrid strategies 
combining GA and ACO have shown potential in combinatorial optimization problems. 
Nevertheless, the systematic application of such hybrid strategies to edge computing scenarios in 
the technology service industry is still insufficient. Existing studies mostly focus on minimizing 
latency or energy consumption, pay insufficient attention to the collaborative optimization of 
“load balancing” (a key objective), and lack comprehensive verification in heterogeneous and 
dynamic edge environments.  To summarize, although significant progress has been made in 
current edge computing resource scheduling research, the following major shortcomings remain:  
Most algorithms struggle to balance scheduling efficiency and solution quality.  The load 
balancing objective is often treated as a secondary factor and fails to deeply collaborate with 
core performance indicators.  Customized models and algorithms for the high heterogeneity and 
multi-priority characteristics of the technology service industry need further development. 
Moreover, existing studies rarely integrate scheduling algorithms with sensor terminals and IoT 
perception scenarios, and fail to fully consider the transmission and processing characteristics of 
sensor data. In this study, we aim to systematically address the above challenges by constructing 
a multi-objective balanced scheduling model that comprehensively considers task priority, 
node–cloud distance, and real-time load status, and designing a phased GA-ACO hybrid 
algorithm. 
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3.	 System Model and Problem Formulation

	 In this paper, an edge computing network architecture is constructed for technical service 
scenarios with a large number of sensor terminals. The terminal device layer consists of various 
IoT sensors, cameras, intelligent acquisition devices, and so forth, which are responsible for 
continuously generating perception data and computing tasks. We constructed a three-tier edge 
computing architecture, consisting of a cloud center, an edge layer, and a terminal device layer, 
as shown in Fig. 1.  
	 •	 Terminal Device Layer: Composed of various IoT devices, it is responsible for generating 

computing tasks.  
	 •	 Edge Layer: This consists of multiple geographically distributed edge nodes (ENs). Each EN 

is a small server or gateway with certain computing and storage capabilities, and nodes are 
interconnected via local area networks (LANs) or high-speed networks.  

	 •	 Cloud Center: Equipped with nearly unlimited computing and storage resources, it handles 
non-real-time, computationally intensive tasks and performs global management.  

	 To quantify network transmission performance, in this study, we introduce the concept of 
“cloud distance”. It is not a pure geographical distance but a logical distance that integrates 

Fig. 1.	 (Color online) Three-tier edge computing architecture.
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network hops, bandwidth, and latency. Tasks are usually scheduled in the edge layer first; 
offloading to the cloud center is only considered when edge layer resources cannot meet the 
requirements.
(1)	Task Model
	 Assume there is a set of independent tasks T = {T1, T2, ..., Tn} to be scheduled. Each task Ti 
can be described by a 4-tuple:Ti = (Di, Ci, Pi, DLi), where  
Di: input data volume of the task (in MB);  
Ci: total computing resources required to complete the task (in CPU cycles);  
Pi: task priority, divided into three levels (high, medium, and low, which can be represented by 
3, 2, 1, for example). High-priority tasks (e.g., emergency alerts) need to be scheduled and 
executed first;  
DLi: maximum tolerable delay of the task (in seconds).  
(2)	EN Model
	 Assume there is a set of ENs EN = {EN1, EN2, ..., ENm}. Each edge node ENj can be described 
by a 4-tuple: ENj = (Fj, Mj, Bj, Lj

current), where  
Fj: computing capability of the node (in CPU cycles per second);  
Mj: available memory of the node (in MB);  
Bj: data transmission rate between the node and the task request source (in MB per second), 
which is related to “cloud distance”;  
Lj

current: current load status of the node, which can be measured using the current CPU utilization 
or the length of the task queue being executed.  
(3)	Multi-objective Resource-balanced Scheduling Model
	 In this paper, resource scheduling refers to the process of rationally allocating computing 
tasks to ENs. The technology service industry refers to the service industry centered on data 
processing, intelligent perception, and real-time services. ENs refer to edge computing devices 
close to data sources. We define the edge computing resource-balanced scheduling problem as a 
combinatorial optimization problem of assigning tasks to optimal ENs, with objectives of task 
execution time and load balancing degree, under the constraints of task delay and node resources.
	 Our goal is to find an optimal task-to-node mapping S: T-> EN, while optimizing the 
following two objectives:  

Objective 1: Minimize Total Task Execution Time

	 The execution time ETij of task Ti on node ENj includes the transmission time Transij and the 
computing time Compij:  

	 Transij = Di/Bj,	 (1)

	 Compij = Ci/Fj,	 (2)

	 ETij = Transij + Compij.	 (3)
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	 The total execution time objective function F1 is defined as the weighted sum of the execution 
times of all tasks, with the weight being the task priority Pi. This ensures that high-priority tasks 
contribute more to the total time, thereby prompting their faster completion:

	 1
1 1

min
n m

ij i ij
i j

F x P ET
= =

= ⋅⋅∑∑ 	 (4)

Objective 2: Achieve System Load Balancing  

	 The variance of the load rates of all ENs is used to measure the system’s load balancing 
degree. The load rate Loadj of node ENj is the ratio of its total computing demand to its total 
computing capability:  
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	 The load balancing objective function F2 is defined as  
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where Load  is the average load rate of all nodes. 
	 Finally, this problem is modeled as a bi-objective optimization problem: Minimize(F1, F2). 
For ease of solution, we used the linear weighting method to convert it into a single-objective 
problem and defined the comprehensive objective function as  

	 1 2

1 2
,norm norm

F FF
F F

α β= ⋅ + ⋅ 	 (7)

where α and β are weight coefficients α + β = 1, and F1
norm and F2

norm are normalization factors 
used to eliminate the effect of dimensions.  

4.	 Resource-balanced Scheduling Algorithm Based on Hybrid Genetic–Ant 
Colony Optimization Algorithm

	 The steps of the proposed resource-balanced scheduling algorithm based on the genetic–ant 
colony hybrid algorithm are as follows.
Step 1:	 Initialize all parameters required for the operation of the genetic and ant colony 

optimization  algorithms.  
Step 2:	 The genetic algorithm performs global search through selection, crossover, and mutation 

operations to generate a high-quality initial solution set.  
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Step 3:	 Convert the high-quality solution set obtained by the genetic algorithm into pheromones 
to initialize the pheromone matrix of the ant colony optimization algorithm.  

Step 4:	 On the basis of the initialized pheromones, the ant colony optimization algorithm 
conducts local fine-grained optimization through ant path construction and pheromone 
positive feedback mechanisms.  

Step 5:	 Output the globally optimal task scheduling scheme obtained after optimization by the 
ant colony optimization algorithm.  

Step 6:	 The algorithm terminates and the scheduling is completed.

4.1	 Global exploration of genetic algorithm

	 In the global exploration phase of the genetic algorithm, integer encoding is adopted, where 
the length of each chromosome equals the number of tasks, n, and a value j at gene position i 
indicates that task Ti is assigned to EN ENj. The initial population is generated randomly, with 
each chromosome strictly satisfying constraints such as resource limitations. The fitness 
function is defined as Fitness = 1/F, where F represents the comprehensive objective function 
defined above; a smaller F corresponds to a higher fitness value. Selection is performed through 
roulette wheel selection, ensuring that individuals with higher fitness have a greater probability 
of being selected for the next generation. Crossover operation employs two-point crossover, 
where segments of two parent chromosomes are exchanged at a certain probability to produce 
new offspring. Mutation operation involves randomly altering the value of a gene in the 
chromosome (i.e., reassigning a task to a different node) with a low probability. The GA phase 
terminates after reaching a preset number of iterations and outputs a set of individuals with the 
highest fitness in the current generation (elite solution set).
	 The pseudocode of the algorithm is shown in Algorithm 1.

4.2	 Pheromone matrix initialization

	 This is a key step in the hybrid algorithm. Unlike traditional ACO, which starts with a 
uniform pheromone matrix, this algorithm leverages the exploration results of GA: it converts 
the elite solution set obtained by GA into paths, and then initializes the pheromone matrix τij 

Algorithm 1
Input: Number of tasks n, node list nodes, population size popSize, maximum number of iterations maxIter, 
crossover probability crossP, mutation probability mutateP, number of elites eliteSize
Output: Elite solution set (the eliteSize allocation schemes with the highest fitness)
function GA(n, nodes, popSize, maxIter, crossP, mutateP, eliteSize):
	 population = InitPopulation(n, nodes, popSize)
	 for i = 1 to maxIter:
		  fitness = CalcFitness(population)
		  selected = RouletteSelection(population, fitness, popSize)
		  offspring = TwoPointCrossover(selected, crossP)
		  offspring = Mutate(offspring, nodes, mutateP)
		  population = offspring
	 return SelectElites(population, fitness, eliteSize)



2294	 Sensors and Materials, Vol. 38, No. 4 (2026)

based on the quality of these elite paths. Here, τij represents the degree of expectation for 
assigning task Ti to EN ENj.

4.3	 Pheromone matrix initialization

4.3.1	 Solution construction 

	 Each ant constructs a scheduling scheme for a sequence of tasks. The probability that ant k 
selects node ENj for task Ti is determined using the following formula:  

	
[ ] [ ]

if ,
[ ] [ ]

k

ij ijk
ij

il ill allowed
kp lj a lowed

α β

α β

τ η

τ η
∈

∈
⋅

=
⋅∑
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where τij is the pheromone concentration on edge (i, j); ηij is the heuristic information, defined 
here as 1/(Pi ∙ ETij) (indicating priority for nodes that can process high-priority tasks faster); α 
and β are the parameters controlling the relative importance of pheromone and heuristic 
information;  and allowedk is the set of nodes that ant k can currently select and that satisfy 
resource constraints.

4.3.2	 Pheromone Update  

	 Local Update:  
	 After an ant assigns a task, local pheromone evaporation is performed on the corresponding 
edge to prevent all ants from converging to the same path too quickly:  

	 (1 ) .ij ijτ ρ τ= − ⋅ 	 (9)

4.3.3	 Global Update 

	 After all ants have constructed complete paths, global pheromone enhancement is only 
performed on the optimal path of the current iteration (or the paths of elite ants), where 
τij = τij + Δij, Δij is proportional to the fitness value of the optimal path.  
	 The ACO phase terminates after reaching the preset number of iterations and outputs the 
globally optimal scheduling scheme found by the entire hybrid algorithm.  
	 The pseudocode of the algorithm is shown in Algorithm 2.

5.	 Experimental Simulation Results and Analysis

	 To verify the effectiveness and superiority of the proposed hybrid GA-ACO algorithm, 
simulation experiments were conducted, comparing it with the standard GA,(16) standard 
ACO,(17) and the Minimum Completion Time-first algorithm (Min-CT).(18)  
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5.1	 Experimental environment and parameter settings

	 The edge computing simulation environment was built using Python with the SimPy 
discrete-event simulation library. A system containing 1 cloud center and 10 heterogeneous ENs 
was simulated. The computing capability Fj of nodes was randomly generated within the range 
[2.0, 5.0] GHz and the memory Mj within [8, 32] GB. The data transmission rate Bj was 
negatively correlated with cloud distance, varying in the range [10, 100] Mbps. Tasks arrived 
randomly, with the number of tasks ranging from 100 to 1000 to test algorithm performance 
under different scales. The task data volume Di~ U[10, 500]MB, the computational load Ci~ 
U[1000, 20000]MI, and priorities were assigned randomly.  
	 Algorithm parameters:  
GA: Population size popSize = 50, maximum iterations maxIter = 100, crossover probability 
crossP = 0.8, mutation probability mutateP = 0.1.  
ACO: Number of ants antNum = 30, maximum iterations maxIter = 100, α = 1, β = 2, ρ= 0.5.  
GA-ACO: 50 iterations in the GA phase and 50 iterations in the ACO phase; weight coefficients 
α = 0.7, 1 − α = 0.3.

5.2	 Results and analysis

5.2.1	 Comparison of comprehensive performance 

	 In a typical scenario with 500 tasks, the performance comparison of the four algorithms is 
shown in Table 1.

Algorithm 2
Input: Number of tasks n, nodes nodes, number of ants antNum, number of iterations maxIter, parameters α,β,ρ, 
number of elites eliteNum  
Output: Globally optimal scheduling scheme
function ACO(n, nodes, antNum, maxIter, α, β, ρ, eliteNum):
	 τ = InitPheromone(n, nodes)
	 globalBest = null; globalBestFitness = ∞
	 for iter = 1 to maxIter:
		  solutions = []
		  for ant = 1 to antNum:
			   solution = []; allowed = InitAllowed(nodes)
			   for i = 1 to n:
				    probs = CalcProb(i, allowed, τ, α, β, nodes)
				    j = SelectNode(probs)
				    solution.append((i,j))
				    allowed = UpdateAllowed(allowed, j, i)
				    τ = LocalUpdate(τ, i, j, ρ)
			   solutions.append(solution)
		  fitness = CalcFitness(solutions)
		  currentBest = SelectBest(solutions, fitness)
		  if currentBest.fitness < globalBestFitness:
			   globalBest = currentBest
		  τ = GlobalUpdate(τ, SelectElites(solutions, fitness, eliteNum))
	 return globalBest
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	 The proposed GA-ACO hybrid algorithm outperforms the comparison algorithms in all 
performance metrics. Compared with Min-CT, GA-ACO reduces the average execution time by 
approximately 28.7%, improves the load balancing degree by about 60.5%, and decreases energy 
consumption by around 18.6%. This demonstrates the necessity of optimized scheduling for 
enhancing the overall system performance.  
	 Compared with the single GA and ACO, the comprehensive objective value of GA-ACO is 
reduced by 20 and 14.6%, respectively. This verifies the effectiveness of the hybrid strategy: the 
global exploration of GA provides a high-quality starting point for ACO, avoiding the blind 
search of ACO in the initial stage, while the local optimization of ACO refines the rough results 
of GA, leading to better solutions.
	 The algorithm proposed in this paper is only verified through simulation and has not been 
deployed on real edge computing hardware or sensor nodes. In practical systems, the 
performance improvement may decrease slightly owing to factors such as hardware performance, 
network fluctuations, and sensor sampling frequency, but the overall optimization trend remains 
consistent. The proposed framework is feasible for engineering implementation, can be deployed 
on general-purpose edge servers and IoT gateways, and supports the real-time offloading and 
processing of sensor data.

5.2.2	 Comparison of comprehensive performance 

	 A curve depicting the variation inthe comprehensive objective value F with the number of 
iterations during the solution process of the three meta-heuristic algorithms is plotted. The 
F-value is the comprehensive evaluation metric designed in this paper, which is used to 
uniformly measure the overall performance of task execution time, load balancing degree, and 
energy consumption. A smaller value indicates a higher scheduling performance. The vertical 
axis “Index value” in Fig. 2 refers to the value of this comprehensive metric.
	 The simulation results in Fig. 2 show that the GA curve declines rapidly in the initial stage, 
demonstrating strong global exploration capability, but tends to flatten in the middle and later 
stages, falling into local optima with slow improvement. The ACO curve declines slowly in the 
initial stage owing to the time required for pheromone accumulation, while its convergence  
accelerates in the middle and later stages. The GA-ACO curve exhibits a two-stage efficient 
convergence: it drops rapidly in the first 0–50 generations (GA phase); after 50 generations 
(ACO phase), it continues to decrease rapidly from the high starting point provided by GA, and 
finally converges to a value that is better than both GA and ACO. This intuitively illustrates the 
perfect connection and complementary advantages of the two phases.  

Table 1
Performance comparison of the four algorithms.

Algorithm Comprehensive 
objective (F)

Average execution 
time (s)

Load balancing 
standard deviation

System energy 
consumption (kJ)

Min-CT 1.25 45.6 0.38 58.7
Standard GA 0.95 38.2 0.25 52.1
Standard ACO 0.89 36.8 0.21 50.5
Proposed GA-ACO 0.76 32.5 0.15 47.8
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	 The simulation results fully indicate that the proposed genetic–ant colony hybrid algorithm 
can significantly improve the quality of scheduling schemes, achieving the efficient convergence  
and the highest performance in multiple key indicators, such as task execution time, load 
balancing, and system energy consumption. Through the two-stage hybrid strategy, it overcomes 
the defects of single algorithms and realizes fast and high-quality convergence.

6.	 Conclusions

	 In this paper, we focused on the technical service IoT scenarios involving sensor terminals 
and investigated the balanced scheduling method for edge computing resources. The proposed 
algorithm can optimize the delay of sensor data processing and improve the load balancing level 
of ENs, which is of practical significance for enhancing the real-time performance and reliability 
of sensing systems. We conducted an in-depth study and exploration on the resource scheduling 
challenges existing in the edge computing environment of the technical service industry, such as 
long scheduling time, unbalanced load, and resource constraints. The main work completed is as 
follows: A practical system model is constructed: an edge computing system model incorporating 
cloud distance constraints, task priority, and node heterogeneity is established, making the 
problem description more in line with the application scenarios of the technical service industry. 
A multi-objective optimization model is built: by taking the weighted task execution time and 
load balancing degree as dual optimization objectives, the problem of edge computing resource-
balanced scheduling is defined in a formal way. A genetic–ant colony hybrid algorithm is 

Fig. 2.	 (Color online) Comprehensive objective value F with the number of iterations.
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designed and implemented: the global exploration capability of the genetic algorithm is 
innovatively combined with the local optimization advantages of the ant colony algorithm. By 
using the search results of GA to initialize the pheromone matrix of ACO, a high starting point 
search space is provided for ACO, thus accelerating convergence and finding a higher-quality 
scheduling scheme. Comprehensive experimental verification is carried out: through simulation 
experiments and comparison with a variety of classic algorithms, the results show that the 
proposed algorithm has significant advantages in reducing task delay, achieving load balancing 
and lowering system energy consumption, which verifies its effectiveness and superiority. This 
paper has the following limitations: validation is only conducted in a simulation environment 
without actual testing on real edge hardware and sensor platforms; dynamic node failure and 
large-scale sudden task scenarios are not considered; and the algorithm complexity increases 
rapidly with the scale of tasks. In the future,  we will carry out experimental research in real IoT 
sensing scenarios to optimize the real-time performance and robustness of the algorithm. The 
research results provide an efficient and reliable solution for solving the problem of edge 
computing resource scheduling in the technical service industry and have positive reference 
value for promoting the practical application of edge computing in the technical service industry 
with high requirements for real-time performance and reliability.
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