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Abstract Optimize the allocation of community continuing education resources to improve the community 
humanistic environment. This paper counts the amount of community continuing education resources, analyzes the 
efficiency objective and equity objective of resource allocation. And design the continuing education resource 
system based on optimization algorithm. Select the genetic algorithm as the optimal configuration scheme solving 
algorithm, use the genetic principle to be configured resources to solve the unknown real number form coding. Find 
the optimal solution of the configuration scheme through the process of generating the initial population and defining 
the fitness function. Integrate adaptive mutation and small habitat technology to improve the genetic algorithm and 
improve the performance of the algorithm. The results show that the improved genetic algorithm achieves the 
convergence of the objective function value at 90 iterations. The convergence time of the algorithm is no more than 
1500s in all three community resource allocation solutions. The results of the five characteristic indexes are high, 
high, low, high, and high, respectively. The average configuration cost is only 78.215*103 yuan, which is lower than 
the comparison algorithm, and it has performance advantages such as fast convergence speed and low solution 
cost. 
 
Index Terms continuing education resource allocation, genetic algorithm, optimization algorithm, fitness function, 
small habitat technology 

I. Introduction 
Community education is a kind of educational activity for community residents, and its core objective is to improve 
the comprehensive quality of community members and enhance the cohesion and vitality of the community [1]. 
Community education emphasizes tailored education so that residents of different age classes and cultural 
backgrounds can participate in and benefit from it [2]. For example, adult education programs can help middle- and 
low-age workers learn new skills, organize multicultural experience activities to enhance neighborhood 
communication, and offer parent-child seminars to promote family education [3]-[5]. It is undeniable that in today's 
era of education for all, community education plays a prominent role in enhancing the comprehensive quality of all 
people and ensuring the harmonious and stable development of the community [6], [7]. 

However, the healthy development of community education cannot be separated from the input of a large amount 
of educational resources, otherwise the development of community resources will be limited [8]. Due to the influence 
of the urban-rural dualistic system and the imbalance between urban and rural economic development, some 
regional communities are currently facing a serious resource allocation imbalance in educational practice [9], [10]. 
That is, there is a lack of community education resources that can be utilized in community education work, which 
makes it impossible for community education work in some areas to be carried out smoothly [11], [12]. By optimizing 
the allocation of continuing education resources in areas with a lack of educational resources, it can ensure that the 
community education work in the region has educational resources that can be adequately utilized, which can avoid 
limiting the smooth development of community education work due to the lack of community education resources 
[13]-[16]. Therefore, combining the optimization algorithm to strengthen the optimal allocation of community 
education resources can effectively clear the obstacles to the development of community education in the region 
and greatly promote the fairness of community education [17], [18]. 

Based on the results of the analysis of the importance of the optimal allocation of community continuing education 
resources, this paper establishes a resource allocation system containing six modules to achieve the orderly 
allocation of resources at all levels of the community. Genetic algorithm is introduced to solve the system resource 
allocation optimization scheme. Real number coding is applied to the unknown number of resource allocation to 
solve the problem of upper and lower limits of allocation ratio. Define the fitness function to improve the efficiency 
of allocation optimization, and calculate the individual fitness to find the optimal solution through the steps of 
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selection, crossover and mutation. Under the premise of variable and parameter restriction, adaptive mutation and 
small habitat improvement of genetic algorithm are carried out to improve the algorithm's effect of finding the 
optimum. The performance of the improved algorithm is verified by combining the case of continuing education 
resource allocation in specific communities. 

II. Analysis of community continuing education resource allocation based on genetic 
algorithm 

This part constructs a resource allocation system from the specific objectives of community continuing education 
resources and introduces a genetic algorithm to solve the resource allocation scheme. 
 
II. A. Analysis of continuing education resources 
II. A. 1) Meaning of continuing education resources 
Continuing education resources are an integral part of educational resources. Educational resources refers to the 
social and economic resources, input into the educational process of human resources, material resources, financial 
resources, information and time resources, including human resources, material resources, financial resources, 
information resources, time and space resources, power resources, cultural resources, policy resources, 
relationship resources, institutional resources and so on, which constitute a complete system of educational 
resources. Continuing education resources are at the same time an integral part of education resources, which is a 
new thing along with social development and the application of modern information technology in education. The 
understanding of continuing education resources in this paper is based on its origin with education resources. Like 
educational resources, continuing education resources can also be understood from two perspectives: broad and 
narrow. 

Resources for continuing education in the broad sense can be understood as all human resources and non-
human resources related to teaching and learning in continuing education, which not only refers to the information 
of teaching and learning in continuing education itself, but also refers to the human, material, financial and 
technological factors related to it, including the equipment and materials, personnel, information and facilities used 
in the process of teaching and learning. 

Continuing education resources in a narrow sense refer to information resources directly used in continuing 
education teaching, including education and teaching management information resources, information resources 
related to education and teaching research, education and teaching basic information resources, and information 
resources of modernized education and teaching means. 

In this paper, the broad concept of continuing education resources is mainly adopted. Because the broad concept 
of continuing education resources is more conducive to the “system” point of view to the configuration and 
management of continuing education resources, not only includes the information and its carrier, but also reflects 
the information collection, transmission, processing, storage and utilization of the capacity and development 
potential. However, when studying the configuration of continuing education information itself, the concept of 
continuing education resources in the narrower sense is still used. 

 
II. A. 2) Objectives of resourcing continuing education 
Like the goal of educational resource allocation, the goal of continuing education resource allocation is to maximize 
the welfare of social resources. For continuing education resource allocation, the maximization of resource welfare 
is manifested in two aspects: one is to achieve the efficiency goal of continuing education resource allocation, 
continuing education resource allocation should not only correspond to the user's educational needs but also 
correspond to the user's effective resource needs. This requires that continuing education resource allocation 
should be clustered around demand. Continuing education resources, whether it is time, space configuration, or 
variety, quantity configuration, need to maximize to meet the demand for continuing education at all levels, with as 
little as possible labor and material consumption to obtain more products in line with the needs of the community, 
continuing education resources to produce greater social and economic benefits to the group tilt. Secondly, to realize 
the fairness goal of the allocation of continuing education resources, the allocation of continuing education 
resources should ensure that everyone has the right to obtain continuing education resources on an equal basis. 
This requires that the allocation of continuing education resources should seek to serve everyone with all the 
continuing education resources created by mankind, to achieve a balance in the per capita possession of continuing 
education resources, and to ensure that community users have the opportunity to access continuing education 
resources. 
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II. B. Overall System Architecture Design 
Figure 1 shows the overall structure of the continuing education resource allocation system. Among the modules in 
Figure 1, continuing education information resource allocation is the core module of the system. It mainly includes 
the following steps: 1) Community service center administrator logs into the main service center and submits 
resource demand information; 2) the main service center searches for resources according to the demand 
information and returns the resource list; 3) the community service center administrator selects the required 
resources; 4) the main service center generates the resource allocation plan according to the required resources of 
the community service center; 5) the administrator of the main service center audits the resource allocation plan If 
the audit passes, the corresponding resources will be packaged (the resource package includes the resource entity 
and the XML file containing the resource details), and the community service center administrator is authorized to 
notify the community service center administrator to download or copy the configured resources; 6) the community 
service center administrator batch exports the configured resources and batch imports them into the community 
service center. 

Education Resource Allocation 
and Optimisation System

Batch import of 
configuration resources

Configuration 
resources batch export

Educational 
Information Resource 

Allocation

Teaching environment 
hardware and software 

configuration

Resource allocation 
programme 
optimisation

 

Figure 1: Overall Structure of the system 

II. C. Genetic Algorithm Adaptation Analysis 
Figure 2 shows the genetic algorithm process. It specifically includes the following steps: 

1) Real number coding 
Genetic algorithm is the use of the principle of heredity after a series of processes such as recombination, 

mutation, etc., the generation of offspring from the parent generation, and ultimately get the optimal result of the 
process. In order to complete the genetic process, the need to solve the unknown number of coding, so that it has 
the nature of the chromosome, the unknown number of the actual form of the phenotype, coding to give its genotype, 
to be established through the coding of the phenotype to genotype mapping. Genetic algorithm coding in various 
forms, such as binary coding, Gray coding, symbolic coding, real number coding and so on. In this paper, the 
unknown is the asset's resource allocation ratio 

itx  , in order to simplify the coding process and improve the 
efficiency of the solution, real number coding is chosen. The genotype of real number coding is expressed by the 
real value, i.e., the real value of the resource allocation proportion, and it can also set upper and lower limits for the 
decision variables, which can better solve the problem of upper and lower limits of the resource allocation proportion. 

2) Population initialization 
The genetic algorithm generates an initial population based on the selected coding form, and a population 

contains the values of decision variables generated by real number coding. In order to maintain the richness of the 
initial population and ensure the convergence speed, this paper chooses to use 25 initial populations for evolution. 

3) Fitness function 
The genetic algorithm needs to define the fitness function to judge the advantages and disadvantages of different 

decision variables, and if the solution objective contains constraints, the penalty function should be set at this stage 
to penalize the decision variables that do not comply with it. 

Assuming that there are constraints in this paper: 10

1
1iti

x


 , but there are a total of 10 decision variables in this 

paper, and if 10 decision variables are randomly generated, the constraints will be unsatisfied in most of the cases, 
which will make the algorithm less efficient, and the probability of finding the global optimum will be reduced. 
Therefore, in order to solve this part of the situation, this paper chooses to change the decision variables to 9, then 
the last random variable will be derived from 9

1
1 iti

x


 . At this point, the constraint of the fitness function will 
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change from the harsh equality constraint 10

1
1iti

x


  to the loose inequality constraint 9

1
1 0iti

x


  , which will 

substantially improve the optimization efficiency. 
At the same time, due to the specificity of the process of resource allocation accumulation, the process of resource 

allocation accumulation will have the problem of not being of the same order of magnitude as the semi-absolute 
deviation. If a single coefficient is used for weighting, there will be the same situation that the objective is too much 
concentrated on the total allocation objective. Therefore, when performing bi-objective weighting, the weighting 
cannot simply be performed using a single coefficient 

t , but should be optimized after eliminating the order of 

magnitude difference. The approach adopted in this paper is to normalize both 
its  and 

t  using the following 

formula so that both indicators are within the range of  0,1 . At the same time, when maximizing the allocation, it is 

assumed that each inflow of resources is equally scaled down to 1 category, which is only included in the calculation 
of 

tW  after the optimal resource allocation is finally arrived at, and is covered to the next optimization period. By 

applying the above method, this paper eliminates the order-of-magnitude inconsistency problem that occurs in bi-
objective weighting. In this case, the fitness function will become: 
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The constraint function becomes: 
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4) Selection 
In order to carry out the cross mutation from parent to offspring more efficiently, the genetic algorithm does not 

take all the individuals of the initial total population as the parent, but selects some of the excellent populations as 
the parent. In this paper, we adopt the “roulette” selection method, which uses individual fitness to judge whether 
the parent is excellent or not, and the probability of an individual being selected as the parent for cross-mutation is 
determined by the proportion of its fitness to that of the individuals in the total population. Assuming that an individual 
is i , its fitness is 

iF , and there are a total of n  individuals in the population, the probability that it is selected is: 

 
1

i
i n

ii

F
P

F





 (4) 

5) Crossover 
After selecting the parents of the initial population, the genetic algorithm allows the parents to crossover, i.e., to 

exchange genotypes in some way to generate offspring. In this paper, we use a crossover operator suitable for real 
number coding - discrete crossover recombination, i.e., the amount of parental individual change is randomly 
selected proportionally from the changes in the offspring to form the number of independent offspring. 

6) Variation 
Like the laws of nature, the new individual genes after crossover will be deformed. Genetic algorithms have a 

variety of mutation operators, such as basic bit mutation, balanced change, boundary deformation, unbalanced 
mutation and so on. In this paper, we use balanced deformation, which is to replace the original gene position of 
each locus in the genotype with a probability of 0.06 in the  0,1  interval random number. 
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A new population is obtained by selection, crossover, and mutation, and individual fitness is recalculated. If the 
result converges and reaches the optimum value, the genetic algorithm stops; if it does not converge, selection, 
crossover, and mutation are repeated until an optimal solution is found. 

Beginning of serial genetic algorithms

Generate initial population

Calculate and evaluate the fitness of 
individuals in the population

Perform operations: selection - 
recombination - mutation

Retention of the best individuals to 
produce a new generation of population

Termination conditions met?

Output results

Y

N

 

Figure 2: Genetic algorithm process 

II. D. Improvement of the genetic algorithm 
II. D. 1) Adaptive mutation 
The improvement of the genetic algorithm in this paper is to utilize the existing variables to achieve the adaptive 
effect. Adaptive variation usually implies dynamically adjusting the probability of variation  mP  according to certain 

conditions, but without the restriction of adding new variables and parameters, the probability of variation is 
influenced by pre-existing information, such as the index  i   of an individual. Adaptive methods assume that 

individuals in a population are ordered according to a certain quality or fitness, which can be such that individuals 
at the front of the list (usually assumed to be the more fit individuals) have a lower probability of variation, while 
those at the back of the list (the less fit individuals) have a higher probability of variation. Such adaptive tuning can 
encourage more mutation attempts on less well-adapted individuals, using the existing i  and NSel (total number 
of individuals) to adjust the mutation probability. The specific adaptive scheme may be adjusted according to the 
actual genetic algorithm and problem requirements. 
 
II. D. 2) Small habitat improvements 
The goal of integrating small habitat techniques in genetic algorithms is to increase the diversity of the algorithm 
and to prevent premature convergence while maintaining the algorithm's search capability. One approach, without 
introducing new variables and parameters, is to apply the concept of microhabitats in the selection and reinsertion 
phases to maintain intra-population diversity. The improvement of the genetic algorithm in this paper will be adapted 
within the existing framework, especially in the implementation of Select and Reinsertion. 

For the Select and Reins functions, there is a need to ensure that these functions maintain diversity. This typically 
involves favoring the selection of diverse individuals in the Select process and maintaining diversity between old 
and new populations in the Reinsert process. In order to enhance the implementation of the microhabitat technique, 
this paper requires details of the internal implementation of the functions, such as implicitly increasing diversity 
during the selection and reinsertion phases, but the exact implementation still relies on the internal details of the 
functions. 
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Selection phase: ensure that the selection process is not only based on fitness, but also takes into account the 
variability between individuals. This is done by including diversity judgments in tournament selection, or by adding 
additional selection probabilities for individuals with high variability in roulette selection. 

Re-insertion phase: when re-inserting new individuals into the population, consider the variability between 
individuals to ensure that the new population maintains a certain level of diversity. For example, first compare the 
differences between old and new individuals, then prioritize the retention of those individuals that bring new 
characteristics to the population. 

III. Community Continuing Education Resource Allocation Practice Based on Improved 
Genetic Algorithm 

In this part, the proposed improved genetic algorithm is applied to the allocation of continuing education resources 
in different communities to compare the performance advantages of the algorithm and its practical application effects. 
 
III. A. Statistics on resources for continuing education infrastructure 
III. A. 1) Statistics on the value of fixed assets and teaching equipment 
Continuing education resource allocation in 12 communities in T city is taken as the research object. The continuing 
education resources of each community are counted to provide a data basis for the subsequent allocation of 
continuing education resources based on the results of genetic algorithm optimization. Figure 3 shows the values 
of fixed assets and teaching equipment owned by the 12 communities. The total value of fixed assets of continuing 
education resources in the 12 communities in T city is 1606*104 yuan, of which teaching equipment is worth 
120.8*104 yuan. Community 1 invested the most in fixed assets and instructional equipment in continuing education 
resources at 170*104 yuan and 14*104 yuan, respectively. Community 12 invested the least in continuing education 
resources, with fixed assets of only 115*104 yuan and teaching equipment valued at 7.1*104 yuan. The differences 
in fixed assets and teaching equipment among the 12 communities in continuing education resources are related 
to the resident population as well as the foreign population of each community, and the actual level of development 
of the community. 

 

Figure 3: The value of community fixed assets and teaching equipment 

III. A. 2) Statistics on the size of schools and school premises 
The area of continuing education schools and the area of school buildings in the 12 communities are summarized 
in Figure 4. Of the 12 communities in T, Community 3 has the largest continuing education school area and school 
building area at 13.2km² and 3.34km². This is followed by Community 2 with 12.1km² and 2.78km². Again, 
Community 1 with 10.3km² and 2.31km². The higher demand for continuing education resources in Communities 1, 
2, and 3 may be related to the size of these three communities as well as their larger populations. 
III. A. 3) Statistics on the number of books in the collection 
Figure 5 shows the statistical results of the number of books in the collections of continuing education schools in 
12 communities. Community 1 has a collection of 6.11*104 books, while the remaining 11 communities have 
collections ranging from 5.97*104 to 5.57*104 books. In general, the number of books in the collections of the 
continuing education schools in the 12 communities does not vary much, which may be related to the fact that the 
schools mainly purchase books according to the book list given by the Ministry of Education. 
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Figure 4: Statistics of school area and school building area 

 

Figure 5: The number of books collected 

III. B. Algorithm iteration number setting 
Combining the continuing education resources in 12 communities and the proposed improved genetic algorithm, 
the continuing education resource allocation model is established. In order to test the performance of the improved 
genetic algorithm and determine the optimal number of iterations, this section utilizes the genetic algorithm to find 
the optimal solution for the allocation of continuing education resources in the communities. Figure 6 represents the 
change of the objective function value with the number of genetic generations during the training process of the 
algorithm. If the value is smaller, the algorithm performance is better, if the value is larger, the algorithm performance 
is worse. At 90 iterations, the objective function value has converged, indicating the effectiveness and feasibility of 
the algorithm. In the subsequent practical applications and calculations, setting the number of iterations to 90 can 
meet the requirements. 

 

Figure 6: Variation of the objective function value with the number of inheritance 

III. C. Algorithm Performance Comparison 
III. C. 1) Convergence time comparison 
Taking the allocation of continuing education resources in Communities 1, 2 and 3, which have the most continuing 
education resources and the highest demand, as a case study, we compare the performance advantages of the 
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improved genetic algorithm proposed in this paper among different algorithms, and determine that it is able to play 
a role in optimizing the allocation of resources in the community education governance framework. 

A total of nine algorithms, namely, Taboo Search (TS), Simulated Annealing (SA), Intelligent Algorithm (IA), Ant 
Colony Optimization (ACO), Ant Colony System (ACS), Particle Swarm Algorithm (PSO), Taboo Search with Genetic 
Algorithm (TS/GA), Simulated Annealing with Ant Colony Optimization (SA/ACO), and Genetic Algorithm with Ant 
Colony System (GA/ACS) were selected as comparison algorithms to be compared to the Improved Genetic 
Algorithm (IGA) proposed in this paper. Improved Genetic Algorithm (IGA) for convergence time comparison. 

Table 1 summarizes the convergence times of the 10 algorithms in the allocation of continuing education 
resources in Communities 1, 2, and 3. In the allocation of continuing education resources in 3 communities, the 
convergence time of the 9 compared algorithms is between 1700s-1900s, which takes a long time. The convergence 
time of the improved genetic algorithm proposed in this paper is 1472s, 1455s and 1421s, respectively, and the 
convergence time in different sizes of resource allocation is not more than 1500s, with faster convergence speed. 

Table 1: The convergence times of 10 algorithms 

Algorithm 
Convergence time (s) 

Community 1 Community 2 Community 3 

TS 1782 1766 1731 

SA 1769 1763 1754 

IA 1892 1862 1893 

ACO 1704 1711 1726 

ACS 1823 1867 1833 

PSO 1815 1829 1818 

TS/GA 1713 1735 1735 

GA/ACO 1785 1787 1725 

GA/ACS 1816 1842 1810 

IGA 1472 1455 1421 

 
III. C. 2) Comparison of Algorithm Characteristics 
The comparison of the specific characteristics of the different algorithms continues to provide a comprehensive 
understanding of the characteristics of the algorithms in the allocation of resources for continuing education in all 
types of communities. Table 2 shows the results of the comparison of the characteristics of the 10 algorithms. The 
characteristics of the improved genetic algorithm in this paper are high, high, low, high and high in the five indicators 
of optimization ability of simple configuration, optimization ability of complex configuration, computational cost, 
tuning complexity, and independence of the initial solution, respectively. That is, it has low computational cost while 
realizing the solution of optimal configuration scheme of different community continuing education resources. 
Overall, the improved genetic algorithm in this paper has good resource allocation capability. 

Table 2: Comparison of Algorithm Characteristics 

Algorithm 
Ability to optimize simple 

configurations 

Ability to optimize 

complex configurations 
Calculation cost 

Tuning 

complexity 

Independence of the 

initial solution 

TS High Low High High Low 

SA High High Low Middle Middle 

IA High Middle Low High High 

ACO High Middle Low High High 

ACS Low Middle Low Middle High 

PSO High Low Middle Middle High 

TS/GA High Low High Low High 

GA/ACO High Low High Middle High 

GA/ACS High High Low Low High 

IGA High High Low High High 

 
III. C. 3) Comparison of Algorithmic Cost Objective Functions 
Multiple experiments on the allocation of continuing education resources for different types of algorithms were 
conducted for communities 1, 2, and 3 to obtain the allocation costs of the algorithms for different configurations 
(averaged over the 3 communities). Figure 7 compares the allocation costs obtained by different types of algorithms. 
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According to the average configuration cost comparison results, the average configuration cost of this paper's 
improved genetic algorithm in different configuration experiments is only 78.215*103 yuan, while the average 
configuration costs of the comparison algorithms are all over 80*103 yuan. Comparatively speaking, the improved 
genetic algorithm in this paper has a lower configuration cost and can save economic expenditure more significantly 
for the optimal allocation of community continuing education resources. 

 

Figure 7: Cost objective functions of different types of algorithms 

IV. Conclusion 
In this paper, the improved genetic algorithm is introduced into the community continuing education resource 
allocation system to improve the resource allocation effect. In the practice of community continuing education 
resource allocation, the improved genetic algorithm has realized the effective convergence of the objective function 
value when it is iterated to 90 times. In the community 1, 2, 3 of continuing education resource allocation, the 
algorithm completes the convergence time of 1472s, 1455s, 1421s, which is significantly faster than the comparison 
algorithm's 1700s-1900s.The results of five characteristic indexes: optimization ability of simple configuration, 
optimization ability of complex configuration, computational cost, tuning complexity, and the independence of the 
initial solution are as follows: high, high, low, high, and high. The average configuration cost is only 78.215*103 yuan, 
which is lower than 80*103 yuan of the comparison algorithm. Using the improved genetic algorithm, it can quickly 
realize the optimization of multi-community continuing education resource allocation scheme. In the future, it can 
continuously access the community continuing education resources of different provinces and cities to realize the 
national resource integration and improve the quality of community continuing education. 
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