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Abstract

The paper provides a brief introduction to the mathematical model of project
scheduling optimization and the genetic algorithm (GA) used to optimize the
human resource allocation scheme. The GA was improved by co-evolution
and adaptive genetic parameters. Subsequently, simulation experiments were
conducted, and the improved algorithm was also compared with the particle
swarm optimization (PSO) algorithm and traditional GA. The results demon-
strated that the improved GA converged to stability more quickly during
the search for the optimal solution, resulting in a more excellent objective
function upon convergence. Overall, the scheme optimized by the improved
GA exhibited lower human resource costs and a shorter completion cycle.
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1 Introduction

In practice, due to the complexity of the internal enterprise structure, the
diverse range of employee skills, and the fluctuating nature of market
demand, achieving scientific allocation and effective scheduling of human
resources has always posed a significant challenge for enterprise managers.
Traditional resource allocation methods often rely on the subjective judgment
of experienced managers or the formulation of plans based on simple rules
[1-3]. Although these approaches may initially meet daily operational needs,
they prove inadequate when faced with unexpected events, interdepartmental
collaboration, and long-term planning. Intelligent scheduling algorithms are
automated decision-making tools that are grounded in mathematical models
and computer algorithms. Their goal is to identify the optimal solution
through precise data analysis and intricate logical operations [4]. These
algorithms can automatically generate optimal or near-optimal personnel
allocation strategies by analyzing and processing vast amounts of histor-
ical data and real-time information, thereby realizing precise scheduling
and dynamic optimization of human resources [5]. The application of such
algorithms can not only help reduce labor costs and enhance work effi-
ciency but can also effectively address complex issues, such as unforeseen
tasks, employee mobility, and interdepartmental collaboration. Monteiro
et al. [6] employed a multi-objective e-constraint method to achieve Pareto
optimal solutions for daily surgical scheduling. Li et al. [7] developed a
mixed-integer programming model for the balanced scheduling of multi-
skill human resources and optimized it using an enhanced branch-and-bound
method. Additionally, Wu et al. [8] conducted a field study to delineate
the fundamental functional requirements of human resource management in
universities. They subsequently performed detailed system analysis, design,
and implementation according to the object-oriented software engineering
development approach. This paper introduces the mathematical model for
project scheduling optimization and the genetic algorithm (GA) used to
optimize human resource allocation schemes. The algorithm was optimized
through co-evolution and adaptive genetic parameters. Moreover, simulation
experiments were conducted. The limitation of this paper is that the robust-
ness of the adopted adaptive genetic parameters has not been fully verified.
Therefore, the future research direction is to further verify and improve
the robustness of the algorithm and supplement the mathematical adjacency
matrix representation of the network.
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2 Optimization Algorithms for Enterprise Human Resource
Allocation

2.1 Project Scheduling Optimization Model

Traditional human resource scheduling heavily relies on the experience of
managers, which is effective for short-term, small-scale projects. However,
it often falls short in finding the most suitable scheduling solution for long-
term, large-scale projects. Intelligent scheduling algorithms use mathematical
models and computer optimization algorithms to design the optimal human
resources scheduling scheme.

When using intelligent scheduling algorithms to optimize the human
resource allocation scheme, a corresponding mathematical model must be
established [9]. A large project of human resources scheduling in enterprises
can be divided into sub-projects in sequence; these sub-projects can be
abstracted as a directed node network graph G = (A, E, D), where A is
the collection of sub-projects (nodes), E' is the collection of relationships
between the sub-projects (directed edges), and D is the collection of the
duration of the sub-projects. In reality, both large project and sub-projects in
the implementation process are subject to a variety of factors. If all of these
factors are taken into account, this will lead to a very complex mathematical
model, increasing the difficulty of optimization. Therefore, in order to reduce
the difficulty of calculation, this paper sets certain assumptions in the con-
struction of the project scheduling optimization model: (1) each sub-project
has only one completion plan, and the plan requires a fixed type of skills and
skill proficiency; (2) each worker can only participate in a sub-project in a
period; (3) the proficiency of the skills used by workers during the completion
of sub-projects is fixed; (4) workers can not stop the sub-project halfway. The
model objective function is:
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where C' is the labor cost, 1" is the completion cycle, Pj; is worker i’s
proficiency in skill k, with a minimum of 0 and a maximum of 1, ¢ is the
unit salary for skill & [10], w; is the workload of sub-project j, w;jy is the
amount of work that worker ¢ completes in sub-project j using skill k, n is the
number of workers, m is the number of sub-projects, D; denotes the elapsed
time required to complete sub-project j by a worker whose Pj is 1, and H is
the collection of sub-projects on the critical path in G.
The constraints of the project scheduling optimization model are:
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where s; and s; are the start times of sub-projects A; and A;, d; is the duration
of A;, (A;, Aj) € E denotes the existence of directed edges between A; and
Aj, with A; in front of A;, r;;, denotes the number of workers with skill &
participating in sub-project j, Ry, is the number of workers with skill k in the
collection of workers, /; is the number of workers in sub-project j, and L; is
the maximum number of workers that can be accommodated in sub-project
J [11].

2.2 Optimization Algorithm for the Project Scheduling
Optimization Model

After the project scheduling optimization model is constructed, the final goal
is to minimize C' and T' by allocating workers to each sub-project using
an optimization algorithm. This paper employs a GA to perform the opti-
mization calculation and introduces adaptive crossover, mutation probability,
and co-evolution to enhance it [12]. The steps to improve the GA are as
follows.

(1) The multidimensional chromosome coding method is used in the popu-
lation. An example of this coding method is shown in Table 1. The length
of the multidimensional chromosome is m, and each sub-project represents
a genetic locus. Each locus contains both the sub-project priority dimension
and the worker allocation scheme dimension. The sub-project priority is only
one-dimensional, and a total of m integers from “1” to “m” are randomly
assigned to each locus of this dimension. When there is a conflict of work-
force allocation between sub-projects, the smaller the priority integer of the
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Table 1 Examples of coding

Sub-project No. 1 2 m

Priority 3 5 2

Worker allocation scheme  Worker 1  —1 0 1
‘Worker 2 1 0 -1
Worker n 0 v e —1

sub-project locus, the higher priority the human resource arrangement will
be [13]. The worker allocation scheme has n dimensions; each dimension rep-
resents the allocation scheme of a worker in each sub-project genetic locus.
When the worker does not have the skills to deal with a certain sub-project,
the value of the worker in the sub-project genetic locus is “—1”, indicating
that the sub-project will not be assigned to the worker. When the worker has
the corresponding skills, if a sub-project is assigned to the worker, then the
value of the corresponding genetic locus will be “1”’; otherwise, it will be “0”.
When randomly generating chromosomes, except for the part of the genetic
loci whose value is fixed at “—1” due to the skill mastered by the worker,
chromosomes at the genetic loci in the rest of dimensions are randomly
generated according to the above rules, and whether the chromosome scheme
meets the restriction conditions is determined. The scheme is regenerated if
it does not meet the conditions.

(2) Decoding the population chromosome means assigning workers to each
sub-project based on the allocation scheme outlined in the chromosome,
calculating the fitness of the chromosome, and determining whether the
optimization should be terminated. If it is terminated, the optimal allocation
scheme within the population is outputted; otherwise, the process proceeds
to the next step. The termination criteria can be met when the number
of optimization iterations reaches a specified threshold or when the fitness
value converges to a stable state, i.e., the difference of the fitness value
is smaller than 1075, The threshold of the number of iterations is set to
avoid excessively long optimization time caused by non-convergence due
to large fluctuations in the fitness value during the optimization process.
Convergence stability means that the difference in the fitness value before
and after iteration no longer changes, indicating that the solution represented
by the chromosome obtained through optimization almost no longer changes.
In this study, the objective function of the project scheduling optimization
model is used as the fitness function [14].
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(3) The chromosomes in each population are arranged in order of fitness.
Then, the optimal chromosome in population 1 is duplicated to replace the
worst chromosome in population 2, the optimal chromosome in population
2 is duplicated to replace the worst chromosome in population 3, and the
optimal chromosome in population 3 is duplicated to replace the worst chro-
mosome in population 1. This step is the co-evolution operation. Its principle
is to split the original population into multiple sub-populations and let each
of them iteratively search for the optimal solution independently, so as to
expand the search directions. Meanwhile, the excellent chromosomes in each
sub-population are used to replace the inferior chromosomes in other sub-
populations, enabling the exchange of excellent gene fragments among the
independent sub-populations and preventing the independent sub-populations
from falling into local optimal solutions.

(4) The selection operation refers to directly replicating the top-performing
chromosomes within the population into the offspring chromosomes. In this
study, the single-point crossover operation is utilized to swap the values at
the same locus of two chromosomes in the population based on the crossover
probability, but the value of “—1” remains unchanged. The single-point
mutation operation means randomly altering the value at a single locus of
a chromosome within the population according to the mutation probability,
and the value of “—1” remains unchanged. In addition, this paper adopts
adaptive crossover and mutation probability [15] to improve the performance
of optimization:

kl(fmax - f)
Pc: fmax_fa foa
k2 f<fa (3)
k3(fmax - f)
Pm: fmax_fa foa
k4 f<fa

where P, and P, are the crossover and mutation probabilities, respectively,
k1, ks, ks, k4 are constants between 0 and 1, fiax is the maximum fitness
value within the current population, f is the fitness value of the chromosome
for crossover and mutation, and f, is the mean fitness value of the current
population.

(5) Return to step (2) after genetic operations.



Optimal Allocation in Enterprise Human Resource Management 191

)
1O

O

Figure 1 The enterprise project process network diagram.

Table 2 Parameters related to sub-projects within the enterprise project process

Sub-project Time Spent Workload ~ Maximum Number of ~ Required Skill
No. on Sub-projects D;/h w;/h Participants L j/Person Type No.
1 40 30 3 1

2 80 120 5 3

3 75 60 6 2

4 100 80 4 1

5 95 110 6 1

6 60 90 5 2

7 45 60 5 3

8 80 100 6 2

9 110 70 3 1

10 30 40 4 1

3 Simulation Experiments

3.1 Experimental Data

In this study, a medium-sized project of a construction company was selected
as the simulation subject, and the project process network diagram is shown
in Figure 1. The project was segmented into ten sub-projects. Eight workers
participated in this project, and three types of skills were necessary for project
execution. The unit salaries for skills 1, 2, and 3 were 400 yuan, 300 yuan,
and 500 yuan, respectively. Parameters related to the sub-projects within the
enterprise project process are detailed in Table 2, while the skill proficiency
levels of the workers are outlined in Table 23. The parameters in Table 3 were
all from the selected project parameters.

3.2 Experimental Setup

In the improved GA, there were three populations, each with ten chromo-
somes. The selection operation within the populations retained the optimal
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Table 3 Worker skill proficiency
Skill Type No. 1 2 3

Worker 1 1 0 0.6
Worker 2 0 0.8 1
Worker 3 0.5 1 0
Worker 4 1 0.4 0
Worker 5 0.8 0 1
Worker 6 0.3 0 1
Worker 7 1 0.7 1
Worker 8 0 1 0.2

two chromosomes. The probability-related parameters k; and ks of the
crossover operation were 0.7 and 0.8, respectively. The probability-related
parameters k3 and k4 of the mutation operation were 0.1 and 0.2, respectively.

To validate the efficacy of the algorithm, it was compared with other
optimization algorithms, namely the traditional GA and particle swarm opti-
mization (PSO) algorithm. The parameters for the traditional GA are as
follows. A single population contained 30 chromosomes. The two best chro-
mosomes were retained during selection. The crossover probability was 0.8,
and the mutation probability was 0.2. The maximum number of iterations was
100. The relevant parameters for the PSO algorithm included a population
containing 30 particles, an inertia weight of 0.6, a learning factor of 0.1, and
a maximum iteration limit of 100 cycles.

3.3 Experimental Results

The iteration curves of the three optimization algorithms optimizing the
worker allocation scheme are shown in Figure 2. The figure illustrates that,
as the number of iterations increased, the objective functions converged
gradually to stability in all three optimization algorithms. The improved GA
exhibited the fastest convergence, becoming stable after approximately 20
iterations. The traditional GA stabilized after approximately 40 iterations,
whereas the PSO algorithm converged at a slower pace, stabilizing after
around 60 iterations. When comparing the objective functions of these algo-
rithms after stabilization, it was found that the PSO algorithm had the highest
objective function value, followed by the traditional GA, and the improved
GA achieved the lowest value.

Three optimization algorithms were utilized for human resource alloca-
tion. The objective of the scheme is to achieve the lowest possible human
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Figure 2 Convergence curves.

Table 4 Selected optimization schemes under the three optimization algorithms

Scheme PSO Traditional ~ Improved

Project Objective No. Algorithm GA GA
Human resource cost/ten ~ Scheme 1 6.11 5.21 4.72
thousand yuan Scheme 2 6.15 5.13 4.63

Scheme 3 6.13 5.33 4.87
Completion cycle/h Scheme 1 263.9 229.3 170.3

Scheme 2 258.9 234.6 171.5

Scheme 3 260.7 228.4 170.2

resource cost and the shortest possible completion cycle, i.e., it is a multi-
objective optimization problem. In such a problem, multiple optimization
objectives often impose constraints on each other; therefore, they cannot
reach the optimal solution simultaneously but can reach more than one
relatively optimal solution through mutual compromise. Table 4 presents
the optimization outcomes of several schemes under the three optimization
algorithms. It is evident that, overall, the allocation scheme optimized by the
improved GA exhibited lower human resource costs and shorter completion
cycles. Additionally, it was also seen that as the human resource costs grad-
ually increased, the completion cycles reduced, providing decision-makers
with the flexibility to select the most suitable allocation scheme based on
specific requirements.
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Figure 3 The Gantt chart of worker scheduling in scheme 3 provided by the improved GA.

Due to space constraints, only the worker scheduling Gantt chart for
scheme 3 generated by the improved GA is presented here, as shown in
Figure 3. The figure illustrates that the entire project was segmented into
ten sub-projects. Specifically, sub-project 1 required workers 1, 4, and 5; sub-
project 2 required workers 1, 2, 5, 6, and 7; sub-project 3 required workers
3, 7, and 8; sub-project 4 required workers 1, 4, 5, and 6; sub-project 5
required workers 1, 4, 5, and 7; sub-project 6 required workers 2, 3, 7, and 8§;
sub-project 7 required workers 5, 6, and 7; sub-project 8 required workers
2, 3, and 8; sub-project 9 required workers 1 and 4; and sub-project 10
required workers 1, 4, 5, and 7. Sub-projects 3 and 4 were synchronized,
and sub-projects 7, 8, and 9 were also synchronized.

4 Conclusion

This paper optimized the GA used for improving human resource allocation
schemes through co-evolution and adaptive genetic parameters, followed by
simulation experiments. Comparisons were made with the PSO algorithm
and traditional GA. The improved GA demonstrated the fastest convergence,
stabilizing after approximately 20 iterations, followed by the traditional
GA at around 40 iterations, and the PSO algorithm displayed the slow-
est convergence, stabilizing after approximately 60 iterations. The schemes
optimized by the improved GA exhibited lower human resource costs and
shorter completion cycles. The set of the human resource allocation schemes
under multi-objective optimization showed that as the human resource costs
increased, the completion cycles gradually reduced, thus decision-makers can
select the most suitable scheme based on specific requirements.
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