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Abstract. The multi-objective resource allocation problem (MORAP) refers to the challenge of
distributing limited resources across multiple projects or business divisions while simultaneously
satisfying several, often conflicting, objectives. Such problems are common in engineering, man-
agement, and operations research, where decision-makers must balance cost, efficiency, and per-
formance. To address this challenge, this paper introduces a novel Genetic Algorithm with Hybrid
Mutation (GA-HM) specifically designed for MORAP. The proposed approach integrates two
complementary mutation operators—displacement mutation and inversion mutation—applied
in a randomized manner. This hybridization increases the exploration capability of the algo-
rithm, maintains population diversity, and reduces the risk of premature convergence to local
optima. To evaluate the effectiveness of GA-HM, two benchmark test problems from the lit-
erature are considered, both involving multi-objective workforce-task allocation. Experimental
results clearly demonstrate that GA-HM consistently produces superior solutions compared to
existing approaches such as fuzzy dynamic programming, fuzzy dynamic optimization, effective
GA methods, k-means-based GA, and multi-objective hybrid GAs. Importantly, GA-HM not
only identifies optimal trade-offs between cost and efficiency but also provides a well-distributed
set of non-dominated (ND) solutions, offering decision-makers a broader range of alternatives for
resource planning. Overall, the findings confirm that GA-HM is a robust and efficient method for
solving MORAPs. By generating diverse Pareto-optimal solutions, the algorithm equips prac-
titioners with practical decision support tools for complex multi-objective optimization tasks.
Moreover, the proposed methodology demonstrates strong potential for extension to other real-
world engineering and management applications that require effective multi-objective resource
allocation strategies.
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1. Introduction

The purpose of resource allocation is to distribute available resources in a cost-
effective and efficient manner in order to achieve organizational goals. It forms an
essential component of resource management, as it ensures that tasks and projects are
completed within defined constraints of time, manpower, and budget. Effective alloca-
tion requires careful planning of not only how much time is needed for each activity
but also the types and quantities of resources required. This systematic distribution of
resources is commonly referred to as resource allocation [1].

When extended to multi-objective settings, resource allocation becomes significantly
more complex and is referred to as the Multi-Objective Resource Allocation Problem
(MORAP). In this context, resources are distributed across multiple projects, depart-
ments, or tasks in order to achieve competing objectives. A resource, in general, may
refer to manpower, raw materials, capital, equipment, or any limited asset that can be
utilized to accomplish a goal. The objectives themselves are often conflicting—for in-
stance, organizations may simultaneously seek to maximize profits, reduce costs, improve
efficiency, or enhance overall quality [2].

MORAP is highly relevant in a wide range of practical applications. It plays a
crucial role in the distribution of marketing resources [3], where marketing managers
must allocate limited resources—such as advertising budgets, sales teams, store space,
and product inventory—across different markets or products. In network optimization
[4], MORAP contributes to improving the performance of stochastic network systems
by balancing activity duration and resource utilization. It is also applied in workforce
scheduling within manufacturing [5], where efficient allocation of workers helps control
production workloads, reduce labor costs, prevent overwork, and shorten production
cycles. In the field of financial program optimization [6], MORAP supports the develop-
ment of investment portfolios by allocating capital among stocks, bonds, or other assets
in a way that maximizes returns while minimizing risk. Furthermore, it has significant
applications in healthcare resource allocation [7], ensuring cost-effectiveness and max-
imizing benefits through the effective distribution of staff, equipment, and funding in
both clinical and public health settings. These examples highlight that MORAP is not
limited to a single domain but can be applied to an endless variety of problems across
industries and disciplines [8].

Traditionally, exact optimization methods such as Integer Programming (IP), Dy-
namic Programming, and Branch-and-Bound have been applied to solve MORAP [9].
While these techniques can yield precise solutions, they are computationally expen-
sive and become impractical for large-scale, real-world problems due to the exponential
growth of the solution space [10].

To overcome these challenges, researchers have increasingly adopted evolutionary
algorithms (EAs) and other metaheuristic techniques that can efficiently explore complex
search spaces and provide near-optimal solutions. Popular approaches include Genetic
Algorithms (GAs) [11], fuzzy multi-objective GAs [12], Monte Carlo Tree Search (MCTS)
[13], Ant Colony Optimization (ACO) [14], Variable Neighborhood Search [15], Memetic
Algorithms based on node-weighted graphs [16], and Particle Swarm Optimization (PSO)
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[17].
Among these approaches, Genetic Algorithms (GAs) stand out due to their robust-

ness, adaptability, and global search capabilities. Originating from principles of natural
selection, genetics, and evolution, the GA was first introduced in 1975 [18] and later for-
malized in 1989 [19] as a powerful method for addressing large-scale optimization prob-
lems. Since then, GAs have gained significant attention in the academic community and
have been widely applied to multi-objective optimization. Research consistently shows
that GAs are particularly effective in solving MORAP, as they are capable of producing
diverse sets of Pareto-optimal solutions, thereby offering decision-makers flexibility in
balancing multiple conflicting objectives.

This paper introduces a Genetic Algorithm with Hybrid Mutation (GA-HM) as a
novel approach for addressing the Multi-Objective Resource Allocation Problems (MORAPs).
The distinguishing feature of GA-HM lies in its hybrid mutation stage, which integrates
multiple mutation strategies to preserve and introduce diversity into the evolving popula-
tion. By maintaining genetic variation, GA-HM prevents the population from becoming
too homogeneous, thereby reducing the likelihood of premature convergence and enabling
the algorithm to continue exploring new areas of the solution space. This mechanism
is particularly important for avoiding entrapment in local minima, which can otherwise
halt or significantly slow the evolutionary process.

The performance of GA-HM was validated through simulation experiments on multi-
ple benchmark test problems drawn from the literature. The results consistently demon-
strate that GA-HM achieves superior outcomes compared to existing methods, highlight-
ing its effectiveness and robustness in solving MORAP. The hybrid mutation mechanism
not only enhances the algorithm’s search capability but also ensures a more balanced
exploration–exploitation trade-off, which is critical in multi-objective optimization.

A key challenge in MORAP, as with many real-world optimization tasks, is that
objectives are frequently conflicting. For instance, minimizing cost often comes at the
expense of efficiency or quality, and maximizing one performance metric may require
compromising another. As a result, such problems rarely yield a single globally optimal
solution. Instead, the outcome is typically a set of trade-off solutions that represent
different balances among objectives. These solutions are referred to as non-dominated
solutions or Pareto-optimal solutions [20].

A solution is considered Pareto-optimal if no other solution exists that can improve
one objective without worsening at least one of the others. Collectively, these solutions
form the Pareto front, which provides decision-makers with a diverse range of alternatives
to choose from, depending on their priorities and constraints. The strength of GA-HM
lies in its ability to approximate this Pareto front effectively, generating a well-distributed
set of high-quality solutions. This ensures that stakeholders are equipped with a flexible
decision-support tool that allows for informed trade-offs across multiple objectives.

The remainder of this article is structured as follows. Section 2 provides the theo-
retical foundation of the Multi-Objective Resource Allocation Problem (MORAP), in-
cluding its formal definition, applications, and the challenges associated with solving it.
Section 3 presents an overview of the Genetic Algorithm (GA), outlining its fundamen-
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tal components such as selection, crossover, and mutation, as well as its suitability for
multi-objective optimization. Section 4 introduces the proposed Genetic Algorithm with
Hybrid Mutation (GA-HM) in detail, describing the hybrid mutation strategy, its role in
preserving diversity. Section 5 reports and analyzes the experimental findings obtained
from benchmark test problems, comparing GA-HM with other state-of-the-art methods
and discussing its effectiveness in solving MORAP. Section 6 explains GA-HM’s compu-
tational complexity. Finally, Section 7 concludes the paper by summarizing key insights,
highlighting contributions, and suggesting possible directions for future research.

2. Multi-Objective Resource Allocation Problem

The following is a mathematical expression for a general minimization problem of Q
objectives:

Given
x = [x1, x2, . . . , xn],

where n is the dimension of the decision variable space,

min /max F (x) = [fq(x)], q = 1, . . . , Q,

subject to

gj(x) ≤ 0, j = 1, . . . , J,

where fq(x) is the q-th objective function and gj(x) is the j-th inequality constraint.
The multi-objective optimization (MOO) problem then reduces to finding x such that

fq(x), ∀q = 1, . . . , Q

is optimized.
Pareto dominance is a notion used in MOO to evaluate the solutions. The definition

of this Vilfredo Pareto–formulated idea is [3].
Definition 1 (Pareto dominance). A vector

u = (u1, u2, . . . , uQ)

is said to dominate a vector
v = (v1, v2, . . . , vQ)

(denoted by u ≻ v), for a minimization problem, if and only if

∀q ∈ {1, . . . , Q} : uq ≤ vq ∧ ∃q ∈ {1, . . . , Q} : uq < vq.
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2.1. Formulation of Multi-Objective Resource Allocation Problem
The general formulation of the multi-objective resource allocation problem (MORAP)

is as follows [11]:

max Z1(x1, x2, . . . , xn) =

n∑
k=1

z1k(xk),

max Z2(x1, x2, . . . , xn) =

n∑
k=1

z2k(xk),

...

max Zq(x1, x2, . . . , xn) =

n∑
k=1

zqk(xk),

subject to:
n∑

k=1

gk(xk) ≤ s, gk(xk) ≥ 0, xk ≥ 0.

(1)

where xk = [x1, x2, . . . , xn] are the decision variables and the available resources are
denoted by s. gk(xk) stands for the stages of the activity, while the objective function
is Zq(x1, x2, . . . , xn). With a finite quantity of resources available, the MORAP process
attempts to maximize the achievement of each objective by distributing those resources
(decision variables) among several tasks (activity stages), each of which is represented
by an activity stage [11].

MORAP appears in a wide range of practical domains where resources are limited
and multiple criteria must be balanced, such as:

• Manufacturing and Production Planning,

• Project Management,

• Telecommunications and Networks,

• Healthcare Resource Allocation,

• Energy Systems,

• Finance and Investment.

MORAP has many challenges due to several reasons:

(i) Multiple Conflicting Objectives: Improving one objective often worsens an-
other (e.g., increasing speed may increase cost). This requires finding a Pareto
front rather than a single solution.
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(ii) Combinatorial Complexity: Discrete resources or allocation units often lead to
NP-hard problems, as the number of possible allocations grows exponentially with
the number of resources and activities.

(iii) Nonlinearity: Objective functions may be nonlinear or nonconvex, making tra-
ditional optimization methods ineffective.

(iv) Constraints: Resource limits, operational restrictions, or policy requirements
create complex feasible regions.

(v) Dynamic and Uncertain Environments: Resource availability or demand may
change over time and require adaptive or stochastic approaches.

(vi) Trade-off Analysis: Decision-makers must select a final solution from the Pareto-
optimal set, which can be subjective and context-dependent.

3. Genetic Algorithm Mechanism

Genetic algorithms (GAs) operate on a pool of potential solutions stored in a limited
number of bits, or chromosomes. Each chromosome communicates with the others to
find the best solution by utilizing operators taken from natural genetics [21, 22].

The following is a description of the stages involved in basic genetic operators:
Step 0: Create an initial population at random (the initialization stage).
Step 1: Determine the values of the Q objectives for each individual (evaluation of

non-dominated solutions).
Step 2: In this step, utilize selection operators to choose which individuals will be

used with the crossover operators.
Step 3: Use a crossover operator on each of the chosen pair of chromosomes by

selection operator to produce a new offspring.
Step 4: Use the mutation operators to modify each offspring that is produced by

the crossover process.
Step 5: Verify the stopping requirement. Go back to Step 1 if it is not fulfilled.

Otherwise, proceed to step 6.
Step 6: The best solution (chromosome) is offered to the decision-maker (DM).
Figure 1 shows a flow diagram depicting the main steps of the GA process.
GA can be extended to address multiple conflicting objectives. In this context,

solutions are assessed using Pareto dominance, resulting in a set of Pareto-optimal solu-
tions rather than a single optimum. This approach offers several advantages for multi-
objective optimization: it can handle complex, nonlinear, and discrete search spaces,
maintain a diverse population to provide multiple trade-off solutions, and offers flexibil-
ity in incorporating constraints and hybrid strategies.
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Figure 1: GA main flow diagram.

4. The Proposed Algorithm

We present the genetic algorithm with hybrid mutation (GA-HM) as a solution to
MORAP in this study. During the hybrid mutation stage, diversity is maintained and
introduced. This helps the algorithm avoid local minima when evolution is slowed or
halted due to chromosomes population homogeneity. There are numerous stages to
GA-HM. The following subsections elaborate on them.

Step 1: Initialization phase
The goal of MORAP is to discover the most efficient and least expensive route

between two nodes, the source node (s) and the terminal node (t). The set of arcs

(s, x1m), (x1m, x2m), . . . , (x(N−1)m, t),

constitutes routes from node s to node t. A path from node s to node t is a sequence of
nodes

(s, x1m), (x1m, x2m), . . . , (x(N−1)m, t).

The sequence of nodes can be thought of as an equivalent representation of a path, as
seen in Figure 2, where N is the number of stages (districts) and m = 1, 2, . . . ,m [23].
Consequently, the structure of each chromosome can be represented as a sequence of
nodes (path).

Here, the algorithm creates a starting population P of Npop chromosomes. According
to Figure 3 elements are chosen at random from the available numbers in each district
[24]. For instance, in MORAP assigning three workers to a specific set of four jobs, there
are four stages. The goal of multi-objective resource allocation is to find the optimal
four-stage allocation path while minimizing costs and maximizing profits. At each stage,
we use a random selection element ranging from 0 to 3 to create an initial population
[25]. Table 1 shows the four-stage allocation path.
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Figure 2: Analysis of MORAP as a network model.

Step 2: Assessment of Solutions
In this step, the goal function values for the produced strings are obtained. No

optimal solution exists for a multi-objective optimization problem that aims to maximize
all objectives at the same time. In such instances, there is a (potentially endless) number
of solutions, and the goal functions are characterized as conflicting with one another.
When a solution is non-dominated and Pareto optimum, we say that it exists [18].
Therefore, sorting a population by non-domination is essential for finding the Pareto
optimal solutions.

Step 3: Categorizing the population based on their non-dominated solu-
tions.

Table 1: The four-stage allocation path is based on chromosomal structure

Stage (Index) 1 2 3 4
Path Selection 0 1 2 3

The route for allocation 10 21 32 43
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Figure 3: A diagram shows the best route for allocation.

Suppose there is a population whose members all have objective function values of
q (q > 1). To locate the set of solutions that are not dominated, follow this technique
[26].

(i) Start with R = 1.

(ii) For all P = 1, 2, . . . , NPOP and R ̸= P , the solution xR is said to dominate the
solution xP if the two conditions are achieved:

• xR is no worse than xP in all objectives, or

fq(xR) ≤ fq(xP ), ∀q = 1, . . . , Q.

• The solution xR is strictly better than xP in at least one objective, or

fq(xR) < fq(xP ), for at least one q ∈ {1, 2, . . . , Q}.

(iii) If for any P , xP is dominated by xR, mark xP as “dominated”, and it is inefficient.

(iv) If all solutions (that is, when R = NPOP is reached) in the set are considered, go
to (v). Otherwise, increment R by one and go to (ii).

(v) The solutions which are not assigned “dominated” are assigned as non-dominated
solutions.
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The non-dominated front in the population of that generation is composed of all these
non-dominated solutions. If the stopping criterion is reached, use the non-dominated
solutions to proceed to DM; otherwise, continue to the following step.

Step 4: Stage of Selection
The primary goal of the selection phase, also known as the parent selection phase,

is to identify the people with the greatest potential and pass their genes on to subse-
quent generations [24]. By increasing the likelihood that the best chromosomes will be
passed down to future generations, the selection (reproduction) operator aims to raise
the population’s average quality [27]. The proposed algorithm uses a tournament se-
lection method, in which Ns chromosomes, at random, are chosen from the population,
and the chromosome with the highest fitness wins and is added to the population of the
following generation.

Step 5: Operator of crossover
The purpose of chromosomal crossover is to transfer genetic information from one

generation to the next [28]. After the selection process, Pm×Ns chromosomes are chosen
for crossover. This study uses uniform crossover operator [29]. Here, a chromosome of
uniform size is used to generate a random binary string. The next step is the exchange
of relative genes inside this binary string between parents. The bits of the parent strings
are swapped at the location in the random binary string that corresponds to 1. If this is
not the case, then no bit exchange takes place [30]. Figure 4 illustrates how chromosomes
from two parents can be crossed to create new chromosomes.

Figure 4: The process of crossover.

Step 6: The stage of hybrid mutation
Together, the displacement mutation operator and the inversion mutation operator

[31] form the basis of our method. By providing variety while simultaneously retaining it,
hybrid mutation helps the algorithm avoid local minima, which can halt or significantly
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impede development. So, after performing the crossover, only a proportion Nm = [Pm×
Nc] of the resulting Nc = [Pc×Ns] offspring undergo mutation, where Pm is the mutation
probability - fraction of offspring that will be mutated. The mutation operation is as
follows:

(i) Set Pm and Nc, then compute Nm = [Pm ×Nc].

(ii) Randomly select Nm offspring to mutate.

(iii) For each selected offspring, generate a random number r ∈ [0, 1].

(iv) If r > 0.5 the displacement mutation is executed; otherwise, executed the inversion
mutation.
- A substring of genes is chosen at random and placed in a random location in
displacement mutation. Thus, it is possible to think of insertion as a particu-
lar instance of displacement. The process of this mutation operator is shown in
Figure 5.
- Inversion mutation involves randomly choosing two locations inside a chromosome
or tour, then flipping the positions in the substring between these two locations.
Figure 6 illustrates the procedure of the inversion mutation operator.

Figure 5: Displacement mutation.

Figure 6: Inversion mutation.

Step 7: Combining
During this step, the created offspring and the existing (parent) population are com-

bined to form a single, bigger population. The multi-objective nature of the problem
is then addressed by sorting this combined population according to crowding distance
(CD)and Pareto dominance. This preserves high-quality solutions, maintains population
variety, and ensures an efficient balance between search space exploration and exploita-
tion by choosing the best subset of individuals to form the next generation.
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Step 8: The termination criterion
When the maximum number of generations Gmax is reached or the population’s

individuals converge, the suggested algorithm stops. If the termination criteria are met,
the non-dominated solutions are offered to the DM; otherwise, proceed to Step 4. The
pseudocode of the proposed GA-HM for solving MORAPs is presented in Algorithm 1.

Algorithm 1 : Genetic Algorithm with Hybrid Mutation (GA-HM) for MORAP
1: Input: Population size Npop, crossover probability Pc, mutation probability Pm,

max generations Gmax

2: Output: Set of non-dominated (Pareto-optimal) solutions
3: Initialize population P (0) with Npop random chromosomes (paths)
4: Evaluate objective functions for each chromosome in P (0)
5: Perform non-dominated sorting to classify solutions into Pareto fronts
6: for g = 1 to Gmax do
7: Select randomly Ns parents from P (g) using tournament selection
8: Apply uniform crossover with probability Pc to generate Nc = [Pc×Ns] offspring
9: Determine the number of offspring to be mutated as Nm = [Pm ×Nc]

10: for each selected offspring, generate a random number r ∈ [0, 1] do
11: if r > 0.5 then
12: Apply Displacement Mutation
13: else
14: Apply Inversion Mutation
15: end if
16: end for
17: Combine parent and offspring populations
18: Perform non-dominated sorting and update Pareto fronts
19: Select best Npop individuals for next generation
20: if termination condition met (max generations Gmax or convergence) then
21: Break
22: end if
23: end for
24: return Final non-dominated Pareto-optimal set

5. Experimental Results

In this section, we apply GA-HM to test problems derived from the literature that in-
volve multi-objective resource allocation [23, 32]. In addition, an engineering application
[19] is given to prove that the suggested method can solve engineering difficulties and
to confirm that GA-HM works for MORAPs. Intel® Core ™i5 CPU M430 @ 2.27GHz
processor WITH 6.00 GB installed memory (RAM) has been used to run all tests. The
MATLAB programming language is used to code GA-HM. The GA-HM parameters are
set as follows: the maximum number of generations is 100, the crossover rate is 0.1, the
mutation rate is 0.02 and the population size is 100.
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- Test problem 1 [32]: Allocating six workers to four distinct tasks is the first test
problem. You may find the anticipated cost and efficiency in Table 2.

Table 2: Test problem 1’s expected cost and efficiency

Number of Workers Task
1 2 3 4

Cost Eff. Cost Eff. Cost Eff. Cost Eff.
00 70.00 0.00 90.00 0.00 85.00 0.00 130 0
01 60.00 25.00 60.00 20.00 60.00 33.00 115 13
02 50.00 42.00 50.00 38.00 50.00 43.00 100 24
03 40.00 55.00 40.00 54.00 55.00 47.00 100 32
04 40.00 63.00 30.00 65.00 40.00 50.00 90 39
05 45.00 69.00 20.00 73.00 30.00 52.00 80 45
06 50.00 74.00 25.00 80.00 25.00 54.00 80 50

This problem is solved by fuzzy dynamic programming (FDP) [32], fuzzy dynamic
optimization algorithm (FDOA) [33], effective GA approach (EGAA) [11], k-means-
clustering based GA [34], and the proposed GA-HM algorithm. Table 3 explains a
comparison of the best-optimized solution that obtained by these algorithms. While the
graphical representation of Table 3’s solutions is shown in Figure 7. We can infer from the
results that FDP introduced four solutions. There is only one non-dominated solution
out of the four which is [x1, x2, x3, x4] = [2, 3, 1, 0]. Three non-dominated solutions were
identified by the other algorithms, FDOA, EGAA, k-means-clustering based GA, and
the suggested GA-HM technique. Furthermore, the three dominated solutions produced
by FDP are dominated by these three non-dominated solutions as shown from Table 3
and Figure 7.

Table 3: Solution obtained by compared algorithms for test problem 1
Method x1 x2 x3 x4 Cost Efficiency Type of Solution

FDP
2 3 1 0 280 129 ND
3 0 3 0 315 102 Dominated
5 0 1 0 325 102 Dominated
2 4 0 0 295 107 Dominated

FDOA
1 2 1 2 270 120 ND
2 2 1 1 275 126 ND
2 3 1 0 280 129 ND

EGAA
1 2 1 2 270 120 ND
2 2 1 1 275 126 ND
2 3 1 0 280 129 ND

k-means-GA
1 2 1 2 270 120 ND
2 2 1 1 275 126 ND
2 3 1 0 280 129 ND

Proposed GA-HM
1 2 1 2 270 120 ND
2 2 1 1 275 126 ND
2 3 1 0 280 129 ND

The results for Test Problem 1 demonstrate that GA-HM consistently identifies three
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non-dominated solutions, similar to FDOA, EGAA, and k-means-based GA, while FDP
falls behind with only one. This indicates that GA-HM not only ensures competitive
performance but also achieves a balanced trade-off between cost and efficiency. Impor-
tantly, the dominated solutions produced by FDP highlight the limitations of dynamic
programming in handling multi-objective trade-offs, while the hybridization in GA-HM
enhances exploration. The graphical representation (Figure 7) further illustrates that
GA-HM solutions are well-distributed across the Pareto front, ensuring decision-makers
have more flexibility depending on priorities (cost minimization vs efficiency maximiza-
tion).

Figure 7: The graphical representation of Table 3’s solutions.

- Test problem 2 [23]: Test problem 2 involves assigning ten workers to four
specific tasks. The anticipated expense and efficiency are shown in Table 4.
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Table 4: Test problem 2’s expected cost and efficiency

Number of Workers Task
1 2 3 4

Cost Eff. Cost Eff. Cost Eff. Cost Eff.
00 41.00 0.00 45.00 0.00 36.00 0.00 46.00 0.00
01 38.00 37.00 54.00 49.00 43.00 45.00 78.00 60.00
02 46.00 42.00 36.00 55.00 68.00 49.00 88.00 67.00
03 32.00 50.00 55.00 59.00 56.00 57.00 64.00 72.00
04 78.00 54.00 87.00 62.00 72.00 64.00 90.00 79.00
05 76.00 56.00 82.00 67.00 59.00 77.00 80.00 83.00
06 72.00 58.00 90.00 73.00 32.00 88.00 120.00 88.00
07 84.00 65.00 132.00 80.00 67.00 92.00 104.00 97.00
08 80.00 72.00 97.00 87.00 86.00 100.00 96.00 102.00
09 92.00 80.00 121.00 95.00 88.00 105.00 86.00 110.00
10 96.00 95.00 134.00 102.00 100.00 110.00 120.00 120.00

This problem is solved by multiobjective hybrid genetic algorithm (mo-hGA) [23], k-
means-clustering based GA [34], and the proposed GA-HM algorithm. Table 5 explains
a comparison of the best-optimized solution that obtained by these algorithms. While
the graphical representation of Table 5’s solutions is shown in Figure 8.

Table 5: Solution obtained by compared algorithms for test problem 2

Method x1 x2 x3 x4 Cost Eff. Type of
Solution

Type of
Solution After

Combine
mo-hGA 3 2 1 4 201 229 ND Dominated

0 2 6 2 197 210 ND Dominated
3 2 5 0 173 182 Dominated Dominated
3 1 6 0 164 187 ND ND
1 1 6 2 212 241 ND Dominated
1 1 5 3 215 235 Dominated Dominated
0 1 6 3 191 209 ND Dominated

k-means-GA 2 1 6 1 210 239 ND Dominated
3 1 6 0 164 187 ND ND
1 1 6 1 202 234 ND Dominated
3 2 2 3 200 226 ND Dominated
3 2 1 0 157 150 ND ND
3 2 1 3 175 222 ND ND
2 2 6 0 160 185 ND Dominated
0 2 6 0 155 143 ND ND

The proposed 1 0 6 3 179 197 ND Dominated
GA-HM 0 9 1 0 151 140 ND ND

algorithm 1 9 0 0 141 132 ND ND
3 1 6 0 164 187 ND ND
2 2 6 0 160 185 ND ND
1 2 6 1 184 240 ND ND
1 1 6 2 212 241 ND ND
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Figure 8: The graphical representation of Table 5’s solutions.

Only five of the seven solutions that mo-hGA was able to obtain are non-dominated,
according to the results. In contrast, the suggested GA-HM method produced seven
non-dominated solutions while the k-means-clustering based GA produced eight non-
dominated solutions. But, when we aggregate all of the solutions from the three algo-
rithms, we see that the GA-HM approach has six non-dominated solutions, whilst the
k-means-clustering based GA has four, and the mo-hGA has just one.

In Test Problem 2, GA-HM significantly outperforms mo-hGA by producing six non-
dominated solutions after combination, compared to only one from mo-hGA. This un-
derlines GA-HM’s superior convergence and diversity preservation. While k-means GA
generated eight non-dominated solutions initially, only four remained non-dominated af-
ter aggregation, suggesting that GA-HM achieves more robust performance. The ability
of GA-HM to capture solutions that other methods overlooked demonstrates its strength
in exploring the solution space effectively. From an engineering perspective, this implies
more reliable and flexible workforce-task allocation under real constraints.

Previous comparisons clearly show that the suggested algorithm’s (GA-HM) results
are superior to and even dominate those of the other approaches. Also, when compared
to the other approaches, GA-HM was able to locate locations that the others missed
and had better distribution and spread. Because of this, the suggested approach is in
a better position to shed light on the current issues and other multi-objective resource
allocation challenges.
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This can be explained by the fact that the displacement mutation operator moves
the chromosomal segments to new positions within the solution representation. This
operation promotes the exploration of different regions of the search space by introducing
structural diversity and reducing the risk of premature convergence. In contrast, the
inversion mutation operator reverses the order of selected gene segments, generating
new solution patterns that can reveal alternative combinations of variables or sequences,
potentially leading to higher fitness values.

In summary, incorporating both displacement and inversion mutations into GA-HM
allows the algorithm to effectively balance exploration and exploitation. Displacement
mutation facilitates broad exploration of the search domain, enabling the algorithm to
investigate underrepresented or previously unexplored regions. Meanwhile, inversion
mutation enhances local refinement and exploitation of promising areas, thereby im-
proving convergence toward optimal or near-optimal solutions.

6. Computational Complexity

The number of generations, population size, and cost of evaluating the fitness func-
tions are the main factors influencing the computational complexity of the suggested
GA-HM algorithm. Let Gmax denote the maximum number of generations, Npop the
population size, and Ef the time required to evaluate the objective functions for each
chromosome. The overall time complexity of GA-HM can therefore be expressed as:

O(Gmax ×Npop × Ef )

Compared to the fitness evaluation step, the hybrid mutation’s computational over-
head is minimal because it just adds two additional operators: displacement and inver-
sion. As a result, the overall asymptotic complexity is still in the same order as that of
a standard genetic algorithm.

6.1. Comparison with Other Multi-Objective Genetic Algorithms
Since the additional hybrid mutation procedures only incur a small computational

cost, the proposed GA-HM maintains a similar theoretical time complexity of O(Gmax×
Npop × Ef ) when compared to a standard Genetic Algorithm (GA).

The hybrid mutation in GA-HM, which combines displacement and inversion mu-
tations, enhances population diversity and reduces the risk of premature convergence
without significantly increasing runtime, in contrast to standard GA or conventional
multi-objective algorithms such as NSGA-II. Consequently, GA-HM maintains com-
putational efficiency comparable to well-known GA-based techniques while achieving
convergence behavior and a more uniform Pareto front distribution. As shown in Table
6, the proposed GA-HM preserves scalability similar to that of conventional GA, while
its hybrid mutation mechanism enables improved Pareto-optimal solutions and more
extensive exploration of the search space.
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Finally, we conclude that the proposed GA-HM outperforms NSGA-II and K-means
GA while maintaining a computational time comparable to a traditional Genetic Algo-
rithm (GA). Its hybrid mutation mechanism, combining displacement and inversion mu-
tations, enhances convergence behavior, increases population diversity, and produces a
more uniform and well-distributed Pareto front, all without additional runtime compared
to standard GA. As a result, GA-HM provides a better balance between exploration and
exploitation of the search space, delivering superior solutions without increasing com-
putational cost. Therefore, GA-HM represents an effective and efficient approach for
solving multi-objective resource allocation problems.

Table 6: Comparing the asymptotic time complexity of different algorithms.

Algorithm Main Operations Time Complexity
GA Selection, crossover, mutation O(Gmax ×Npop × Ef )

NSGA-II Non-dominated sorting, CD O(Q×N2
pop)

k-means GA Clustering (k, d) + GA evolution O(Gmax×(Npop×Ef+k×d))

GA-HM Selection, crossover, hybrid mutation O(Gmax ×Npop × Ef )

7. Conclusion

This paper proposed the Genetic Algorithm with Hybrid Mutation (GA-HM) as an
effective approach to solving the multi-objective resource allocation problem (MORAP).
The key contribution of GA-HM lies in its hybrid mutation mechanism, which combines
displacement and inversion operators to maintain genetic diversity within the popula-
tion. By preventing the chromosome population from becoming overly homogeneous, the
algorithm successfully avoids premature convergence and entrapment in local minima.

The effectiveness of the proposed method was validated using two benchmark test
problems of MORAP. Simulation results demonstrated that GA-HM consistently out-
performed other well-established techniques reported in the literature, achieving superior
trade-offs between cost and efficiency. Notably, GA-HM was able to generate a diverse
set of Pareto-optimal solutions, thereby offering decision-makers greater flexibility in
selecting solutions according to specific preferences and priorities.

Based on these findings, it can be concluded that GA-HM is both robust and efficient
in addressing MORAPs. Beyond the benchmark cases, the hybrid mutation framework
also shows strong potential for application to broader classes of engineering and man-
agement optimization problems where maintaining diversity and avoiding local optima
are critical for solution quality.

Key directions of MORAP for future research include several promising areas. One
important direction is the development of hybrid optimization methods, which integrate
metaheuristics with exact techniques to achieve a balance between computational effi-
ciency and solution quality. Another significant area involves dynamic and real-time
allocation, focusing on designing adaptive frameworks capable of responding effectively
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to real-time variations in resource demand and availability. The integration of machine
learning is also gaining attention, as predictive models can be employed to anticipate
resource requirements and guide optimization processes, thereby enhancing both accu-
racy and efficiency. Furthermore, addressing robustness under uncertainty is essential
and can be achieved through stochastic and robust optimization approaches to han-
dle variability in system parameters, supply, and demand. Additional research should
also emphasize the development of decision support systems, creating interactive tools
that enable decision-makers to analyze trade-offs among competing objectives and se-
lect suitable strategies. Finally, benchmarking and standardization remain critical to the
progress of the field by establishing common datasets, problem instances, and evaluation
metrics to ensure consistent and transparent comparisons of algorithms.

To promote more effective, resilient, and sustainable resource allocation across var-
ious sectors, these directions will strengthen MORAP’s theoretical foundations as well
as its practical applications.

Finally, future studies should investigate the computational scalability of GA-HM
for larger MORAP instances, examining its convergence behavior and efficiency in high-
dimensional optimization scenarios. GA-HM can manage more variables and bigger
datasets, including scenarios with more employees, activities, or goals. However, fac-
tors such as runtime, memory use, and overall speed may degrade as the problem size
increases.
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