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Introduction

ABSTRACT

Effective inventory management is a determining factor in the
probability and sustainability of micro, small, and medium
enterprises (MSMEs). Adjusting the ideal stock of each product type
that has to be distributed while taking perishable items, storage
capacity constraints, and client demand unpredictability into
account is a difficulty. Stock allocation must maximize profit while
adhering to intricate constraints and particular item number
limitations in the multiple-constraints Knapsack problem. This
research aims to apply the Grey Wolf Optimizer (GWO) algorithm to
the multiple constraints bounded Knapsack problem for optimal
stock allocation while increasing profitability for MSMEs by
comparing the ideal value of the simplex technique. The population
parameter (Npop) and the maximum iteration (Max Iter) were the
two parameters used to test the GWO method. According to
sensitivity analysis, the GWO algorithm optimization study was less
successful in producing the best outcomes. This resulted from a
discrepancy between the simplex method's IDR 9,508,000 profit
optimization and GWO's IDR 9,440,000. Nonetheless, the GWO
method was almost ideal, as indicated by the deviation percentage of
0.7152%. The study highlights the applicability of metaheuristic
optimization for MSME management inventory, offering a near-
optimal solution with minimal deviation from analytical results.
Limitations include the single-case scope and parameter sensitivity
of the GWO algorithm.

This is an open access article under the CC-BY-SA license.

Productive companies that are controlled by individuals or corporate entities who fit the
requirements of having a comparatively small workforce, a modest company size, a low turnover
rate, and typically being founded with little funding make up the Micro, Small, and Medium
Enterprises (MSME) sector (Munthe et al., 2023). As demonstrated by their labor absorption,
foreign exchange contribution, and GDP (Gross Domestic Product) contribution, which, according
to 2021 data, reached 60.5% and accounted for 96.9% of the total national labor absorption—
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MSMEs are essential to the country's economy (Junaidi, 2024). However, significant obstacles are
unavoidable for any organization, particularly when it comes to resource management. A
company's efficacy and efficiency are significantly impacted by its resource management (Nugroho,
2021). Therefore, suboptimal inventory management directly threatens profitability because it
causes excessive storage costs or insufficient storage, resulting in the loss of target markets. In
addition, MSMEs also face obstacles related to storage space capacity and business capital, making
stock allocation decisions a critical optimization challenge.

The problem of determining the stock composition that yields maximum profit within limited
and complex resource constraints can be formulated as a combinatorial optimization problem
(Igbal et al., 2019). A model is needed that can accommodate multiple physical constraints, such as
volume and weight, as well as quantity constraints per item (bounded). Therefore, this study
models the challenge of inventory allocation in MSMEs as a Multiple Constraints Bounded Knapsack
Problem (MCBKP). MCBKP is an appropriate model to represent the highest value load problem
and is computationally classified as an NP-Hard problem (Cacchiani et al., 2022). This NP-Hard
property causes exact algorithms (definite calculations) to be inefficient and impractical for real-
world MSME data scenarios.

Metaheuristics have been used in a number of attempts to solve the challenging Knapsack
problem. The most effective techniques for resolving a variety of practical engineering issues are
metaheuristics, which draw inspiration from natural evolutionary forms, habits, and simplicity
(Mirjalili et al., 2014). As researched by Sapoetra and Habibi (2023) the knapsack problem can be
solved using a combination of Genetic Algorithm (GA) and Particle Swarm Optimization (PSO),
which yielded a minimum error of 1.49% in 24.9 seconds. The knapsack problem in the form of
interval scheduling can be solved using the Greedy and Dynamic Programming algorithms, which
were researched by Prasha et al. (2024). The results show that both algorithms have their own
advantages and disadvantages. Dynamic Programming provides optimal results but takes a long
time compared to the Greedy Algorithm, which is faster but does not always provide optimal
solutions. Wu (2023) also researched the knapsack problem in solving real goods delivery using
Dynamic Programming and the Greedy Algorithm, and found that the greedy algorithm was chosen
because of its efficient computation time. Finally, there is research by Nilasari (Nilasari et al., 2019)
on the Knapsack problem in bamboo craft shops using the Dragonfly Optimization Algorithm (DOA)
solution, which yielded less effective results but was close to the optimal value as proven by simplex
method.

These algorithms still often face challenges in balancing exploration and exploitation, which
can lead to premature convergence. To address this gap, this study proposes the Grey Wolf
Optimizer (GWO) algorithm, a relatively new metaheuristic known for its global exploration
mechanism and ease of use (Mirjalili et al., 2014). The GWO algorithm was chosen for its proven
ability to handle complex search space optimization with a minimal number of parameters,
promising better computational time efficiency (Faris et al., 2018).

Presenting the MCBKP model solution utilizing the GWO Algorithm to accomplish Stock
Allocation and Profit Optimization in MSMEs is, thus, the primary goal of this work. The study's
demonstration of GWO's efficacy as a dependable and practical computational solution in the
setting of limited MSME inventory management is one of its major contributions. It is anticipated
that the findings would offer suggestions for the best and most quantifiable stock allocation to
increase MSME participants’ profitability.
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Method

This study is applied research that employs a quantitative approach focused on optimization
modeling and computational simulation. The research aims to apply algorithmic solutions to solve
multiple constraints in the bounded Knapsack problem—specifically, optimal stock allocation and
profits from fruit-selling micro, small, and medium enterprises (MSMEs) in Medan Selayang
District, Medan City. The best results of the simplex technique and the Grey Wolf Optimizer
algorithm are compared to demonstrate the GWO algorithm's effectiveness. Secondary data are the
primary data source and may be obtained indirectly through reports created by individuals or
organizations, including tables, diagrams, graphs, and other visuals (Darwin et al., 2021). Daily
secondary data collection includes fruit names, volume per package, cost per package, and selling
price per package, as shown in Table 1.

Table 1. Data

No. Fruit Quantity (pack) Volume (cm3) Cost (IDR)  Selling Price (IDR)
1 Apple 10 24,000 400,000 513,000
2 Green Apple 2 34,560 880,000 1,100,000
3 Pear 12 60,000 255,000 323,000
4 Golden Pear 3 21,600 360,000 450,000
5 Star Fruit 2 35,530 150,000 190,000
6 Grape 2 39,990 360,000 470,000
7 Muscat 8 1,500 90,000 120,000
8 Blackcurrant 10 1,500 75,000 100,000
9 Lychee 1 28,560 252,000 315,000
10 Dragon Fruit 3 35,530 160,000 200,000
11 Avocado 15 83,979 336,000 420,000
12 Crystal Guava 4 35,530 140,000 180,000
13 Guava 3 35,530 150,000 190,000
14 Ponkam 2 35,535 380,000 477,000
15 Orange 8 211,219 790,000 980,000
16 Lemon 1 25,000 760,000 952,000
17 Kweni 3 68,726 300,000 380,000
18 Sapodilla 4 35,530 136,000 170,000
19 Snakefruit 4 35,530 140,000 180,000
20 Melon 20 2,105 35,000 45,000
21 Watermelon 80 4,210 28,000 36,000
22 Passion fruit 2 39,990 205,000 258,000
23 Pineaplle 20 2,490 24,000 30,000
24 Soursop 15 2,500 30,000 36,000
25 Papaya 25 1,200 15,000 20,000
26 Thai Mango 3 35,530 420,000 540,000
27 Udang Mango 3 68,726 500,000 630,000
28 Harum Manis Mango 6 24,333 380,000 485,000
29 Sunkist 3 25,000 450,000 568,000
30 Longan 2 28,560 280,000 390,000

Optimization algorithm

Multiple Constraints Bounded Knapsack

The Multiple Constraints Bounded Knapsack Problem (MCBKP) is a combinatorial optimization
problem that is NP-hard (representing the hardest problems of Non-deterministic Polynomial (NP)
but not necessarily belonging to NP itself) and appears in various applications. The constraints in
the MCKP involve objects/items that have more than one dimension, such as weight, cost, and
volume; sum of these dimensions cannot be greater than the storage media’s capacity (Santoso et
al., 2022). This indicates that MCKP is NP-complete, which supports the use of approximation
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algorithms (Szkaliczki, 2025). The obstacle discussed in the study is the allocation of product stock
in a limited storage. The first decision variable is denoted as x;, which represents the number of
items to be allocated to storage. The maximization objective function (Z), where p is the net profit

of each item. Here is the equation of maximum objective function:

Z=2.P% (1)

This model is related to a series of constraints in the form of physical capacity constraints.
There are two restrictions in this study: the total volume for each fruit (v, ) and the cost constraints
(b;). The volume capacity of each shelf in the room is ¢, = 10,000,000 cm? and the available cost

is Cyy = IDR 35,000,000. Furthermore, there is a stock limit constraint that limits the maximum
quantity for each type of fruit. All of these constraints can be formulated as follows.

ijlvjxj <C, (2)
2.b < ©
x; €{0,1,..,m }, j=1,...,n (4)

Grey Wolf Optimizer Algorithm

The Grey Wolf Optimizer (GWO) algorithm is a swarm intelligence-based metaheuristic
optimization method inspired by the social hierarchy and hunting behavior of gray wolves. Gray
wolves are recognized as apex predators in the wild and naturally live in pack comprises 5 to 12
wolves and maintains a strict social hierarcy: it is lead by an alpha (a) wolf, (the dominant
individual, either male or female), followed by the subordinate beta (3) wolves, the third-ranking
delta (8) wolves, and finally the lowest-ranking omega (w) wolves (Mirjalili et al., 2014). The
equation model for the GWO algorithm is based on the prey attack technique (Nahor et al., 2023).

Encircling Prey
This is the equation model obtained when the grey wolf surrounds the prey:

D=|CX,(H)-X() (5)
X(t+)=X,()-AD (6)
where t is the current iteration, X isthe position vector of the gray wolf, ?p is the position vector

of the prey, 4 and C are coefficient vectors. The parameter A tends to exploit solutions in local

optima, so a parameter strategy C is needed to overcome these local optima traps, especially at
the end of the iteration (Ardiansyah et al., 2025) in order to obtain the best optimum region. Before
proceeding, parameter a must first be determined. This value is designed to decrease linearly from
2 to 0 across the iterations (Azis et al., 2025), while r1 and r2 are random numbers between [0, 1].
calculated using the following equations.

2t
Cl(t) = 2—K (7)

A=2ar—a (8)
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C=2r (9)

Hunting
o (alpha) serves as the hunting leader, while 3 (beta) and § (delta) in pursuing the prey once it has

been encircled (Qiu et al., 2024). Referring to the social hierarchy, where « (alpha) is the first-best
option,  (beta) is the second, and 6 (delta) is the third. The prey's escape during this process results
in a shift in the gray wolf population's location. The search for the optimal hunting location is
modeled in the following equation.

D. =‘6’1.)—(a -X|, Bﬂ =‘Ez.)—(ﬁ—)—( , Ds =‘63.)—(d—)—(‘ (10)
Xi=Xo-A1.(Da), X2=Xp—A2.(Dp), Xs=Xs—As.(Ds) (11)
X,(t+1)=X1+X32+X3 (12)

Data processing
Based on the method description, application steps of the Grey Wolf Optimizer (GWO) algorithm to
solve the multiple constraints bounded Knapsack problem are outlined as follows.

After collecting the necessary data, initialized with the input variables: fruit, population
(Pop), maximum iteration (Max Iter), volume (v,), cost (b,), and price, random numbers are

subsequently generated corresponding to the number of dimensions and the population. The initial
results for v;, b, and are verified using equations (2) and (3).

Next, the fitness value is calculated. This involves determining the total profit for each fruit
quantity data point using equation (1). From the computed fitness values, the three highest are
identified, which correspond to the alpha (o), beta (§), and delta (§)wolves. These three wolves will
then lead the rest of the pack in hunting the prey (optimization) (Yosviansyah & Rizal, 2024).
Parameters A and C are then computed, but not before figuring out the maximum iteration value
(Tmax) to get the value of parameter a using equation (7), then finding random values between [0,1]

for 7, and 7,, and next using equations (8) and (9). The position of each wolf in the pack is then

updated during the hunting process using equations (10) and (11), resulting in the updated position
calculated by Equation (12). Finally, the fitness value—the most recent total profit for each fruit—
is calculated, representing the current solution found by the wolf pack's pursuit. The alpha (a) value
is regarded as the best optimization result. If the alpha value has not yet reached the desired
solution, additional iterations are required. The process is then repeated, starting from the step of
identifying the alpha, beta, and delta values until the most optimal result is achieved.

To demonstrate the effectiveness of the Grey Wolf Optimizer algorithm in solving the
multiple-constraint bounded knapsack problem, a comparison is performed using the Simplex
method with the aid of the Microsoft Solver Add-in. The final optimal results obtained from the
GWO algorithm and the Simplex method can then be compared by calculating the percentage
deviation using the following equation.

_ simplex—Z,

%Dev x100% (13)

simplex

Figure 1 details the methodology employed to solve the multiple cnstraints bounded
Knapsack problem at Syariah Buah using the Grey Wolf Optimizer (GWO).
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Figure 1. MCBK-GWO Flowchart

Results and discussion

The Grey Wolf Optimizer (GWO) algorithm can be applied to multiple constraints bounded
knapsack problems in MSME stock and profit allocation, which provides near-optimal results.
Because the data being examined is extensive, the GWO technique uses MATLAB R2025b software
to execute computational simulations in its application, reducing the possibility of calculation
mistakes in comparison to human computations. Because it only requires two test parameters—
population parameters and maximum iteration parameters—the GWO method was selected to
tackle multiple constraints bounded knapsack problem because it facilitates the conclusion of
unambiguous optimization outcomes. Its complicated test parameters cause it to take a lengthy
time to acquire the optimization results when compared to other metaheuristic algorithms such as
Particle Swarm Optimizer (PSO), Dragonfly Algorithm Optimizer (DOA), and Genetic Algorithm
(GA). The convergence graph in Figure 2. displays the ideal value that was found after evaluating
the population and maximum iteration parameters.
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Figure 2. Plot of convergent (fitness vs iterations)
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Population parameter test
Following the setup, a simulation program code was developed to test the collected data. The

testing focused on two critical parameters: population size (Npop) and maximum iterations (Max
Iter). Five distinct values 30, 100, 250, 500, and 1000 were chosen for the population size
comparison. For consistency, the maximum iteration (Max Iter) was fixed at 1000 across all trials.
These values were taken based on sensitivity analysis and inspired by Lestasi (Lestari et al., 2019),
whose research used high parameter values from large data sets to obtain the most optimal results.
Each unique combination of these parameters was executed ten times; if only one calculation was
performed, it would be stuck in a local optimum and the optimal result would not be achieved. The
key performance indicators measured were average profit, average convergent iteration, and
average computation time. These comprehensive results are summarized in Table 2. The best profit
obtained on NPop 1000 was 9,484,000 with an average convergence iteration of 561. In
determining fitness, convergence iteration is very important to consider because the smaller the
value, the closer it is to be optimal.

Table 2. Population parameter test result

Average . . Average Convergent Average

NPop Profi% Best Profit Worst Profit Igteration i Computin{iIDI Time
30 9,391,700 9,424,000 9,321,000 820.3 0.32171
100 9,445,700 9,475,000 9,363,000 710 0.99037
250 9,444,400 9,480,000 9,414,000 625.5 2.6924
500 9,447,100 9,480,000 9,393,000 530.6 5.2194
1000 9,467,700 9,484,000 9,431,000 561 10.939

Maximum iteration parameter test
Next, in the maximum iteration (Max Iter), five comparative values were used: 1000, 2000, 5000,

7000, and 10000. Similar to the population parameter, the values chosen for the maximum iteration
parameter are in agreement with the sensitivity analysis. This test utilized a population parameter
of 1000, as this value represented the population size that yielded the best average profit during
the previous testing phase. Similar to the population parameter test, each parameter value
combination was executed ten times (ten program runs). The key performance indicators
measured were average profit, average convergent iteration, and average computation time. The
results of this testing are presented in Table 3.

Table 3. Maximum iteration parameter test result

Max Iter Avera.ge Best Profit Worst Profit Average Copvergent Ave-rage .
Profit Iteration Computing Time
1000 9,391,000 9,424,000 9,399,000 668.6 5.2717
2000 9,445,700 9,475,000 9,395,000 1081.2 10.227
5000 9,444,400 9,480,000 9,426,000 2584 25.607
7000 9,447,100 9,480,000 9,445,000 3168.2 37.273
10000 9,484,000 9,484,000 9,424,000 4094.1 50.484

After concluding the tests on both the population and maximum iteration parameters, a final
validation run of the GWO algorithm was performed. This ultimate test used the parameters
deemed most robust: a population size of 1000 and a maximum iteration count of 10,000. To ensure
the reliability of the most optimal outcome, this combination was executed ten times. Subsequently,
the step requires calculating the percentage deviation to quantitatively assess how effectively the
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Grey Wolf Optimizer (GWO) performs against the Multiple Constraints Bounded Knapsack Problem.
This deviation analysis, presented in Table 4, utilizes Equation (14) and compares the GWO results
against the known optimal profit yielded by the Simplex method--which was determined using the
Microsoft Excel Solver add-in to be IDR 9,508,000-,.

Table 4. Final result with percentage deviation

No. Cost Best Profit Convergent Computing Time Deviation (%)
Iteration (sec)

1 34,999,000 9,381,000 7031 68.74 1.3357
2 35,000,000 9,439,000 8355 80.25 0.7257
3 35,000,000 9,415,000 7471 75.21 0.9781
4 34,997,000 9,386,000 8148 77.30 1.2831
5 35,000,000 9,440,000 7732 74.30 0.7152
6 35,000,000 9,415,000 7628 72.08 0.9781
7 34,990,000 9,412,000 6537 62.24 1.0097
8 34,999,000 9,394,000 6243 59.56 1.1990
9 34,800,000 9,340,000 6153 58.71 1.7669
10 34,999,000 9,416,000 8195 76.74 0.9676
Average 9,403,800 73492 70.4617 1.0959

Based on the final results using a population size of 1000 and 10,000 maximum iteration,
GWO algorithm achieved a solution that closely approached the theoretical optimal value.
Specifically, the highest profit recorded was IDR 9,440,000 in the fifth run, yielding a percentage
deviation of 0.7152%. Conversely, the smallest profit recorded was IDR 9,340,000, with a
percentage deviation of 1.7669%. The average profit across all runs was found to be IDR 9,403,000
with an average convergent iteration count of 73492.

Increasing the parameters for population size and maximum iterations does not guarantee a
superior optimal solution. This outcome is attributed to several factors, including the algorithm
becoming trapped in a complex solution space and issues concerning the balance between
exploration and exploitation. Consequently, the optimal solution is determined not solely by the
quantity of the parameters but rather by the suitability of the algorithm to the specific problem.

The best-found solution by the Grey Wolf Optimizer (GWO) algorithm for the Multiple
Constraints Bounded Knapsack Problem resulted in a maximum profit of IDR 9,440,000, this
solution utilizes a total volume of 5,113,703 cm3 and dictates an optimal stock of 235 packages
across 29 types of fruit, detailed as follows: 10 boxes of 13.5 kg apples, 2 boxes of 18 kg green apples,
12 boxes of 17 kg pears, 3 boxes of 9 kg golden pears, 1 basket of 10 kg star fruit, 2 baskets of 6 kg
grapes, 8 packages of muscat, 10 packages of blackcurrant, 1 basket of 5 kg lychees, 3 baskets of 10
kg dragon fruit, 15 baskets of 20 kg avocados, 4 baskets of 10 kg crystal guava, 3 baskets of 10 kg
common guava, 1 box of 9 kg Ponkam, 3 baskets of 55 kg oranges, 1 box of 14 kg lemons, 3 baskets
of 20 kg kuweni, 2 baskets of 10 kg sapodilla, 4 baskets of 10 kg snake fruit, 19 pieces of melon, 80
pieces of watermelon, 2 baskets of 6 kg passion fruit, 4 pieces of pineapple, 25 pieces of papaya, 3
baskets of 10 kg Thai mango, 3 baskets of 20 kg Udang mango, 6 boxes of 10 kg Harum Manis mango,
3 boxes of 14 kg Sunkist, and 2 baskets of 5.5 kg longan.

Conclusion

In accordance with the results and discussion presented, the Grey Wolf Optimizer (GWO) Algorithm
yielded a profit of IDR 9,440,000 as the optimum solution for the Multiple Constraints Bounded
Knapsack Problem with a total volume of 5,113,703 cm3 and resulted in an optimal fruit stock of
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235 packages covering 29 types of fruit. According to sensitivity analysis this best-found profit was
achieved using final testing parameters of population sizes (Pop) of 1000 and a maximum iteration
(Max Iter) of 10,000, with convergence occurring at 7732 iterations. However, the findings caution
that optimality is not solely a function of increased parameter quantity. This algorithm’s
performance is significantly influenced by intrinsic factors, such as the risk of becoming stuck in
local optima and the balance between exploration and exploitation. Thus, achieving an optimal
solution relies primarily on the algorithm’s structural suitability to the problem. While GWO'’s
optimal profit showed a quantitative difference compared to the Simplex method (calculated via
the Microsoft Excel Solver add-in) maximum profit of IDR 9,508,000, the result percentage
deviation was sufficiently small. This outcome confirms that the GWO algorithm provides a reliable
and close approximation to the theoretical optimal point. Future research should explore hybrid or
adaptive versions of GWO algorithm and compare their performance with other metaheuristic
algorithms on larger-scale Multiple constraints bounded knapsack problem datasets to generalize
these findings.
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