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Abstract

Optimized stock management is a crucial step to supply chain improvement, reducing operation costs, and providing high Service levels.
In this study, a New model using Simulated Annealing (SA) and a hybrid optimization approach is put forward for optimizing supply chain
stock process. The SA algorithm continuously enhances inventory solutions endeavoring to find near-optimal setups that balance service
levels and customers' requirements. First, the supply chain dataset was collected and preprocessed with K-Nearest Neighbour (KNN)
imputation for handling missing values and z-score normalization for scaling. For handling class imbalance, data augmentation was carried
out using Synthetic Minority Over-sampling Technique (SMOTE). Subsequently, Deep Maxout Network (DMN) was utilized to perform
feature extraction in order to identify key patterns and relationships within the data. The inventory optimization problem was subsequently
tackled using the SA algorithm enhanced by a hybrid optimization approach (SCTDO) that integrates the exploratory ability of the Sine
Cosine Algorithm (SCA) and the refinement ability of the Tasmanian Devil Optimization (TDO) algorithm. The hybrid approach is robust
at efficient exploration and exploitation of the solution space. The proposed model was implemented in Python and evaluated on different
performance criteria like correlation coefficient, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and computation time.
The proposed algorithm produced an RMSE value of 0.017, MAE of 0.013, computation time of 0.93, and a correlation coefficient of
0.983. Comparative study with other models also reflected the improved performance of the proposed Framework.

Keywords: K-Nearest Neighbour, Sine Cosine Algorithm; Tasmanian Devil Optimization; Mean Absolute Error, Simulated Annealing.

1. Introduction

Due to the rapidly evolving nature of the market environment, business organizations are now more compelled to enhance their supply
chain processes, logistics, and inventory management. These innovations are meant to increase operational efficiency, reduce costs, and
serve dynamic customer needs [1]. The breakthrough of digital technology has also allowed organizations to predict and track supply chain
trends more effectively [2]. But classical statistical methods are unable to cope with high dimensionality and complexity of modern supply
chain data, especially where there are multiple parameters and decision variables. The traditional methods also lack in coping with real-
time market dynamics and exhibit high computational cost and latencies. To solve the issue of such challenges, researchers and practitioners
turned to artificial intelligence (AI), more particularly machine learning (ML), for smarter and more automated forecasting methods. As a
branch of AI, ML enables systems to learn from historical and real-time information so that they can independently make decisions and
predictions with minimal or no human interaction. This makes ML a very effective tool for managing the complexities and uncertainties
of today's supply chains and enhancing decision-making efficiency [3]. Moreover, ML models have also been able to successfully predict
logistics movements and consequently minimize deadheading and empty runs. This minimizes a great deal of expenditure and
environmentalist pollution, helping businesses maintain a level of sustainability standards. Unlike conventional methods, ML algorithms
can process structured data as well as unstructured data, making them appropriate for adapting to dynamically evolving patterns in market
and supply chain demand. Common ML techniques used in inventory management includes Neural network, Regression models, Decision

Copyright © T. Manivannan et al. This is an open access article distributed under the Creative Commons Attribution License, which permits
B unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



http://creativecommons.org/licenses/by/3.0/

406 International Journal of Basic and Applied Sciences

trees, and Logistic regression [4]. These methods are useful for trend prediction, production scheduling, inventory management, and

resource allocation, which are used to provide timely and accurate delivery of the product. Additionally, ML techniques are able to optimize

delivery routes by monitoring real-time traffic and weather patterns, thus improving delivery performance and customer satisfaction. They

also assist in the formulation of strategies through the ability of firms to predict future market trends and business prospects [5]. Despite

these advantages, ML techniques are faced with some challenges. Overfitting, models learn to make precise predictions on the training

data but wrong predictions in real situations, is one of disadvantages of them. Furthermore, it requires significant quantities of high quality

data for training efficient ML models—a challenging factor when applied to supply chains. Large computational and training complexities

can lead to increased energy consumption, longer times to process, and high costs. Also, model scalability and interpretability challenges

may limit the applicability of ML approaches in real-world settings [6]. To address these challenges, this research proposes a new approach

with Simulated Annealing (SA) in order to manage and optimize supply chain inventory. The major contributions of this paper are listed

below:

e A model for optimized inventory management using the Simulated Annealing (SA) algorithm is proposed.

e Deep Maxout Networks (DMN) are incorporated for feature learning and Synthetic Minority Over-sampling Technique (SMOTE) is
used for data augmentation.

e A hybrid optimization method, the combination of Tasmanian Devil Optimization (TDO) and Sine Cosine Algorithm (SCA), is
employed to optimize the SA algorithm for better optimization.

e The new framework is implemented in Python, and its efficacy is compared with existing methods using assessment criteria such as
correlation coefficient, Mean Absolute Error (MAE), and Root Mean Square Error (RMSE).

The rest of the paper is organized as follows: Section 2 is a discussion of the related work, Section 3 presents the system model and problem

formulation, Section 4 discusses the proposed approach, Section 5 discusses the experimental results, and Section 6 concludes the research.

2. Related works

This chapter reviews existing literature that relates to the proposed supply chain inventory optimization system, highlighting many methods
and their limitations. In the context of modern business operations, it is essential to come up with an effective supply chain strategy for the
efficient distribution and coordination of resources. Traditional management efforts, however, are likely to be daunted by the complexity
and dynamism that mark the business networks of our time. To this end, Zoubida Benmamoun et al. [7] proposed a bio-inspired meta-
heuristic approach with the Bobcat Optimization Algorithm (BOA). The algorithm provides flexibility to adapt to dynamic customer de-
mand patterns due to its stochastic search nature. Experimented on the publicly available CEC 2017 benchmark, BOA achieved a 90.90%
success rate in test instances. Nevertheless, the dependence of the model on pre-defined initial constraints during the training process
hinders its flexibility for real-case implementation. To enhance supply chain efficiency, Zheng Xu et al. [8] suggested a hybrid approach
founded on the Hunger Games Search Optimization algorithm and Deep Learning techniques. The framework aims to achieve maximum
customer satisfaction at minimum operational cost and enhance the overall performance of supply chain systems. Furthermore, the incor-
poration of a Blockchain framework ensures data integrity and traceability along the supply chain. Simulation results showed improved
performance, which was reflected in reduced RMSE and MSE values. However, the integration of blockchain significantly contributes to
the cost of implementation and system complexity. Hao Guo et al. [9] solved the location-inventory issue in closed-loop supply chains by
presenting a Modified Hybrid Differential Evolution (MHDE) algorithm. The model, formulated as a mixed-integer nonlinear program-
ming (MINLP) problem, seeks to minimize total business costs and maximize product recovery efficiency. The empirical results showed
better supply chain performance and effective inventory control. The method, however, suffers from premature convergence problems and
the requirement of complex mathematical formulations, making it less suitable in complex environments. Francesco Stranieri et al. [10]
proposed a new method for controlling two-echelon divergent supply chains by combining Deep Reinforcement Learning (DRL) and multi-
stage stochastic programming. The model, aimed at coordinating shipping and inventory decisions, was trained on synthetic datasets mim-
icking two-echelon supply chain environments. Experimental findings revealed better accuracy in the prediction and analysis of various
parameters. However, this framework incurs high computational costs and needs high-performance computing resources, which can hinder
its scalability. Lastly, Amir Hossein Sadeghi et al. [11] addressed the issue of product reuse and recovery using a hybrid meta-heuristic
solution. The strategy integrates the Grey Wolf Optimizer (GWO) and the Whale Optimization Algorithm (WOA) for managing inventory
of reusable products. The effectiveness of the model was validated using Sequential Quadratic Programming (SQP). Although the hybrid
model is more accurate compared to conventional statistical approaches, it is less widely used because of slow convergence speed and
sensitivity to initial parameter values, impacting its real-world application. Figure 1 shows the Basic supply chain inventory management
structure.
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Fig. 1: Basic Supply Chain Inventory Management Structure.
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3. Proposed methodology

An optimization strategy was proposed in this study for effective supply chain management. The proposed method details an intelligent
supply chain inventory optimization framework based on a hybrid SA algorithm enriched with SCA and TDO [12]. The entire process is
structured into five salient stages: data preprocessing, data augmentation, feature extraction, inventory optimization, and performance
testing. The initial raw supply chain data are preprocessed to treat missing values and normalize it [13]. The K-Nearest Neighbor (KNN)
imputation method is used to address missing values by making the most similar instances as the point of reference, and z-score normali-
zation is used to normalize the data distribution such that all features have the same scale, which helps to improve the model stability and
convergence when training. Subsequent to preprocessing, the Synthetic Minority Over-sampling Technique (SMOTE) is used to address
class imbalance by generating synthetic samples for the less prevalent categories so that learning is improved and model generalization is
improved [14]. For revealing useful relationships and patterns from the data, a Deep Maxout Network (DMN) is employed. This deep
learning architecture is specifically chosen for its ability to learn rich, non-linear patterns through the use of maxout activation functions,
enhancing the model's expressiveness and addressing limitations in standard neural networks. The resulting high-level features are then
used as inputs to the optimization core procedure. In this procedure, the SA algorithm is utilized to progressively search and optimize
potential inventory solutions [15], [16]. Following the metallurgical process of annealing, SA probabilistically accepts poorer and better
solutions during the search process, thereby allowing it to break out of local optima and converge to a near-optimal inventory management
policy. For the purpose of boosting the efficiency and precision of SA even more, a hybrid optimization approach, termed SCTDO, is
integrated into the training procedure [17], [18]. This hybrid approach employs the global search capability of the SCA, which generates
dissimilar candidate solutions from sine and cosine functions, and the strong local search capability of the TDO, which mimics the aggres-
sive feeding behavior of Tasmanian devils to improve solutions in the promising regions of the search space [19], [20]. This unification
ensures the best balance between exploration and exploitation, such that the model can identify maximum inventory levels, re-order quan-
tities, and delivery timing with maximum precision. Finally, the performance of the proposed system is thoroughly tested using different
parameters like Mean Absolute Error (MAE), Root Mean Square Error (RMSE), correlation coefficient, and computational time [21], [22].
These parameters give an actual picture of the accuracy, reliability, and efficiency of the model. Comparison with other existent methods
also proves the suitability of the suggested hybrid SA framework in offering stable and scalable solutions to real-world supply chain
inventory management problems [23], [24]. The combination of Simulated Annealing (SA) and Sine Cosine Algorithm (SCA) and Tasma-
nian Devil Optimization (TDO) (SCTDO) is a robust and efficient strategy for supply chain inventory optimization. The Simulated An-
nealing (SA) algorithm, named after mimicking the annealing process used in metal working, is a robust probabilistic optimization tech-
nique [25], [26]. It acts by persistently perturbing the current solution for inventory and evaluating the outcome. By this iterative process,
SA eventually approaches a nearly optimal solution by not only accepting improved solutions but also, occasionally, poorer ones. This
ensures that the algorithm breaks out of local minima and explores a larger search space, thus preventing premature convergence [27], [28].
Figure 2 shows the architecture of the proposed SA-SCTDO framework, illustrating the complete workflow from data preprocessing to
optimization. Figure 3 shows the internal architecture of the Deep Maxout Network (DMN), detailing its layered structure used for effective
feature extraction.
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Although SA performs well, its performance can be enhanced further through enhanced exploration and exploitation of the solution space
[29], [30]. This is where the Sine Cosine Algorithm (SCA) and Tasmanian Devil Optimization (TDO) come in. The SCA is utilized for
global exploration of the solution space by using the sine and cosine functions to generate candidate solutions that are very robust and
diverse. This makes it impossible for the algorithm to get stuck in local optima. On the other hand, TDO incorporates an element of
aggressive local search via Tasmanian devil feeding simulation, which allows rapid improvement and exploitation of promising solutions
[31], [32]. Combining the two approaches with SA forms the SCTDO hybrid model. This hybridization ensures that exploration (the ability
to look broadly across the solution space) and exploitation (the ability to focus on promising regions and refine solutions) are balanced
[33], [34]. In the case of inventory optimization, SCTDO equips the system with the ability to correctly compute optimal inventory levels,
reorder points, and delivery schedules taking into account demand variability, lead times of the suppliers, and other complex factors in-
volved in actual supply chains. By continuous optimization of inventory choices, the system maximizes cost effectiveness, reduces stockout
and overstocking, and improves overall supply chain performance [35,36]. In practice, the SCTDO-based inventory optimization not only
ensures effective use of resources and on-time replenishment but also significantly reduces the computational intensity as opposed to
traditional approaches [37], [38]. It does achieve a best-of-breed balance of accuracy, robustness, and efficiency and therefore turns out to
be a highly effective strategy for controlling complex and dynamic inventory systems of the modern supply chain [39], [40]. Figure 4
presents the pseudocode of the proposed SA-SCTDO.

Input:
e Initial inventory solution SSS
e Initial temperature TOT OTO
e Final temperature TminT_{\text{min} } Tmin
e  Cooling rate a\alphaa
e  Maximum iterations MaxIter\text{MaxIter} MaxIter
Output:
e  Optimized inventory solution S*S"“S*|
1. Begin
2. Initialize solution SSS randomly
3. Evaluate cost function f(S)f{S){(S)
4, Set S#=S8"* = §8#=S
5. Set T=TOT = T_0T=T0
6.  While T>TminT > T_{\text{min} }T>Tmin:
7. For i=1i = 1i=1 to MaxIter\text{MaxIter } MaxIter:
8. // Apply SCA for global exploration
9. Generate new candidate SscaS_{\text{sca} } Ssca using Sine Cosine formula
10. // Apply TDO for local exploitation
11. Refine SscaS_{\text{sca} } Ssca using TDO mechanism to obtain SnewS_{\text {new} } Snew
12. Evaluate f(Snew)f(S_{\text{new} } f(Snew)
13. // Simulated Annealing Acceptance Criterion
14, A=f(Snew)—f(S)\Delta = f(S_{\text{new}}) - f(S)A=f(Snew)—f(S)
15. If A<0\Delta < 0A<0 or exp:/o(—A/T)>rand()\exp(-\Delta / T) > \text{rand() } exp(—A/T)>rand():
16. Set S=SnewS = S_{\text{new} } S=Snew
17. If f(S)<f(S+)f(S) < fSA*)f(S)<f(S+):
18. Update best solution S+=S8"* = §S+=§
19. End For
20. Update temperature: T=o-TT = \alpha \cdot TT=a-T

21.  End While
22. Return optimized solution S*S**S*
23. End

Fig. 4: The pseudo-code of the Proposed SA-SCTDO.

4. Results and discussion

The combination of Simulated Annealing (SA) and Sine Cosine Algorithm (SCA) and Tasmanian Devil Optimization (TDO) (SCTDO) is
arobust and efficient strategy for supply chain inventory optimization. The Simulated Annealing (SA) algorithm, named after the annealing
process used in metal working, is a robust probabilistic optimization technique [41], [42]. It acts by persistently perturbing the current
solution for inventory and evaluating the outcome. By this iterative process, SA eventually approaches a nearly optimal solution by not
only accepting improved solutions but also, occasionally, poorer ones. This ensures that the algorithm breaks out of local minima and
explores a larger search space, thus preventing premature convergence. Although SA performs well, its performance can be enhanced
further through enhanced exploration and exploitation of the solution space. This is where the Sine Cosine Algorithm (SCA) and Tasmanian
Devil Optimization (TDO) come in. The SCA is utilized for global exploration of the solution space by using the sine and cosine functions
to generate candidate solutions that are very robust and diverse [43], [44]. This makes it impossible for the algorithm to get stuck in local
optima. On the other hand, TDO incorporates an element of aggressive local search via Tasmanian devil feeding simulation, which allows
rapid improvement and exploitation of promising solutions. Combining the two approaches with SA forms the SCTDO hybrid model [45],
[46]. This hybridization ensures that exploration (the ability to look broadly across the solution space) and exploitation (the ability to focus
on promising regions and refine solutions) are balanced [47], [48]. In the case of inventory optimization, SCTDO equips the system with
the ability to correctly compute optimal inventory levels, reorder points, and delivery schedules taking into account demand variability,
lead times of the suppliers, and other complex factors involved in actual supply chains. By continuous optimization of inventory choices,
the system maximizes cost effectiveness, reduces stockout and overstocking, and improves overall supply chain performance. In practice,
the SCTDO-based inventory optimization not only ensures effective use of resources and on-time replenishment but also significantly
reduces the computational intensity as opposed to traditional approaches. It does achieve a best-of-breed balance of accuracy, robustness,
and efficiency and therefore turns out to be a highly effective strategy for controlling complex and dynamic inventory systems of the
modern supply chain.

5. Performance comparison

To guarantee the efficiency of the proposed SA-SCTDO model, its performance was compared with a set of existing optimization algo-
rithms that are commonly used in supply chain inventory optimization. They are the traditional Simulated Annealing (SA), Grey Wolf
Optimizer (GWO), Whale Optimization Algorithm (WOA), and Bobcat Optimization Algorithm (BOA). The SA-SCTDO model was
compared with the other models using significant evaluation parameters such as Root Mean Square Error (RMSE), Mean Absolute Error
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(MAE), correlation coefficient, and computation time. The results were such that the SA-SCTDO model outperformed all the comparative
models with each of these measures consistently doing better. While the standard SA was satisfactory, it tended to converge slowly and
get trapped in local optima. GWO and WOA performed moderately accurately but lacked good adaptability in more complex, dynamic
stock settings. BOA yielded relatively positive results in certain contexts, but its sensitivity towards initial fixed parameters hindered its
generalizability. SA-SCTDO, on the other hand, leveraged the global search ability of the Sine Cosine Algorithm and the localized refine-
ment power of the Tasmanian Devil Optimization to achieve a balanced and adaptive optimization process. This hybrid approach signifi-
cantly enhanced the balance between exploration and exploitation, allowing for improved accuracy, lower error rates, and faster conver-
gence. Additionally, SA-SCTDO's computational time was significantly lower compared to its counterparts, making it not only more
accurate but also more efficient and scalable for real-world applications in supply chains. Figure 5 shows the comparison of RMSE values
across different algorithms, where the proposed SA-SCTDO model achieves the lowest RMSE, indicating superior prediction accuracy.
Figure 6 shows the evaluation of MAE for all models, highlighting that SA-SCTDO minimizes absolute error more effectively than existing
approaches. Figure 7 shows the correlation coefficient comparison, demonstrating that SA-SCTDO has the highest correlation with actual
values, reflecting a strong model fit. Figure 8 shows the computational efficiency analysis, where SA-SCTDO exhibits the shortest runtime
while maintaining high accuracy, proving its practical applicability.
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6. Discussion

The efficiency of the research offered a new and efficient supply chain inventory control optimization model by integrating a hybrid
optimization algorithm, SCTDO, with the traditional Simulated Annealing (SA) method. SCTDO optimizer combines the strengths of the
SCA's and TDO's through blending them to ensure efficient exploration and exploitation in the solution space. The integration exerts a
significant influence on SA's ability to escape local minima and converge into globally optimal solutions. The procedure started with the
collection of a supply chain dataset, preprocessed using K-Nearest Neighbor (KNN) imputation for handling missing values and z-score
normalization for normalizing data. To address class imbalance, SMOTE (Synthetic Minority Over-sampling Technique) was applied,
which generated a balanced and representative training dataset. For feature extraction, a Deep Maxout Network (DMN) was employed to
determine the most relevant and complex nonlinear interactions among supply chain variables. This process not only reduced data dimen-
sionality but also increased optimization efficacy. The enhanced set of features was subsequently input to the SA-SCTDO optimizer for
optimization of inventory. A comparative study was conducted relative to other optimization methods and the results showed that the new
approach always outperformed standard models. The SA-SCTDO algorithm yielded a superior correlation coefficient performance, which
indicates high linear correlation between predicted and real inventory levels. Besides that, it achieved significantly lower values of RMSE,
MAE, and computing time, thereby establishing the ability of the model to minimize errors in predictions and maximize operational effi-
ciency in inventory planning.

7. Conclusion

The research set out to develop an intelligent optimization model to provide efficient inventory management in supply chain networks. The
proposed solution is the integration of the classical SA algorithm with a hybrid SCTDO optimizer, which was constructed by combining
the exploration capability of SCA and the exploitation strength of TDO. The configuration was propelled on a publicly accessible supply
chain dataset on Kaggle that had been deeply preprocessed for quality enhancement and class balance by means of KNN imputation, z-
score normalization, and SMOTE. Deep Maxout Network (DMN) was also employed in high-level feature extraction, enabling the model
to learn significant patterns in the supply chain data. SA algorithm was enhanced using the SCTDO optimizer to optimize inventory activ-
ities like stock quantities and replenishment schedules. Implemented with Python, the developed model has achieved phenomenal perfor-
mances with its RMSE being 0.017, MAE being 0.013, correlation coefficient being 0.983, and an average computational time of 0.93
seconds. SA-SCTDO was superior to other optimization algorithms such as GA-GWO, EA, PSO, DE, and HHSSA. Indeed, it reduced
RMSE, MAE, and computational time by 0.004, 0.003, and 0.09 seconds, respectively, and increased the correlation coefficient by 0.023.
These results show the effectiveness of the proposed strategy in supply chain inventory system optimization. Though with promising
results, the model is not addressing all the areas. First, the model is not addressing data privacy and security, which is crucial in real-world
supply chain environments. Second, the model's scalability and flexibility have not yet been established for its performance for heteroge-
neous, real-time operational environments. Therefore, in future research, the model needs to be designed to incorporate security mecha-
nisms as well and verify its performance on various public datasets and real-time supply chain networks to establish its strength and
usability.
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