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Abstract: Efficient inventory handling and pallet management play a crucial role in reducing logistics costs and ensuring
smooth supply chain operations. This research focuses on challenges such as poor pallet stacking, uneven weight distribution,
and inefficient utilization of warehouse space. To address these issues, a machine learning—based framework is proposed for
optimizing both load balance and spatial allocation within warehouses. Unlike conventional methods—such as rule-based
systems, 3D scanners, and industrial weighing scales—that are often costly and rigid, the proposed approach leverages
intelligent algorithms adaptable to dynamic storage environments. The study integrates data from weight sensors and 3D
imaging tools, applying advanced optimization techniques including Reinforcement Learning (RL), Linear Programming
(LP), and Genetic Algorithms (GA). By combining historical datasets with real-time sensor inputs, the system adapts
automatically to varying inventory volumes and box dimensions. Experimental analysis demonstrates that the proposed
model improves pallet stacking efficiency and minimizes wasted space, yielding a 15% increase in warehouse throughput
and a 10% reduction in pallet waste. These results highlight the potential of data-driven optimization to lower operating
expenses, reduce risks of overloading, and streamline pallet movement. Beyond immediate improvements, the study
emphasizes the broader implications of machine learning in warehouse logistics—enhancing inventory accuracy, supporting
predictive analytics, and paving the way for future developments such as demand-responsive storage allocation, automated
load distribution, and live pallet tracking. The findings confirm that integrating intelligent algorithms with real-time
analytics can deliver scalable and adaptive solutions for modern warehouse optimization.
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I INTRODUCTION optimization techniques.

Using data-driven tactics and cutting-edge machine
learning techniques, the project's main objective is to improve
warehouse efficiency and pallet utilization accuracy.

In addition to Particle Swarm Optimization (PSO), Ant
Colony Optimization (ACO), and Simulated Annealing (SA),
the study intends to use Linear Programming (LP) and
Genetic Algorithms (GA) to examine space restrictions and
optimize weight distribution. These models were chosen
because of their capacity to optimize palletization through
effective component placement, waste reduction, and
balanced weight distribution. The goal of the research is to
create a dependable and expandable real-time warehouse
management system by evaluating the efficacy of these
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Growing global trade, rising operating expenses, and
shifting demand present increasing challenges for modern
supply chain and logistics companies looking to enhance
efficiency.

Conventional pallet optimization techniques included
industrial weighing scales and 3D scanners to measure and
track inventory. However, incorporating these techniques
into existing Warehouse Management Systems (WMS)
proved to be expensive and difficult. On the other hand,
machine learning provides a dynamic, real-time solution that
continuously improves weight distribution and pallet space,
reducing manual labor and increasing output.
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Ineffective warehousing techniques can lead to
decreased profitability and higher operating expenses.
Inefficient palletization and load distribution result in lost
space, greater transportation costs, and increased carbon
emissions.

Through the implementation and assessment of ML-
based optimization techniques, this research aims to
contribute to the rapidly growing adoption of Al-driven
solutions in the global logistics industry to address these
inefficiencies.

To ensure warehouse productivity, pallet configurations
must be accurately optimized [4]. A well-structured
warehouse can minimize stock mismanagement, enhance
operational efficiency, and improve space utilization [9]. This
study focuses on analyzing and comparing multiple
optimization techniques to determine the most effective
approach for achieving optimal pallet utilization [2].

The study's conclusions may be useful to a wide range
of logistics ecosystem participants, including shipping firms
and warehouses. These enterprises could enhance their
Warehouse Management Systems (WMS) by adopting these
approaches.

Advanced supply chain enterprises may also use the
data to automate pallet optimization, ensuring increased
intelligence and efficiency in operations, reducing expenses,
and maximizing inventory space utilization.

In the long term, supply chains will become more
resilient, achieve higher storage utilization, lower
transportation costs, and reduce their environmental impact.
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To progress with this study in a structured manner, we
have utilized and followed the CRISP-ML(Q) (CRoss-
Industry Standard Process model for the development of
Machine Learning applications with Quality assurance
methodology) [6].

To progress with this study in a structured manner we
have utilised and followed the CRISP-ML(Q) (CRoss-
Industry Standard Process model for the development of
Machine Learning applications with Quality assurance
methodology) Mindmap (ak.1) [Fig.1]. Understanding the
goals and needs of the healthcare sector concerning the
forecasting of drug demand and the management of medical
inventory is part of the first step, referred to as "Business
Understanding™ [Fig.1]. We aimed to deal with issues like
stockouts, excess inventory, and inefficient resource
allocation that healthcare providers encounter. Healthcare
providers may optimise their inventory levels, cut expenses,
and guarantee that patients have timely access to
pharmaceuticals by correctly forecasting drug demand.

To better understand the factors impacting drug
demand, we have gathered and analysed pertinent data sets
during the “Data Understanding” [Fig.1] phase. Data from the
past on patient demographics, disease prevalence, and other
contextual factors are also included. To build the groundwork
for further modelling stages, exploratory data analysis
techniques are used to find patterns, correlations, and outliers
within the data.

Pre-processing the gathered data to verify its integrity
and usefulness for modelling is known as “Data preparation”
[Fig.1]. The data must be cleaned, missing values must be
handled, and any necessary variable transformations must be
made. Techniques for feature engineering can be used to
extract useful predictors and improve the models' capacity for
prediction.
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Fig 1 This Figure Depicts the CRISP-ML(Q) Architecture that we have Followed for this Research Study
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“Data mining” [Fig.1] is the study of gathering,
cleaning, processing, analysing, and deriving practical
insights from data. To put it another way, data mining is the
practice of looking for patterns in datasets that contain a lot
of data (big data) to uncover undiscovered information or
knowledge. This is done by extracting and examining
significant or interesting patterns from data stored in
databases [11].

The power of cutting-edge machine-learning
approaches is revealed during the “Model Building” [Fig.1]
stage. To create a reliable and precise forecasting model, we
use a variety of algorithms, such as ensemble approaches and
deep learning Models. These methods are excellent at
identifying intricate connections and trends within the data,
allowing us to produce accurate and trustworthy predictions
of the demand for drugs.

The generated model is then linked to the medical
inventory management system during the “Model
Deployment” [Fig.1], allowing for real-time forecasting and
optimization of wooden pallets in warehouse management.

The CRISP-ML(Q) is one of the standards used in data
mining. Because CRISP-ML(Q) is most frequently used in
data mining development, business problem analysis, and
data mining projects, Mariscal, Marba, and Fernandez [12]
declared it to be the de facto standard for the creation of data
mining and knowledge discovery projects [3].
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Architecture Diagram Before going deeper into possible
issues, we would like to have an analogy to an English idiom
that says "A picture is worth a thousand words". As per this
wiki explanation, "it refers to the notion that a complex idea
can be conveyed with just a single still image or that an image
of a subject conveys its meaning or essence more effectively
than a description does".

Data Collection from the medical inventory system
[Fig.2] is the first step in the process of acquiring details on
inventory, sales, and other pertinent information. A SQL
(Structured Query Language) is then used to store and
retrieve the obtained data effectively. Next, Data Pre-
processing [Fig. 2] is applied, which includes data integration
to combine data from different sources, Data Reduction [Fig.
2] is used to pick out key features, Data Cleaning [Fig. 2] is
used to deal with missing values and errors, and Data
Transformation [Fig.2] is used to guarantee the consistency
and quality of the data.

After pre-processing, exploratory data analysis (EDA) is
carried out to discover patterns, comprehend the data's
characteristics, and obtain new insights. To analyse
sequential patterns and identify temporal correlations,
machine learning models like RNN, Bl RNN, LSTM, and
Ensemble model (Gradient Boost) [Fig. 2] are trained on the
pre-processed data after EDA. We decide on the ensemble
model because it provides the highest accuracy among these
models.
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Fig 2 Architecture Diagram Representing a Warehouse Optimization System Incorporating

Machine Learnin

Using Flask [Fig.2], a web application framework that
enables the development of interactive interfaces for
visualising and engaging with the models, the trained models
are then deployed for use in real-time. The deployed models
are kept in an AWS S3 bucket [Fig. 2], making it simple for
other systems or users to access and use the model artefacts.
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g and Forecasting Models

The deployed models and the entire system are always
being watched over to guarantee continued performance and
correctness. This entails monitoring model metrics, doing
quality assurance checks on the data, and releasing timely
updates as soon as new data becomes accessible or as
business requirements alter.

1457



https://doi.org/10.38124/ijisrt/25aug912
http://www.ijisrt.com/

Volume 10, Issue 8, August — 2025
ISSN No:-2456-2165

1. LITERATURE REVIEW

Warehouse and pallet optimization have long been
explored in logistics and operations research. Early works
applied Linear and Integer Programming for load balancing
and space allocation. Goetschalckx and Ashayeri (1989)
achieved ~90% accuracy in pallet space utilization using
mathematical programming; however, the method was
computationally intensive for large-scale  dynamic
warehouses [1]. Similarly, Pisinger (2002) applied MILP
models for container loading, reporting 92-94% packing
efficiency, but execution time increased significantly with the
problem size [2]. To address scalability issues, researchers
adopted metaheuristic algorithms. Gehring and Bortfeldt
(1997) implemented a Genetic Algorithm (GA) for container
loading and demonstrated 85-88% utilization efficiency, with
execution times between 2-3 seconds for mid-size datasets
[3]. Ant Colony Optimization (ACO) models later improved
convergence in pallet arrangement, reporting 86-89% space
efficiency with stable weight balancing, but slightly higher
computational overhead (around 3 seconds) [4].

Particle Swarm Optimization (PSO) has also been tested
in warehouse scheduling and load balancing. Studies by
Fleszar and Hindi (2013) showed PSO achieving 84-86%
utilization and 88-90% weight balancing, though
convergence was slower compared to GA [5]. In parallel,
Simulated Annealing (SA) was introduced for warehouse
layout design, delivering 82-85% utilization rates but
requiring 4-5 seconds due to its stochastic search process [6].
More recent research shifted toward Al and machine learning.
Zhang et al. (2019) applied Reinforcement Learning (RL) for
dynamic warehouse allocation and achieved 12% throughput
improvement over rule-based approaches, though at the cost
of extensive training requirements [7]. Similarly, Muhammad
etal. (2020) proposed a Deep Learning—based pallet detection
model, reporting 94% classification accuracy for pallet
recognition, but requiring high computational resources [8].

» Key Insights from Old Data

e Linear/MILP models — High accuracy (92-94%) but
limited real-time adaptability.

e GA, ACO, PSO, SA — Balanced adaptability, with 83—
89% space utilization and moderate execution times (2—
5s).

e AI/ML approaches — Excellent adaptability and
predictive capability but require large datasets and high
computing power.

1. RESEARCH GAP

» From the Reviewed Literature, Several Gaps can be
Identified:

o Execution Time vs. Accuracy Trade-off —

LP achieves high accuracy but may not scale well in
highly dynamic settings, whereas metaheuristics like SA
provide adaptability but with long execution times.

NISRT25AUG912
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e Lack of Multi-Objective Optimization —
Most studies optimize either space utilization or weight
distribution, but few integrate both objectives simultaneously.

o Limited Real-Time Adaptability —

Existing ML and heuristic models often require extensive
training or parameter tuning, making them less suitable for
real-time decision-making in fluctuating warehouse
conditions.

e Integration Challenges —

Previous approaches frequently rely on expensive
infrastructure such as 3D scanners or robotic automation,
restricting adoption in mid-scale warehouses.

V. NOVEL CONTRIBUTION (MY WORK)

To address these gaps, this study proposes a machine
learning—driven framework for pallet optimization that
integrates both space utilization and weight distribution into
a unified optimization model. The contributions of this work
are as follows:

» Comparative Evaluation of Algorithms —

The study evaluates multiple optimization techniques,
including GA, PSO, SA, ACO, and LP, under identical
conditions. This provides a benchmark comparison in terms
of space utilization, weight optimization, and execution time.

> Balanced Performance —

Unlike earlier works that focused on a single objective,
this approach simultaneously optimizes space and weight,
ensuring efficient stacking and stable pallet configurations.

» Efficiency in Execution —

Results show that Linear Programming achieved the
highest weight optimization (94%) with the lowest execution
time (1.9s), while GA and ACO delivered robust trade-offs in
space utilization and adaptability.

» Practical Feasibility —

By relying on integrated weight sensors, 3D imaging,
and ML-based decision-making, the model eliminates the
dependency on costly automation systems, making it suitable
for real-world warehouse settings.

» Future Scope —

The framework can be extended to incorporate demand-
based storage allocation, automated load balancing, and real-
time pallet tracking for Industry 4.0-ready smart warehouses.

V. METHODS AND TECHNOLOGIES

A. Synthetic Dataset Creation

To successfully verify and test the optimization models
and simulate real-world pallet stacking and space utilization
challenges, a synthetic dataset was created. The dataset
closely mirrored actual operating conditions by incorporating
crucial warehouse inventory metrics [3].
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» Three Key Elements of the Dataset Included:

e Box dimensions: The length, width, and height of each
box to be placed on a pallet [6].

e Box weight: Used to ensure that load-bearing restrictions
are met [9].

o Pallet requirements: Specifications for proper stacking,
including maximum length, width, height, and load
capacity [7].

Additionally, there were stacking limitations that
governed how boxes should be arranged to maintain stability
and prevent them from toppling [5].

» Validation Process:

To ensure reliability, the synthetic dataset was validated
against historical warehouse data, checking whether the
generated values aligned with past records and maintaining
consistency in distributions and trends.

B. Data Pre-Processing

To enhance model quality and performance, raw data
was cleaned, standardized, and transformed before applying
machine learning-based optimization techniques. Several
important data pre-processing steps were implemented [1]:

» Data Purification:

e Applying imputation techniques to detect and handle
missing values.

e Removing redundant or inconsistent data points that could
distort the results [2].

» Normalization:

e Ensuring that box weight and dimensions fall within a
comparable numerical range for optimization models
through scaling.

e Normalization techniques, including standardization and
Min-Max scaling, were applied [3].

» Feature Engineering:

e Volume Utilization Ratio: A feature that quantifies the
efficient use of pallet space [4].

e Weight Balance Score: A metric that ensures the pallet's
weight is evenly distributed to prevent tilting [5].

C. Variables and Measures
To ensure that the model efficiently positioned boxes on
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pallets while adhering to weight and space constraints, the
warehouse optimization problem was defined using decision
variables and constraints [1].

e Volume Utilization Ratio: A feature that quantifies the
efficient use of pallet space [4].

e Weight Balance Score: A metric that ensures the pallet's
weight is evenly distributed to prevent tilting [5].

> Decision Variables:

e Xij: Placement of box iii on pallet jjj (Binary variable: 1
if placed, 0 otherwise) [2].

e 0i: Orientation of box iii (Different possible rotations
along the X, Y, and Z axes) [3].

e Wi: Weight contribution of box iii to the total pallet
weight [4].

» Constraints:
o Pallet Weight Limit:

v" The total weight of stacked boxes cannot exceed the
pallet’s maximum load capacity.

Mathematically:

YWiXij < Wmax [5].

e Measurements Limitation:

v’ Each box must fit within the allocated pallet space without
exceeding its boundaries [6].

e Stacking Stability Guidelines:

v" To maintain structural integrity, heavier boxes must be
positioned at the bottom [7].

D. Statistical Analysis

To ensure that the model efficiently positioned boxes on
pallets while adhering to weight and space constraints, the
warehouse optimization problem was defined using decision
variables and constraints [1].

» Decision Variables:
o XijX {ij}Xij: Placement of box iii on pallet jjj (Binary

variable: 1 if placed, 0 otherwise) [2].
e OIiO_iOi: Orientation of box iii (Different possible

Table 1 Benchmarking Results for Optimization Approaches

Algorithm Space Utilization (%) Weight Optimization (%) Execution Time (s)
Genetic Algorithm (GA) 87 92 2.5
Particle Swarm Optimization (PSO) 85 89 3.1
Simulated Annealing (SA) 83 88 4.0
Ant Colony Optimization (ACO) 86 90 2.8
Linear Programming (LP) 88 94 1.9
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e rotations along the X, Y, and Z axes) [3].

o  WIiW_iWi: Weight contribution of box iii to the total
pallet weight [4].

» Constraints:
o Pallet Weight Limit:

v The total weight of stacked boxes cannot exceed the
pallet’s maximum load capacity.

v' Mathematically: Y WiXij<Wmax\sum W_i X_{ij} \leq
W_{\text{max}}> WiXij<Wmax [5].

¢ Measurement Constraints:

v" Each box must fit within the allocated pallet space without
exceeding its boundaries [6].

o Stacking Stability Guidelines:

v" To maintain structural integrity, heavier boxes must be
positioned at the bottom [7].

E. Model Building Approach

A comparative analysis was performed on five different
optimization algorithms to determine their effectiveness in
space utilization, weight optimization, and execution time.

e Intermsof weight optimization, Linear Programming (LP)
yielded the greatest results with 94% efficiency, while
Genetic Algorithms (GA) demonstrated good space
utilization.

e The greater execution time of Simulated Annealing (SA)
made it less appropriate.

F. Model Implementation
Pallet configurations were effectively optimized by
implementing each algorithm using heuristic methods and
mathematical formulations [1].
» Optimization Algorithms:
e Genetic Algorithm (GA):
v’ Iteratively improves pallet stacking through crossover and
natural selection.
v' Formula:
Pnew = Pbest + crossover(Pbest, Prandom) [1].
o Particle Swarm Optimization (PSO):
v Uses velocity updates to dynamically adjust box
placement positions.

v" Formula;

Vi+1=wVi+ clrl(Pbest— Pi)+ c2r2(Gbest — Pi) [2].

NISRT25AUG912
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o Simulated Annealing (SA):

v' To escape local minima, it probabilistically accepts
suboptimal solutions.
v' Formula:

Paccept = e — AEIT [3]
e Ant Colony Optimization (ACO):

v’ Determines the optimal pallet arrangement using
pheromone-based pathfinding.
v Formula:

Pij = Y ktikanikftijanijp [4]

e Linear Programming (LP):
Uses linear constraints to determine the most efficient
pallet stacking configuration.

e Formula:
maxy XijUij [5].
VI. RESULTS AND DISCUSSIONS

This study utilized data-driven strategies and advanced
machine learning algorithms to enhance pallet optimization
and warehouse efficiency. The optimization techniques
evaluated included Particle Swarm Optimization (PSO),
Simulated Annealing (SA), Ant Colony Optimization (ACQO),
Genetic Algorithm (GA), and Linear Programming (LP) [1].
Their effectiveness in maintaining weight balance and
maximizing space utilization was assessed. The results
indicated that Linear Programming (LP) outperformed all
other models, achieving a weight optimization of 94% and a
space utilization efficiency of 88%, while the other models
ranged between 83% and 92% [2].

The attainment of high efficiency and reduced execution
time demonstrates the effectiveness of our data-driven
approach and the strength of advanced optimization
techniques in warehouse management. By accurately
optimizing pallet configurations, warehouses can improve
inventory management, minimize wasted space, and reduce
logistics costs [1].

The findings of this study could have significant
implications for logistics management and warehouse
operations. By adopting ML-driven pallet optimization,
businesses can enhance operational efficiency, reduce time
spent on manual optimization, and improve overall
warehouse throughput. Additionally, optimizing pallet space
helps minimize waste, lowering shipping and logistics costs.
Maintaining balanced weight distribution enhances stability
and prevents product damage during transit. The warehousing
industry can leverage the optimization model developed in
this study to streamline supply chain operations and improve
decision-making. With these insights, logistics managers can
refine pallet stacking strategies, strengthen supply chain
resilience, and allocate resources more effectively [1].
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Table 2 Evaluation of Earlier Research and Developed Methodology

Algorithm/Approach

Past Studies (Old Data Results)

Proposed Work

(Your Results) Observation

Linear Programming

92-94% space utilization, high
execution cost for large instances

Achieved similar accuracy with

(o) 0,
88% space, 94% faster execution, making it more

Hindi, 2013)

(LP) (Pisinger, 2002) weight, 1.9s practical.
Genetic Algorithm 85-88% utilization, 2—3s execution 87% space, 92% Improved weight balancing while
(GA) (Gehring & Bortfeldt, 1997) weight, 2.5s keeping execution time reasonable.
. 84-86% utilization, slower Comparable utilization, slightly
Particle Swarm N 85% space, 89% A .
Optimization (PSO) convergence (~3.5s) (Fleszar & weight, 3.1s faster, and better stability in weight

optimization.

Ant Colony

Optimization (ACO) (Dorigo, 2006)

86-89% utilization, ~3s execution

Matches past results with slight
improvement in weight
optimization.

86% space, 90%
weight, 2.8s

Simulated Annealing

(SA) logistics)

82-85% utilization, 4-5s execution
(Kirkpatrick, 1983; later applied in

83% space, 88%
weight, 4.0s

Similar performance, confirms SA is
less efficient compared to others.

Reinforcement
Learning (RL)

~12% throughput gain over rule-
based (Zhang et al., 2019)

Not applied in this RL promising, but needs large
study training data and high computation.

VII. CONCLUSIONS

This study demonstrates the potential of machine
learning-based optimization for warehouse palletization. It
highlights how integrating advanced optimization algorithms
with real-time warehouse data can significantly improve
weight distribution and space utilization.

By adopting ML-driven pallet optimization, warehouses
and logistics companies can achieve substantial cost savings.
Linear Programming (LP) emerged as the most effective
model, delivering superior efficiency and faster computation
times. Enhancing operational effectiveness and optimizing
resource utilization were key outcomes. Future research can
explore the integration of reinforcement learning techniques
to develop adaptive models that continuously learn from real
warehouse conditions. This study establishes a strong
foundation for Al-driven warehouse management, leading to
more cost-effective and efficient logistics solutions [1].

FUTURE SCOPE

The success of this machine learning-based pallet
optimization framework opens up multiple avenues for future
research and practical application. One of the most promising
directions is the integration of Reinforcement Learning (RL)
to create adaptive systems capable of learning from dynamic
warehouse environments in real-time. Such models can
continuously adjust to changes in inventory levels, box
dimensions, and weight fluctuations, improving efficiency
over time.

Further, the inclusion of predictive analytics can
enhance decision-making by forecasting peak load times and
proactively suggesting optimal stacking patterns or storage
reallocation. The use of real-time 10T sensor data, such as
automated alerts from weight sensors and 3D scanners, can
drive continuous feedback loops, enabling more intelligent
and autonomous warehouse systems.

NISRT25AUG912

Additionally, incorporating this model into existing
Warehouse Management Systems (WMS) through scalable
APIs can facilitate seamless integration and broader industry
adoption. The implementation of edge computing for on-site
optimization and cloud-based orchestration for large-scale
inventory planning will enable both small and large
warehouses to benefit from these advancements.

As supply chains become increasingly complex and
global, future iterations of this project could explore multi-
warehouse optimization, carbon footprint reduction metrics,
and automated load dispatch systems, thereby contributing to
more sustainable and efficient logistics ecosystems.
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