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Abstract

Supply chain inventory management is an essential yet demanding activity with
parameters such as uncertain customer demand, time-varying lead times, and unex-
pected production or shipping disruptions. Traditional models like newsvendor and
economic order quantity provide the basis for modeling strategies but are just insuf-
ficient when dealing with the real-world uncertainties. In this research, a cutting-
edge demand forecasting model based on the Red Panda Optimizer with Logistic
Mapping (RPO-LM) is proposed to support better inventory decisions. The meth-
odology proposes three basic phases: data preparation, model training, and model
evaluation. The prediction accuracy is improved by normalizing historical inventory
data and splitting them into training and test datasets. The RPO-LM model is trained
to reflect short-term fluctuation and long-term trends in demand to remain adaptive
to dynamic inventory levels. To ascertain the accuracy of the predictions, perfor-
mance analysis is carried out using metrics such as mean absolute percentage error
and root mean squared error. The proposed model supports anticipatory inventory
management, minimizing stockouts and overstocking, thereby maximizing supply
chain effectiveness. Python simulations validate the effectiveness of the suggested
strategy, demonstrating its superiority over more conventional approaches such as
the least squares polynomial sinusoidal method and auto regressive integrated mov-
ing average. With a mean absolute percentage error of around 4 and a root mean
squared error of about 6, the suggested approach has the highest forecast accuracy.
Outcomes verify that proposed method greatly enhances prediction accuracy and
economic efficiency, qualifying it as an optimal solution for contemporary inventory
control systems.
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1 Introduction

A modern global economy is built on the foundation of supply chain (SC) effi-
ciency, which enables information, goods, and services to flow freely between
various industries within a market. The more markets are becoming connected,
the more critical having the ability to supply the goods or services brings to the
competitive and profitable arena [9, 18]. It is no longer, therefore, acceptable to
believe that organizations streamlining their SC incur less cost and delay and
bask less in enhanced customer satisfaction, especially with the ever-changing
consumer demands and the unpredictable conditions in the market [29]. It has
become formidable in the contemporary complex global landscape within which
operations are done because some factors that discover vulnerabilities cause dis-
ruption in operations: geopolitical conflicts, natural disasters, pandemics, and
climate-induced disruptions [23]. Furthermore, system fragmentation and manual
processes, compounded by obsolete technology, have become additional ineffi-
ciency sources that cause delays and augmented operational overheads [20]. The
COVID-19 pandemic exposed weaknesses in traditional SC, bringing into sharp
focus the need for thinking out of the box solutions that could engender resilience
and agility into the function [33]. The solution to the above problems is found
in the transformation of SC activities into less efficient processes but more con-
ducive to preemption of future risks. By following this principle, companies are
in a better position not only to face the present challenges but also to nurture the
groundwork for sustaining long-standing adaptability [19]. SC are, hardly, new
buzzwords in business schools,every management student hears of such terms as
Artificial Intelligence (Al, forecasting, demand planning, and others during their
learning. By employing gains to rectify inefficiencies and improve decision-mak-
ing, artificial intelligence has become a ground-breaking tool for optimizing SC
[2, 28]. Al combines a number of cutting-edge technologies, including machine
learning, predictive analytics, natural language processing (NLP), and autono-
mous systems, which together or separately help to open up a new way of think-
ing about how SC operations are carried out [25].

For instance, machine learning uses both historical and real-time data to fore-
cast demand, manage inventory control, and anticipate any interruptions [16].
Predictive analytics deploys Al-based algorithms to inform a strategic decision
by recognizing patterns and producing actionable insights [7, 8]. NLP identifies
unstructured data sources such as emails and customer feedback to improve com-
munication and coordination among SC stakeholders [7, 8]. Autonomous systems
such as robots, self-driving vehicles, or drones, are changing logistics manage-
ment by adding value through increasing operational efficiency, reducing human
error, and speeding the movement of goods with little or no human involvement
[32]. Today, when SC are expected to be flexible, effective, and sustainable, AI’s
unparalleled capacity to evaluate enormous amounts of data in real time, iden-
tify trends, and improve workflow optimization is crucial [17]. The integration
of Al into SC management has become imperative for businesses in their quest
for competitive advantage [6]. Apart from this, big data analytics as well improve

@ Springer



OPSEARCH

logistics, cut downtime, and cut wastes [3]. These additions could give busi-
nesses, particularly those with the lowest margins, like oil and gas, significant
competitive advantages [10]. Notably, big data analytics also assist in risk man-
agement by identifying possible threats and vulnerabilities even before they grow
into crisis dimensions [11]. Continuous monitoring of such data and sources ena-
bles a company to spot and analyze anomalies for proactive mitigation [14].

1.1 Literature review

In a highly uncertain dynamic environment, Belhadi et al. [5] evaluate the direct
and indirect effects of artificial intelligence (AI) on supply chain performance (SCP)
and resilience (SCRs). The integration of Al into SC activities is also examined in
this study in light of the Organizational Information Processing Theory (OIPT). In
light of several causative circumstances (such as the adoption of digital technology,
the supply of traceability, and the improvement of collaboration), Sezer et al. [27]
sought to assess and investigate the resilience, sustainability, and intelligence of food
SCs. The numerous and intricate links between result and causative variables are
also examined in the study. Nuerk and Dafena [21] suggested combining enterprise
architectural frameworks, Al-assisted business process optimization, and manage-
ment science, specifically in strategic alignment. Azmat and Siddiqui [4] examined
the pharmaceutical SCs complexity and various data characteristics. The research
described a novel procedure for the identification of the most beneficial combination
of demand forecasting models that ensure high accuracy through the use of deter-
ministic factors by Mode and PERT analysis. Sepestanaki et al. [26] developed a
finite-time global non-linear super-twisting sliding-mode controller while investigat-
ing the dynamic properties of a chaotic three-echelons SC system. This controller,
designed through the technique of adaptive continuous barrier function, was devel-
oped to stabilize the system against external disturbances and model uncertainties.

In order to construct more resilient, intelligent, and adaptable SC into the industry
5.0 era, Williamson and Prybutok [31] introduced a revolutionary multidisciplinary
framework that uses high-end approaches and strategies against critical obstacles.
SCP was measured by AbouElaz et al. [1] using a classification control approach
based on the Adaptive Neuro-Fuzzy Inference System (ANFIS). This was done in
an effort to reduce expenses and increase overall production and efficiency. Rahman
et al. [24] identified and developed effective recovery strategies with the objective
of enhancing agility, resilience, and sustainability of SC while relieving from panic
buying impacts during major catastrophes in core SC. Huang et al. [13] analyzed the
Electric Vehicle (EV) SC network of China through a two-tier framework relying on
the complex network approach of examining topological properties and resilience
in general. In order to address the complexities of creating adaptable practices for
resilient and sustainable SC through digital technologies for societal and economic
development, Pandey et al. [22] use an integrated method that combines interpre-
tive structural modeling, fuzzy, and ANFIS. The comparative table in terms of tech-
nique, goals, and results is shown in Table 1.
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1.2 Research motivation

Effective demand forecasting for inventory becomes ever more prominent in
ensuring the resilience of the SC in this fast-changing market environment.
Nonlinear demand patterns and abrupt changes imposed on the SC by market
uncertainty are difficult for traditional forecasting methods like the Auto Regres-
sive Integrated Moving Average (ARIMA) and the Least Squares Polynomial
Sinusoidal Model (LSPSM) to capture. Stockouts and overstocks are still com-
mon because traditional inventory models, including the Newsvendor and the
Economic Order Quantity (EOQ) model, barely adjust to the constantly shifting
conditions of lead time, supplier dependability, and demand fluctuation. With
the increase in machine learning and metaheuristic optimization methods, the
potential exists to improve forecasting precision by integrating adaptive mod-
els that consider chaotic and stochastic patterns of demand. Chaos theory when
combined with optimization algorithms has the potential to enhance signifi-
cantly demand forecasting by replicating intricate interactions in SC data. RPO-
LM presents a new method of optimizing inventory forecast through a combina-
tion of chaotic behavior modeling and metaheuristic search methods. The aim of
this study is to bridge the gap between modern adaptive optimization techniques
and traditional demand forecasting restrictions. By combining RPO-LM with
forecasting models, it aims to improve decision-making, minimize operational
inefficiencies, and enhance SCR to uncertainties.

1.3 Contribution and organization
The following is a summary of this research’s main contributions:

e Proposes a novel inventory forecasting framework based on RPO-LM,
which is capable of dealing with uncertainties such as variable demand and
dynamic lead times.

e Improves forecasting accuracy by explicitly modeling immediate demand
shifts as well as trends.

e Outperforms classical forecasting methods and allows more proactive and
efficient inventory management policies.

Section 2, Methodology, discusses data preparation, forecasting mod-
els (ARIMA, LSPSM), and implementing RPO-LM for identifying nonlinear
demand fluctuations. Section 3, Results and Discussion, contrasts RPO-LM with
conventional models, examining major SC parameters like demand volatility,
supplier dependability, and inventory fluctuations. The research illustrates RPO-
LM’s advantage in minimizing forecasting errors and inventory inefficiencies.
Section 4, Conclusion, outlines major findings, practical implications, and future
research avenues, such as real-time data integration and reinforcement learning.
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2 Methodology for demand forecasting and inventory decision
process

Figure 1 describes the machine learning-based demand forecasting and inven-
tory decision process. It starts with historical inventory and sales data, which
is subjected to data processing and data preparation. The prepared data is then
employed for Model Training, where preprocessing is done via the RPO-LM. Per-
formance indicators such as RMSE (Root Mean Square Error) and MAPE (Mean
Absolute Percentage Error) showed that the model performed effectively. The
assessment process also considers some parameters including historical sales,
lead time, stock levels, demand variability, supplier reliability, inventory sales
margins, and inventory costs. If YES, a demand forecast is created, resulting in
proactive stock management for future stock optimization. If NO, comparative
analysis is conducted on the model, and the system is reassessed. If required, the
model is retrained and tuned prior to an inventory decision. Fig. 1 indicates an
iterative process of optimizing forecasting accuracy to ensure effective inventory
management through Al-based demand forecasting.

Data Preparation | | [raining | Model Training Preprocessing

Data Processing 50 .
21| [= \
: 4 RPO-LM

Q=
L0t

Historical Inventory
and Sales Data

Evaluation

Identifies Best Method?

Parameters (Historical sales Lead
time, Stock levels, Demand
variability, Supplier reliability.
Inventory sales profit. Inventory cost)

s Re-evaluate

Evaluation

Parameters

Ye
Demand Forecast
g0\
ol

Future Forecasting

Performance Metrics
(MAPE, RMSE, etc.)

Re-train?

Proactive Stock
Management
Comparative Analysis
=]
Q=
—{dh
Inventory Decision S E

Fig. 1 Demand Forecasting and Inventory Decision Process
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2.1 Data preparation

Data preparation plays a vital role in time series forecasting, wherein the model gets
provided with neat, organized, and meaningful data to make appropriate predictions.
Multiple steps are required to prepare data, such as collection of data, normalization of
data, and addressing demand oscillation.

e Collection of Historical Inventory and Sales Data

Gathering historical inventory and sales records from several sources, including the
Point of Sale (POS) system, the Enterprise Resource Planning (ERP) software, and the
Warehouse Management Systems (WMS), is the first step in the data preparation pro-
cess. Such records mainly contain essential details relating to transaction dates, product
identifiers, sales quantities, inventory levels before and after sales, supplier restocking
schedules, and seasonal demand trends. Thus, any data presented to the forecasting
model should have no incompleteness and inaccuracies, as these are the key issues that
diminish forecast quality.

e Normalization and Partitioning into Training and Test Sets

For consistency and to improve forecasting model performance, the data set needs
to be standardized after collection. To bring all numerical values into range conform-
ance, normalization procedures including log transformation, Z-score standardization,
and min-max scaling are used. This keeps the model from being dominated by numeri-
cal discrepancies. Following normalization, the dataset ought to be divided into train-
ing and test sets, with the remaining 20-30% going toward testing and the remaining
70-80% going toward model training. In order to make sure the model generalizes
effectively in real-time scenarios, it is essential to confirm the model’s applicability on
unseen data.

e Handling Demand Variability and Stock Fluctuations

Inventory and sales typically fluctuate due to seasonal demand, long-term trends, or
sudden spikes because of promotions or SC disruptions. These fluctuations need to be
managed so that it forecast accurately. Smoothing techniques such as moving averages
and exponential smoothing filter out short-term noise while outlier detection techniques
catch and repair abnormal spikes or missing data points. Besides, feature engineer-
ing to an outside factor such as weather conditions, economic indicators, or even spe-
cial events that have an impact on demand also improve prediction ability. Above all,
demand variability is handled by forecasting models to generate tightly defined stable
and reliable inventory predictions.
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2.2 Existing 1 (LSPSM)

LSPSM is a kind of hybrid mathematical model incorporated by the polynomial
regressions and sinusoidal components for providing a proper representation of both
linear and cyclic trends in inventory demands. It uses the least squares technique to
formulate the minimization of errors and optimization of model parameters to be
used where demand prediction patterns are seasonal, cyclic, and long-term trends.
The LSPSM expresses inventory demand D(¢) as a polynomial trend complemented
with the sinusoidal components:

n

m
D) = Y aif' + ) bsin(wt + @)+ € (1)
i=0 =1

where, a; represents the coefficients of the polynomial terms, ¢ represents the time
variable, b; represents the amplitudes of the sinusoidal components, w; represents
the frequency of sinusoidal components, ¢; represents the phase shifts, € represents
the error term. The polynomial term captures the long-term trend, while the sinusoi-
dal components capture seasonality and periodic fluctuations in demand.

2.3 Existing 2 (ARIMA)

ARIMA is a statistical technique used in forecasting a time series in different ways
and angles in different industries, including finance, economics, energy, health,
weather, and sales predictions. It uses historical trends, demand patterns, and sea-
sonality to forecast future values from past observations. ARIMA would best fit data
that typically have consistent statistical properties throughout time. In case of non-
stationary time series, differencing is used to stabilize the series. The process is rep-
resented as [15]:

V=X -X_, 2)

where, Y, represents the transformed time series, X, denotes the original data points
and X,_, denotes the previous data point at time ¢ — 1. In order to forecast the value
of Y,,convert the differenced data back as follows:

X, =Y +X,_, 3)
To calculate the MAE (Mean Absolute Error) for forecasting, consider the

equation:

Xz_xr

N
1
MAE = Z @)

t=1

where, N represents the total number of observations, }A(, represents the predicted
value at time ¢. The MEA quantifies the average magnitude of the forecast error,
which provides an accurate measure without considering forecast direction.
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2.4 Proposed RPO-LM

A recently proposed optimization method inspired by nature is the Red Panda Opti-
mization (RPO) algorithm. It is employed to balance search space exploration and
exploitation in order to effectively solve challenging optimization issues. RPO is cho-
sen because it has a track record of striking a balance between exploration and exploita-
tion, allowing for effective search over intricate solution spaces. Its lightweight design
ensures faster convergence with reduced computational overhead, making it well-suited
for real-time inventory forecasting. Unlike many recent metaheuristics, RPO adapts
dynamically to changing data patterns, which is essential in handling uncertain demand
and volatile supply chain environments. These characteristics collectively make RPO a
robust and practical choice for the proposed forecasting framework. The best hyperpa-
rameters for the RPO-LM model are found by parameter tweaking utilizing grid search
and cross-validation approaches to guarantee methodological robustness. Regulariza-
tion during training, dropout mechanisms, and early quitting are ways to combat over-
fitting. The dataset was separated into training, validation, and testing sets, and k-fold
cross-validation was used to improve model generalization. By doing this, the sug-
gested approach as a whole guarantees that the model operates dependably on invisible
data, enhancing its usefulness in dynamic, real-world inventory management situations.
Fig. 2 gives a chronological outline of all sequential procedural steps in the RPO-LM
through flowchart. The red panda position at the beginning of the optimization process
is randomly initialized within the search space based on eqn. (5) [12].

_Y -
'1 Yig oo Yin - Yig
Y= Yk = y]f’l e y]f‘" cee yk:,q (5)
_YP-qu P,1 P.n Pg Pxq

where, Y represents the transformed matrix of dimensions P X ¢.Y) represents an
individual entity in the system, y; , represents the element at the k — th row and
n — th column in the matrix, P is the total number of observations or elements, g
represents the number of features or attributes per entity. Each red panda’s position
represents a candidate solution, and the corresponding objective function values is
organized into a matrix as in Eq. (6).

G, G(¥))
G= G'k = G(.Yk) (6)
Gp Pxl1 G(¥p) Px1

where, G represents the transformed column vector of dimensions P X 1, G, repre-
sents a function evaluation at a specific input Y, G(Y}) denotes the function applied
to each individual input Y,, P represents the total number of observations or samples.
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Llni tialization of populationgl

I Calculate objective function. I

IPhase 1: Update OH, using (7)|

I Phase 1: Calculate new position of the kz2 RPO member Z.. using (8). |

| Pnase 1: Update %; using (9). |

I Phase 2: Calculate the new position of the £ 72 RPO member o2, . using (10). I

r Phase 2: Update V:.; using (12). —l

@ ol il — —

No
I Save the best solution found so far. |

L k=1 Yes
i — T

No
I Print the best candidate solution. I

Fig.2 Flowchart of the RPO-LM

Red Pandas use their keen senses to locate food, representing the optimal objective
function, with allocations based on evaluations in (7).

OH; = {Y,|r€{1,2,....,P}and G, < G;} U{Y,,} 7)

where, QH; represents the updated set based on a given condition, Y, represents ele-
ments under evaluation, r represents the iteration from 1 to P, which is the total
number of elements in the set, G, represents the function value associated with each
Y,, G; represents the reference function value used for comparison. Y, represents
the best-performing element based on the criteria. Red pandas move toward the food
source, enhancing exploration and global search, with position updates based on

eqns. (8) and (9) if the objective function improves.

Zoy, * 201, = Vka T @ (TR = -y ) (®)
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Yk = { YQIk’ lf GQ1k < Gk; 9)

Y., otherwise.

where, Z,, represents the updated value after transformation, z,, represents the
individual element being updated, y, , represents the original Value before modi-
fication, a represents a random factor controlling the influence of the transforma-
tion, TR, n represents a reference value influencing the transformation, f represents
a scaling factor modifying the original value y; .Y, represents the updated value
after evaluation, Y, represents the candidate value being tested, G represents the
function evaluation of the candidate value, G, represents the function evaluation of
the current value. In the second phase of RPO, red pandas climb trees for rest, lead-
ing to small position changes that enhance local search, with updates based on (10)
and (11) if the objective function improves.

g, =Vin Tt k=12,....,P, n=1,2,...,q, and t=1,2,...,T
(10)

Yk = { YQZk’ lf GQ2k < Gk; (11)

Y., otherwise.

where, z,, represents the updated value after transformation, y, represents a lower
boundary adjustment factor, Y, represents the newly proposed candidate value,
G, represents the function evaluation of the candidate value. The logistic map is
a one-dimensional model that represents real-time systems in a very simple, nonlin-
ear, discrete way, and it is defined through the recursive function stated as follows:

Vi =Fla,y)=a-y - (1 =y (12)

where, y, represents the current value, y,, represents the next value, a represents
the control parameter.

3 Results and discussions

This section presents optimizing techniques for demand forecasting and inventory
management in highly complicated SC environments. The data for result analysis is
taken from the dataset (https://www.kaggle.com/datasets/oscarm524/demand-forec
ast-for-optimized-inventoryplanning?select=orders.csv;  https://www.kaggle.com/
code/enjegodinez/supply-chain-demand-forecasting-prophet). The research builds
efficiency and robustness in the SC through integrative demand modeling with pre-
dictive control and adaptive inventory control. Historical sales-related data, lead
times, stock levels, variations in demand and supplier reliability have been opti-
mized through python simulations to improve the quality of decision-making and
minimize stockouts or overstocking. Chaos-based optimization applied through the
RPO-LM ensures a high dynamism and adaptability in forecasting approaches for
more precise and cost-effective inventory management.
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Figure 3a shows forecasted production and sales values over six months from
June to November by LSPSM model. The values of production are highly vola-
tile, beginning at about 494.18 in June, decreasing -66.67 in September, increas-
ing to about 330.90 in October before falling back. The forecasted values of
sales are smoother and more progressively increasing, with a starting point of
about 312.58 in June and an endpoint of about 986.06 in November. The high
fluctuations in production reflect the volatility of demand and stock adjustment
activities.

Figure 3b illustrates the forecasted production and sales figures based on the
ARIMA model. This chart has minimal fluctuations, reflecting a more stable fore-
casting method. The forecasted production figures are relatively stable, varying
slightly around 400. In contrast, the forecasted sales figures have a consistent pat-
tern around 204.73 to 225.82, reflecting limited variation. This reflects that ARIMA
offers a more conservative forecast, with stability in production and sales forecasts.

Figure 3c illustrates forecasted production and sales values with the Logistic Map
model. The forecasted production begins at about 390 in June, increases to about
638.8 in July, decreases to almost 84.39 in August before it recovers to 652.32 in
October and reduces again in November. The forecasted sales are similarly fluctuat-
ing but always retain slightly higher levels than production. This fluctuation mirrors
the dynamic nature of the Logistic Map method, recording unpredictable demand
changes while guaranteeing production to change in cycle.

Figure 3d illustrates the estimated production and sales values from the months
of June to November by proposed model. The estimated production and estimated
sales both trend in a steady positive direction. The values in both begin around 600
in June. In July, production comes up to about 750 and sales up to about 725. The
pattern continues with the production reaching a value of close to 880 in September
and over 1000 in November, followed very closely by the sales values. The tight
production-to-sales gap indicates that there is good forecasting practice so that pro-
duction captures demand effectively.

Figure 4a shows advancements in forecast accuracy, product availability, and sav-
ings in inventory carrying costs over eight months. Forecast accuracy increases from
0 to about 19%, product availability from O to about 7%, and savings in inventory
carrying costs increase remarkably from $OM to about $42M, with an upward trend.

Figure 4b shows the percentage distribution of various SC areas of focus. Demand
forecasting takes up 21%, performance measurement 11%, inventory management
10%, risk management 15%, supplier selection 20%, and other considerations 23%,
indicating the well-balanced focus on various areas of SC management.

Figure 4c indicates values between 2011 and 2025, with increasing variations
over time. The peak value occurs in 2017 at approximately 13, followed by varia-
tions. There is an increasing trend from 2020, with the value nearly reaching 13 by
2025, revealing a growth trend in recent years.

Figure 5a illustrates the efficiency of different forecasting models in stock
replenishment. The ARIMA model begins at approximately 65%, LSPM enhances
it to almost 72%, logistic mapping further enhances it to nearly 81%, and the pro-
posed method provides the highest efficiency, approaching 89%, showing its better
performance.
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Fig. 3 Predicted production and
sales trends using a LSPSM b
ARIMA c logistic map model d
proposed method
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Fig.5 Analysis of (a) Stock
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Figure 5b shows the comparison of performance of four forecasting techniques:
ARIMA, LSPSM, logistic mapping, and the proposed method. The proposed
method has the highest value, more than 18,000, followed by logistic mapping with
approximately 16,500. LSPSM and ARIMA have lower values, about 13,000 and
12,500, respectively. The outcomes show that the proposed method is better than
other methods in terms of numerical accuracy.

Figure 5c¢ shows the MAPE and RMSE for four techniques. The ARIMA tech-
nique indicates the largest errors, with RMSE of about 15 and MAPE of about 12.
LSPSM has slightly smaller values, with RMSE of about 13 and MAPE of about 10.
Logistic Mapping is better, with RMSE and MAPE values lowered to about 9 and 7,
respectively. The proposed method dramatically reduces errors to the tune of RMSE
about 6 and MAPE nearly 4, showing it has better prediction accuracy.

Figure 5d compares the performances of various forecasting methods on stock-
out and overstock conditions. ARIMA results in the largest frequency of stockouts
(around 15) and overstocks (around 18), and LSPSM lowers these somewhat to
around 12 and 14, respectively. Logistic Mapping still further enhances inventory
management with stockouts falling to around 8 and overstocks to about 9. The pro-
posed method beats all the others with minimal stockouts (about 5) and overstocks
(about 3), which indicates enhanced demand forecasting and inventory optimization.

Figure 6 displays correlations between main SC parameters. The historical sales
proved that there is a very weak correlation between lead time (0.02), stock levels
(= 0.03), and supplier reliability (— 0.19). Lead time had a very small correlation
with stock levels (— 0.05) and supplier reliability (— 0.15). Stock levels are weakly
related to demand variability (0.06) and reliability in suppliers (0.10). Demand
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Fig. 6 Correlation matrix of SC parameters
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variability has weak links with supplier reliability (0.08) and inventory cost (0.07).
Overall, the results show that supplier reliability is negatively correlated to profit
from inventory sales (— 0.09) and negatively correlated to inventory cost (— 0.02).
Inventory sales profit as well as inventory cost had a weak correlation of 0.05. Hence
overall, the relationship between these parameters generally remains weak.

Figure 7 compares the actual sales with the predicted demand through four tech-
niques: ARIMA, LSPSM, Logistic Mapping and the proposed method. The actual
sales pattern closely follows the forecast of the proposed method, illustrating its
greater accuracy. The ARIMA prediction is fairly stable with negligible fluctuations,
whereas LSPSM and Logistic Mapping are more responsive but still share devia-
tions from the actual sales. The predicted demand ranges between 0 and 600 inven-
tory units within the 10-month time frame, and the proposed method gets closest to
actual sales patterns.

Figure 8 shows the annual value trends between 2018 and 2025, where previ-
ous years, a standout 2023 as an outlier, and the pink Line is an overall trend. The
values are between 10 and 60, with 2023 being the highest peak at around 53. The
trend Line goes up and down but has a general stability of around 20-30 across the
years. The current period is noted at 2025, which is the most recent data point in the
forecast. The visualization highlights the fluctuations in annual values, and 2023 is
an outlier.

Table 2 shows comparison of different forecasting methods on the basis of
MAE, Mean Square Error (MSE), RMSE, and R? values. The proposed system
has been demonstrated to have the best performance in terms of lowest error rates
(MAE=1.23, MSE=10.57, RMSE=3.5) with maximum R? values (0.94) pointing
at high accuracy along with great variance explanation. Artificial Neural Network
(ANN) comes in second with minimum errors (RMSE: 3.64, R?: 0.88). Exponential
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Fig.7 Comparative forecasting of inventory demand over time

@ Springer



OPSEARCH

L) T T Ll LI

B Yearly values I

50 r|=—— Overall Trend Current'
Outlier <

period

2018 2019 2020 2021 2022 2023 2024 2025
Year

Fig.8 Yearly value trends with forecasted growth

Table 2 Performance

. . Technique MAE MSE RMSE  R-Squared

comparison of forecasting

techniques Random forest [30] 779 8860 941 070
DNN [30] 11.37 22647 15.05 0.71
Multiple regression [30] 8.68 12236 11.06 0.59
LS-SVM [30] 587 6450  8.03 0.78
ELM [30] 15.17 473.02 21.75 0.68
Exponential GPR [30] 539  53.02 7.28 0.82
ANN [30] 2.50 14.88 3.64 088
Proposed 1.23 10.57 3.5 0.55

Gaussian Process Regression (GPR) and Least Squares-Support Vector Machines
(LS-SVM) are moderately good, while Random Forest, Deep Neural Network
(DNN), and Multiple Regression have maximum errors. Extreme Learning Machine
(ELM) performs the poorest with RMSE of 21.75. The findings verify the proposed
method as the best forecasting model. Table 3 shows the comparative analysis of
forecasting techniques for production, sales, and inventory optimization.

3.1 Managerial implications and industry applications
The RPO-LM framework offers valuable insights for industries like Fast-Moving

Consumer Goods (FMCG) and pharmaceuticals, where demand is unpredictable
and lead-time management is crucial. In FMCG, where inventory cycles are short
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and accurate demand estimation is essential to maintain product availability and
shelf presence, RPO-LM can be integrated into existing Enterprise Resource Plan-
ning (ERP) or Inventory Management Systems to support real-time demand fore-
casting. This allows automated reorder point adjustments, reducing both stockout
risks and excess inventory. In pharmaceuticals, where product shelf life and compli-
ance are key concerns, the framework supports better inventory planning by antici-
pating demand surges due to seasonal trends or health initiatives. Improved fore-
casting helps maintain product availability while controlling storage costs through
efficient inventory turnover. The model enables practical strategies such as real-time
safety stock recalibration, flexible reorder scheduling, and demand-driven scenario
analysis. When embedded as a decision-support tool in inventory processes, RPO-
LM helps organizations improve cost efficiency, respond more effectively to demand
changes, and boost customer satisfaction—fostering a more agile and resilient sup-
ply chain.

4 Conclusion

Supply chain inventory control is a dynamic and stochastic area that is affected by
many stochastic parameters, such as changes in customer demand, uncertain lead
times, and random supply disruptions. Conventional models such as the Newsvendor
and EOQ give a structured background but fail to manage uncertainties of real-world
scenarios. In this research, a new demand forecasting model using the RPO-LM is
proposed to improve inventory decision-making. The research adopts a systematic
approach to realizing data preparation, model training, and performance evaluation.
The proposed RPO-LM model outperformed traditional forecasting methods such
as ARIMA and LSPSM with respect to predictive accuracy in python simulations.
The findings validate that RPO-LM successfully avoids stockouts and overstocking
and optimizes SC processes through proactive inventory management. The proposed
method achieves the best inventory optimization with minimal stockouts (~ 5) and
overstocks (= 3), ensuring superior demand forecasting. The research highlights the
prospect of combining sophisticated optimization and chaos-based techniques in
enhancing SC resilience, thus RPO-LM being a potential method for future inven-
tory control systems. In order to improve forecasting accuracy and responsiveness
in dynamic SC settings, future research will integrate real-time data streams with
hybrid optimization techniques.
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