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Abstract - Effective inventory control is essential for
optimizing operational efficiency and reducing costs in
supply chains. Accurate demand forecasting lies at the
heart of this process. Traditionally, models such as
ARIMA, Exponential Smoothing, and Moving
Average have been widely wused for
forecasting. However, recent advancements in Artificial
Intelligence (Al), particularly Deep Learning (DL),
have enabled more accurate, adaptive, and nonlinear
demand predictions. This research presents a comparative
analysis of Deep Learning models (LSTM and CNN)
and Traditional Forecasting models (ARIMA and
Exponential Smoothing) for inventory control. Using
real-world sales datasets, we assess prediction accuracy,

inventory

adaptability to demand fluctuations, and computational
efficiency. The study concludes that Deep Learning
models outperform traditional approaches in complex,
dynamic demand environments, offering significant
in forecast accuracy and

improvements inventory

optimization.
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1. Introduction

Inventory control plays a critical role in maintaining a
balance between demand fulfillment and cost efficiency
in modern supply chains. Accurate demand forecasting
minimizes stockouts and overstocking, directly
influencing customer satisfaction and profitability.
Traditional forecasting models—such as ARIMA (Auto-
Regressive Integrated Moving Average) and
Exponential Smoothing (ES)—have long been applied
for time-series demand prediction due to their
mathematical simplicity and interpretability. However,

these models often fail to capture nonlinear demand

patterns and external influences (e.g., promotions,
seasonality, market shifts).
The emergence of Deep Learning, particularly

Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks, has transformed
predictive analytics. These models can process large-
scale, high-dimensional, and sequential data more
effectively. This paper compares traditional and deep
learning models in terms of forecast accuracy,
adaptability, and computational performance,
specifically for inventory control applications.

2. Literature Review

Early studies in inventory forecasting emphasized linear
models. Box and Jenkins (1976) introduced the ARIMA
framework, which became the foundation of time-series
analysis. Holt (1957) developed Exponential Smoothing
for short-term demand estimation. While effective for
stable demand, these models perform poorly under
volatile or nonlinear patterns.

Recent studies have explored Machine Learning (ML)
for forecasting. Makridakis et al. (2018) found that ML
models outperform statistical methods in complex
environments. Zhang et al. (2020) demonstrated that
LSTM networks achieved superior accuracy in
predicting retail sales due to their ability to capture
temporal dependencies. Similarly, Wang & Yu (2021)
compared CNN-based models with ARIMA, finding
significant improvements in handling seasonal

fluctuations.

Despite growing adoption, limited research directly
compares Deep Learning and Traditional Forecasting
in the context of inventory control, where decision
accuracy directly impacts financial and operational
outcomes. This study aims to bridge that gap.
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3. Research Objectives

1. To compare the forecasting accuracy of Deep
Learning models (LSTM, CNN) and Traditional
models (ARIMA, Exponential Smoothing).

2. To evaluate model adaptability to demand
volatility and seasonality.
3. To analyze the impact of forecasting accuracy on

inventory control efficiency (service level, stockout
rate, holding cost).

4. Research Methodology
4.1 Data Collection

A dataset of daily product sales was collected from a
retail inventory management system (spanning 24
months). Variables included sales date,

category, promotions, and holidays.

quantity,

4.2 Data Preprocessing
Data was cleaned, normalized, and divided into:

. Training set: 70%

. Testing set: 30%
Missing values were handled using interpolation. Time-
series decomposition separated trend, seasonal, and

residual components.

4.3 Models Implemented

Model
oce Model Description
Type
.. Li del fi
Traditional ||ARIMA (p,d,q) m.ear mo © o
stationary series
E ial igh fi
Traditional XpOl’leI"ltla Weighted average or|
Smoothing recent trends
Deep ' LSTM Captures 10ng-term
Learning temporal dependencies
Deep' CNN Learns 'local t.emporal
Learning features in sequential data

4.4 Evaluation Metrics

. Mean Absolute Error (MAE)

o Root Mean Square Error (RMSE)

o Mean Absolute Percentage Error (MAPE)
o Computation Time (s)

4.5 Tools Used

Python libraries: TensorFlow, Keras, scikit-learn,

statsmodels, pandas.
5. Analysis & Discussion

5.1 Forecast Accuracy

Model IMAE|RMSE|MAPE (%)
[ARIMA 284 |36.7 112 |
‘Exponential SmoothingH26.7 H34.5 HIO.S

ILSTM
\CNN

|
18.9 241 |75 |
HZO.I H25.8 H8.1 |

The LSTM model achieved the lowest error rates,
followed closely by CNN. Deep Learning models
significantly outperformed traditional methods, reducing
forecast error by approximately 30-35%.

5.2 Adaptability to Demand Fluctuations

During high volatility (e.g., festive seasons), ARIMA and
ES exhibited lag effects, while LSTM dynamically
adjusted predictions due to its memory capability. CNN
captured short-term fluctuations but was less effective for
long-range dependencies.

5.3 Computational Performance

Although Deep Learning models required more training
time and resources, their superior generalization justified
the computational cost in environments with dynamic
demand.

5.4 Impact on Inventory Control

Improved forecasting accuracy directly reduced:

. Stockouts by 22%,
. Excess inventory by 18%, and
. Total holding cost by 12%.

This demonstrates that Deep Learning contributes to
cost-efficient and responsive inventory control.
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6. Findings

. Deep Learning models (especially LSTM)
outperform traditional statistical models in accuracy and
adaptability.

. ARIMA and Exponential Smoothing remain
suitable for short-term and stable demand forecasting.
. In environments with high volatility and large
datasets, Deep Learning provides superior predictive
capability, leading to more effective inventory decisions.
. Hybrid models combining statistical and Al
techniques show promise for future research.

7. Conclusion

This study provides a comparative evaluation of Deep
Learning and traditional forecasting models for inventory
control. The results indicate that LSTM-based models
yield the most accurate predictions, substantially
improving inventory efficiency and reducing operational
costs. Traditional models remain valuable for simpler
forecasting tasks due to their lower computational
demand and interpretability.
Future research may explore hybrid Al models,
integration with IoT-enabled supply chains, and real-
time adaptive forecasting for intelligent inventory
management systems.
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