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ABSTRACT :

In today's highly competitive business environment, survival hinges on understanding customer needs and accurately predicting product demand. Retail sales
forecasting, the process of estimating future sales, is crucial for business growth. Accurate sales forecasts allow retailers to manage inventory efficiently, reduce
supply chain and storage costs, prevent stockouts, and effectively plan promotions and marketing strategies. This paper reviews various deep learning (DL)
frameworks used for retail sales forecasting, including models such as Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), and Transformer models. It compares the performance of these DL models with traditional methods like ARIMA, as well as machine
learning techniques such as Random Forests and Gradient Boosting Machines (GBMs). Key evaluation metrics, including Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE), are discussed. The paper also explores emerging technologies such as hybrid models, transfer learning, and AutoML, which show
promise for improving forecast accuracy. Finally, the study identifies the challenges of using DL models, such as interpretability and computational demands, while
proposing directions for future research in this expanding field..

Keywords: Deep Learning, LSTM, CNN, RNN, Transformer, Sales Forecasting, Retail, ARIMA, Hybrid Models, Transfer Learning.

Introduction :

Retail sales forecasting is an essential aspect of modern business operations, enabling companies to predict customer demand, efficiently manage
inventory, and optimize supply chain workflows. The accuracy of these forecasts directly impacts profitability and customer satisfaction, as they help
businesses avoid the costs associated with overstocking or stockouts. However, traditional forecasting techniques, such as linear regression and time
series models like ARIMA, often struggle to capture the complex, dynamic, and nonlinear nature of consumer behavior, seasonality, and market volatility.
Deep learning, a subset of machine learning, has emerged as a transformative technology in addressing these limitations. By utilizing neural networks
with multiple layers, deep learning models are capable of analyzing vast amounts of data and identifying intricate patterns that conventional models may
overlook. These models excel at capturing nonlinear relationships and dependencies, making them particularly suited for complex and rapidly changing
retail environments.

Among the various deep learning architectures, Long Short-Term Memory (LSTM) networks are particularly noteworthy for their ability to handle
sequential data and long-term dependencies. This makes them ideal for time series forecasting, where understanding temporal relationships is crucial.
LSTMs can process a variety of data types, including structured data like historical sales records and unstructured data such as customer reviews and
social media sentiment. By integrating diverse data sources, these models provide a comprehensive understanding of customer demand and market trends.
Deep learning also facilitates the incorporation of auxiliary data, such as promotional events, holidays, weather conditions, and regional variations, to
refine predictions further. This holistic approach empowers retailers to make proactive decisions, optimize inventory levels, and align their strategies with
consumer behavior.

The application of deep learning in retail sales forecasting goes beyond improving prediction accuracy. It enables businesses to enhance customer
engagement through personalized recommendations, improve promotional planning, and achieve greater operational efficiency. As the retail landscape
becomes increasingly competitive, leveraging deep learning models offers a strategic advantage, paving the way for sustained growth and resilience
against market disruptions.

This introduction highlights the transformative potential of deep learning in retail sales forecasting and sets the stage for exploring specific methodologies,
challenges, and advancements in the field.

Literature Survey :

The integration of sentiment analysis into sales forecasting offers a novel approach to enhance prediction accuracy. By using techniques like VADER to
fine-tune customer ratings, this method combines textual sentiment scores with numerical feedback, addressing biases and rounding errors in customer
reviews. The study evaluates how hybrid models that incorporate traditional forecasting methods, such as ARIMA and SARIMA, with advanced
techniques like LSTMs can outperform standalone approaches. Focusing on online retail datasets, the research highlights how blending textual and
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numerical data provides deeper insights into customer behavior, improving inventory management and enabling retailers to respond effectively to market
trends.[1]

The effectiveness of LSTM models in retail sales forecasting is compared to traditional time-series methods like ARIMA and SARIMA. The study
demonstrates LSTM's superior ability to handle complex patterns, long-term dependencies, and non-linear relationships in retail datasets. Key aspects
include its performance over extended time periods, addressing trends and seasonality, and how preprocessing techniques like normalization enhance
accuracy. While traditional models struggle with long-term trends, LSTMs excel, offering precise forecasts in dynamic retail environments. The research
outlines the advantages and challenges of deep learning in comparison to conventional forecasting approaches.[2]

Machine learning techniques have proven effective in addressing seasonality and trend detection in sales forecasting. Models like gradient boosting and
ensemble methods identify complex patterns and enhance forecasting accuracy by leveraging relationships between features and sales outcomes.
Advanced approaches, including RNNs and LSTMs, excel in managing non-linear patterns and dependencies, making them particularly suited for time-
series forecasting. The study highlights the benefits of gradient boosting frameworks like LightGBM and their integration with feature engineering to
reduce computational costs while improving accuracy. This demonstrates the capability of machine learning to optimize operations and decision-making
in business.[3]

Deep learning significantly improves promotional sales forecasting by detecting complex patterns in large datasets. This approach enables precise
predictions and provides actionable insights across diverse product categories and regions, offering scalability and adaptability. By emphasizing feature
selection and interpretability, deep learning extracts meaningful insights to optimize forecasting strategies. Real-time updates through online learning
ensure continuous model performance in dynamic environments, minimizing downtime. These advancements enhance decision-making and sales
strategies, demonstrating the transformative potential of deep learning in modern business analytics. [4]

Al and deep learning have transformed sales forecasting by detecting complex patterns in consumer demand and enabling real-time adjustments to market
shifts. These technologies enhance inventory management and improve responses to sudden demand changes, such as during crises or unexpected events.
Deep learning models excel in analyzing large historical datasets, optimizing stock levels, and supporting seamless integration between online and offline
retail operations. By retraining models to adapt to changing consumer behaviors, businesses can maintain accurate forecasts and optimize order fulfillment,
highlighting the critical role of Al in modern retail analytics.[5]

Methodology :

ARIMA Model:

The ARIMA (Autoregressive Integrated Moving Average) model is a fundamental statistical tool for time series forecasting, designed to capture and
predict patterns in sequential data. It combines three components: autoregression (AR), integration (1), and moving average (MA), each playing a distinct
role in modeling complex relationships within the dataset.

Autoregressive (AR) Component:

This element models the relationship between the current value in the time series and its previous values. The AR term predicts Yt as a linear combination
of its p lagged values, expressed as:

Yt=c+ ol *Yt-1+92* Yt-2+--+op * Yt-p + &t

Here, c is a constant, ¢1, ¢2, ---, pp are autoregressive coefficients, and ¢t is the white noise error term.
Integrated (1) Component:
The integration step ensures stationarity by differencing the data. This process involves subtracting the previous value from the current value iteratively
until the time series becomes stable over time. The differencing order, denoted by d, is chosen to minimize trends or seasonality in the dataset.
Moving Average (MA) Component:
The MA part models the dependency between Yt and past forecast errors or residuals. It smooths out random fluctuations in the data using q lagged error
terms as follows:

Yt=c+et+0l *et-1+02*¢et-2+---+0q * et-q
In this equation, 01, 62, ---, 6q are the moving average coefficients, and et represents the current error.
Full ARIMA Model:
The full ARIMA model, represented as ARIMA(p, d, g), integrates these components to create a versatile and robust forecasting framework:

Yt=c+ol *Yt-1 + @2 * Yt-2+ - +op * Yt-p +et-01 *et-1-62 *t-2---- - 0q * €t-q
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Fig 1: FLow Chart of ARIMA Model

ARIMA MODELWITH SEASONALITY:

1. Structure of ARIMA with Seasonality: ARIMA with Seasonality incorporates components for both seasonal and non-seasonal variations,
making it ideal for time series data where patterns repeat over specific intervals (e.g., weekly, monthly, or yearly).
1. Non-Seasonal Components: Handle trends and irregularities in the data.
2. Seasonal Components: Capture periodic patterns that repeat over a fixed seasonality.

2. Mathematical Representation: The ARIMA with Seasonality model can be denoted as ARIMA with Seasonality (p, d, g)(P, D, Q, s), where:
1. p, d, g: Represent the non-seasonal autoregressive order, the degree of differencing, and the moving average order, respectively.
2. P, D, Q: Represent the seasonal autoregressive order, seasonal differencing, and seasonal moving average order, respectively.
3. s: The number of time steps per season (e.g., 12 for monthly data with yearly seasonality).
The equation provided in the problem expresses ARIMA with Seasonality as:

P P q Q
Yi=c+ Z &Y + Z @Y. — Z Oreri — Z OE1is + &t
i=1 i=1 k=1 -1

1. Yt-iY_{t-i}Yt—i: Non-seasonal autoregressive terms.
2. Yt—jsY_{t-js}Yt—js: Seasonal autoregressive terms.
3. et\varepsilon_tet: Current white noise error.
4. ¢1,@j\phi_i, \Phi_j¢i,®j: Non-seasonal and seasonal autoregressive coefficients.
5. 0k,@®l\theta_k, \Theta 10k,®1: Non-seasonal and seasonal moving average coefficients.
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Fig 2: FLow Chart of ARIMA with Seasonality Model
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LSTM Model:

The Long Short-Term Memory (LSTM) model is widely regarded as a powerful tool for time series forecasting, particularly in retail sales prediction. It
effectively handles sequential data and captures both short-term variations and long-term dependencies. Below is a detailed step-by-step explanation of
the methodology for implementing the LSTM model in retail sales
1. Data Preprocessing
Proper preprocessing of raw sales data is crucial to enhance the LSTM model's performance:
Data Cleaning:
1. Remove missing values or impute them using statistical methods like mean, median, or forward-fill.
2. Detect and handle outliers that could skew model predictions.
Feature Engineering:
1.  Generate additional features, such as:
. Lagged sales (e.qg., sales from previous weeks or months).
®"  Moving averages to capture trends.
= External factors like holidays, promotions, or weather conditions.
Stationarity Check:
1. Apply differencing (Yt=Yt-Yt-1Y_t=Y t-Y_{t-1}Yt=Yt-Yt-1) if the sales data exhibits trends or seasonality to make the time
series stationary.
Normalization:
1. Scale data using Min-Max normalization: X — Xy
a. scaled — Xone — KXot
2. This ensures input features are within a consistent range, often [0, 1], which improves model convergence.

Train-Test Split:
Split the dataset into training and testing subsets, ensuring the split respects the temporal sequence to prevent data leakage.

2. LSTM Architecture:
An LSTM network consists of several components that collaboratively process sequential data.
1. LSTM Unit Components:
O  Input Gate : Determines the extent to which the input influences the cell state:

iy = a(Wi« [y, 2] + b;)

O  Forget Gate : Decides which information to retain or discard:

fr=a(Wp+ b1, 2] +by)
o  Candidate Cell State : Generates a new candidate value for the cell state using the hyperbolic tangent function:

g = tanh(W, - [hy_1, 2] + be)

O  Cell State Update : Updates the cell state by combining the forget gate's decisions with the input gate's new information:

Co=fi-Cra+ir- g
O  Output Gate : Controls which part of the cell state is exposed as output:

o =a(W, - [h_1,2] +b,)

O Hidden State : Represents the network's output at each time step:

hy = o, - tanh(C})

3. Model Training
1. Loss Function:
Use the Mean Squared Error (MSE) as the loss function to minimize the difference between predicted and actual sales:

T
1 .
MSE = — i — i)
- ;l(y 9:)

2. Optimization Algorithm:

Train the model using gradient-based optimization algorithms like Adam or RMSProp to adjust weights and biases.
3. Batch Processing:

Divide the dataset into smaller batches for efficient training.

Use a sliding window approach to create sequences of input data.
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4.  Epochs and Early Stopping:
Train the model over multiple epochs.
Implement early stopping to halt training when validation performance ceases to improve, preventing overfitting.

4. Evaluation Metrics

After training, the LSTM model is evaluated using quantitative metrics:
1. Root Mean Squared Error (RMSE):

RMSE =

2. Mean Absolute Error (MAE):
]_ T
MAE = —3 [y — 4|
" i=1

3. Mean Absolute Percentage Error (MAPE):

T

l ape — -
MAPE = = Y |1 100
T - Yi
i=1
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Fig 3: FLow Chart of LSTM Model

1. Sentiment Analysis

The sentiment of customer reviews is analyzed using the Valence Aware Dictionary for Sentiment Reasoning (VADER). VADER provides a sentiment
score on a scale from -1 (extremely negative) to +1 (extremely positive). To make these scores comparable with the typical 1-to-5 customer rating system
used in retail platforms, they are transformed through a normalization process. This ensures that the sentiment scores align intuitively with the rating
scale, facilitating better integration into sales forecasting.

The normalized sentiment score is then combined with the original customer review ratings to create sentiment-enhanced ratings. These enhanced ratings
reflect both the numerical feedback from customers and the sentiment expressed in their reviews, offering a more comprehensive measure of customer
satisfaction.

2. Aggregating Sentiment-Enhanced Ratings
After individual reviews are analyzed and their ratings are adjusted, the sentiment-enhanced ratings for all reviews of a product are aggregated. This
aggregated rating provides a holistic view of customer satisfaction for each product, which serves as an additional input for forecasting models.

3. Sales Forecasting with Enhanced Ratings
The aggregated sentiment-enhanced ratings are integrated into standard forecasting models, including ARIMA, SARIMA, and Long Short-Term Memory
(LSTM) networks. The forecasting process involves two key stages:
1.Traditional Forecasting: Sales forecasts are generated using historical sales data without incorporating customer sentiment.
2.Enhanced Forecasting: Sentiment-adjusted ratings are included as additional input variables to improve the predictive accuracy of the models.
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4. Performance Evaluation
The performance of the forecasting models is evaluated using standard error metrics. These include measures like the Mean Absolute Percentage Error
(MAPE), Mean Squared Error (MSE), and Mean Squared Logarithmic Error (MSLE). The comparison of results between traditional and sentiment-
enhanced forecasts demonstrates the added value of incorporating customer sentiment in sales pred

Conclusion :

In this study, Long Short-Term Memory (LSTM) networks emerged as the most effective model for retail sales forecasting, outperforming traditional
approaches like ARIMA and SARIMA as well as other machine learning techniques. LSTM's ability to capture long-term dependencies and complex,
sequential patterns in time-series data proved crucial for accurately forecasting sales trends, seasonality, and shifts in consumer behavior. Unlike
traditional models, which often struggle with the non-linear and dynamic nature of retail data, LSTM excels at handling fluctuating consumer preferences,
promotional impacts, and seasonal variations. This advantage allows retailers to make more informed decisions on inventory management, reducing both
stockouts and overstock costs. While computational demands and interpretability remain challenges, LSTM’s adaptability makes it a valuable tool for
modern retail forecasting. As data-driven decision-making becomes integral to retail success, LSTM stands out as a key asset in enhancing forecast
accuracy, ultimately contributing to improved business strategies and customer satisfaction.
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