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Abstract

Demand forecasting plays an important role for making the retail supply chains more sustainable and
efficient, importantly in the grocery sector. Groceries are the things that does not last for the long time
and the buying habits of people also changes a lot, so predicting or forecasting what they will buy is
tricky. Recent studies show that traditional methods used for forecasting often does not work well when
handling with the unpredictable and the complex sales trends [1]. It uses the advanced machine learning,
deep learning techniques and the model is tested using actual Walmart sales data that includes the sales
history as well as information about promotions, holidays, and economic conditions, which helped in
making the results more accurate. Different forecasting methods are tested including the basic time
series approaches and a machine learning model called XGBoost [2]. To make the model much better, a
deep learning model was created which uses the LSTM networks along with Self Attention mechanisms,
inspired by the recent research on the attention-based predictions [3]. The results show that these
attention enhanced LSTM is much better for making the accurate predictions than the usual statistical
methods. This model helps in reduction of the stock wastage due to expiry and maintaining the required
stock to avoid the loss of sales. It allows for making the smarter decisions based on the data. This leads
to the most efficient operations and less waste in the retail sector [5].

Keywords: Demand Forecasting, Supply Chain Optimization, LSTM, Self Attention, XGBoost, Retail
Analytics.

1. Introduction

Demand forecasting is the important thing in managing the supply chain retail sector. In grocery stores
predicting what quantity of each product the customer will buy is difficult because these items can spoil,
the customer buying habits may change often and the factors like holidays, sales and the economy play’s
a big role. Changes in the prices, special offers and overall economic conditions all affect the how much
people buy. Low forecast accuracy either could result in too much stock which wastes the money or not
enough stock which hurt the customer and the sales for the store will be reduced. Research shows that
poor forecast will affect the ability of the supply chain to adapt and make it difficult to run the business
smoothly [6], [7].

In the retail industry conventional techniques like statistical time series models and moving averages are
frequently used. But these methods works best only when the patterns are stable and follow a linear line
which is not always the situation in today grocery stores that faces a lot of ups and downs [1], [9].
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Business had started collecting the large amounts of the data from sales and the marketing campaigns
because the retail sector expanded faster. This kind of data is very complicated and needs the better
models which can handle the non-linear trends and the long-term patterns over the time [8]. Thanks to
the advances in Al where the businesses are now using the machine learning and the deep learning
techniques for demand forecasting. Models such as XGBoost have been particularly best when working
with structured retail datasets as they can capture important patterns in historical sales information [2].
Also the LSTM networks are best for the time series forecasting because they remember the important
patterns over long period of time [4]. New research has added that the attention mechanisms help’s the
models to focus more on the past important events and improving the prediction accuracy [3], [10].
Based on the advancements this paper introduces an Al based demand forecasting system that combines
both the machine learning and deep learning techniques. It uses the sales history, promotions and
holidays data to improve the weekly demand forecasting. The objective of this approach is to support the
smarter inventory planning and reducing the wastage of product which improves the efficiency of the
supply chain [5]. The remaining of this paper is structured as follows: Section 2 provides a
comprehensive literature survey with a focus on approaches using the Atrtificial Intelligence for demand
forecasting and supply chain optimization in the grocery retail sector. Section 3 provides the explanation
about methodology and the techniques used in the study. Section 4 provides the comparison of the
models using the performance metrics and graphical representations. Finally Section 5 gives the
conclusion of the paper by summarizing the key findings and the future scope in Al based supply chain
optimization.

2. Literature Survey

Some research shows that how artificial intelligence is used for predicting demand forecasting and
supply chains in the grocery and retail industry. A deep learning model using by Bayesian methods, used
to increase forecasting accuracy during unstable time like the COVID-19 [1]. Machine learning and deep
learning models used to increase logistics and distribution networks in e-commerce platforms [2].
Hybrid models using both LSTM and CNN with attention mechanisms used for better forecasting
accuracy in grocery sales [3]. Attention-based LSTM models are integrated with optimized algorithms
have been proposed for dynamic pricing and replenishment in fresh grocery supermarkets [4]. Multi-
agent deep reinforcement learning has been used to increase the demand forecasting and inventory
management in retail supply chains [5]. Al-based models used to increase supply chains strength and
risk management [6]. Machine learning models used for improving supply chain agility and
sustainability by optimizing logistics and inventory management [7]. A review of deep learning models
shows models such as CNN, LSTM, and GRU that it works well for predicting logistics [8]. Comparing
of two different models shows that LSTM-based models that provides more accurate predictions than
compared to regression models for food demand forecasting [9]. Studies shows that attention-based
LSTM encoder-decoder models provides more accurate predictions for time series [10]. In summary,
these studies show the importance of Al-based models for improving better accuracy for forecasting and
efficiency in grocery retail supply chains.

3. Methodology
To address the problem of the demand forecasting in grocery retail, we choose a structured Atrtificial
Intelligence based approach merging both Machine Learning and Deep Learning techniques. The
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methodology contains multiple steps that are data preprocessing, feature engineering, model
development and performance evaluation. This framework is designed to forecast weekly sales of the
store and individual product level using historical and external influencing factors.

3.1 Data Preprocessing

This project makes use of the Walmart store sales dataset, which provides weekly sales figures along
with detailed information about each store, including promotional markdowns, holiday flags and
relevant economic factors.

At first the dataset is moved to the location where the environment is set and all required libraries are
installed. The preprocessing steps consists handling missing values or null values in promotional and
economic features, removing duplicate records, concerting date variables into features such as year,
month and week sorting data chronologically to preserve time-series order.

To ensure the consistency in the training of the model, numerical features are normalized using scaling
techniques and categorical features such as holidays are encoded into numerical format. The dataset is
then divided into two training and testing while ensuring that future records are not used to predict past
values and avoiding any data leakage.

Figure 1 Feature Engineering of Dataset

id item _id deptid «catid storeid state id d sales date wmyrwk .. eventtype?2 snap CA snap TX snap WI sell

2011-
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2 FOODS 1.046 TX 2 validation FOODS 1046 FOODS 1 FOODS ™2 ™ d3 3 1101 .. NaN
3 FOODS_1.046 TX 2 validation FOODS 1046 FOODS 1 FOODS ™2 ™ d X 1101 .. NaN

FOODS_1_046_TX_2_validation FOODS_1.046 FOODS1 FOODS ™2 ™ 5 3 __ 1101 .. NaN
5 FOODS_1_046_TX 2 validation FOODS_1.046 FOODS1 FOODS £e2 ™ d6 2 N 1101 . NaN
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8 FOODS_1_046_TX_2 validation FOODS_1.046 FOODS_ 1 FOODS X 2 b 1 9 6 r; 11102 .. NaN

9 FOODS_1_046_TX_2_validation FOODS_ 1046 FOODS_1 FOODS X2 ™ d_ " _ 11102 .. NaN

In Figure 1, It shows how feature engineering was carried on Walmart Retail dataset. The Original
dataset is cleaned and it handles missing values or null values and removing duplicate records to ensure
the dataset was accurate and consistent. The attributes such as week, month and year are captured from
date fields to identify seasonality. Lag features and rolling statistical measures are then generated to
represent past demand behavior. The processed features form the data is used by both machine learning
and deep learning forecasting models.

3.2 Model Architecture
To evaluate the forecasting model performance two models are implemented.
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3.2.1 XGBoost Model

XGBoost, a gradient boosting-based regression algorithm, is used as a machine learning baseline model.
It captures non-linear relationships and the trends between the sales and variables which are essential.
The both models are trained using the structured features that are generated during preprocessing.

3.2.2 LSTM Model

A Long Short-Term Memory (LSTM) network is implemented to model sequential sales data that is also
known as the time series data. LSTM networks are capable of learning long-term dependencies in time-
series data by maintaining internal memory states which is useful for the iterations of the whole process.
Before passing the data into the network the data is reorganized into sequential format so that the model
can understand the time-based patterns more effectively.

To improve both model’s performance a self-attention layer is combined with the LSTM network layers.
This attention mechanism that we used helps the model to identify past periods or patterns which are
more important and giving higher weight to suitable weeks like holidays or promotional events. As a
result the model produces better accurate forecast predictions.

3.3 Training and Evaluation

The data was split according to time. The 80 percentage of the dataset is used for training and the
remaining 20 percent is used for the testing during the process. This process of training and testing is
important because sales forecasting depends on sequence of the LSTM, so the future weeks cannot be
used while training the model and improve the accuracy of the model.

We experimented with two models: XGBoost and LSTM. For XGBoost, different types of input features
were tested, including previous week sales, rolling averages, promotional activity, and holiday indicators
and many more features that are required for the forecast. After trying multiple and different parameter
settings, the configuration that produced the lowest error is selected and therefore the error in the
forecasting is reduced significantly.

Preparing the data for training of LSTM required a different approach. First the values are normalized
and then arranged into the sequences using the sliding window format. This allowed the network to learn
how demand changes from week to week. Training was done using the Adam optimizer and Early
stopping was introduced to prevent the model from overfitting to the training data.

Finally the performance of both models was evaluated using MAE, RMSE, and MAPE. Lower values of
this metrics indicate the better forecasting performance.
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Figure 2 Metrics of an XGBoost Model

In Figure 2, It shows the performance result metrics from an XGBoost model. The model use sales lag,
promotional flags and seasonal factors. The RMSE and MAE values help in understand the how
demand is changing from the real demand. Even the model is good at handling non-linear patterns the
value of error show it is not effective like deep learning techniques when it is time-based sequences.

Figure 3 Performance metrics of an LSTM Model
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In Figure 3, It shows the performance metrics of an LSTM Attention model. The LSTM model manages
the sales more better when compared with the XGBoost because it understand the long-term patterns.
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The values of metrics are lower it means the forecasting will be more accurate. This indicate recurrent
neural networks are better mainly when handling seasonal and historical trends.

Figure 4 Comparison of RMSE and MAE values between XGBoost and LSTM-Attention Models
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In Figure 4, The graph compares the metric results of two models i.e XGBoost and the LSTM. The x
axis displays the model's name and y axis display the error metric values. The LSTM Attention model
gives the smaller error values i.e RMSE is 11.91 and MAE is 7.30. The lower error values indicate the
model forecast more better this shows that recurrent neural networks are better than traditional
approaches mainly when handling seasonal and historical trends.

4. Results and Discussion

The performances of XGBoost and LSTM models was evaluated using MAE and RMSE metrics on the
test data set. The results that show LSTM model has achieved the lower prediction error compared to the
XGBoost model evaluation metrics. This shows that deep learning models are well suited for predicting.
LSTM model results are better because it learns long term sequential data and understands the data and
how demand changes over time. It can also handle sudden changes in demand during holidays, and
promotions and see the connection between one week and the next. On the other hand, XGBoost
depends on manually added past value, and it cannot understand time sequences data, so it is difficult to
predict when demand changes unexpectedly.
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The forecasting plots results shows that LSTM predictions model follows the actual demand curve more
closely, and XGBoost predictions model shows higher deviation during peak demand time. So, the deep

learning-based LSTM models are more stable for predicting demand forecasting changes in real-world
retail environments.

Figure 5 Model forecasting for 7 days
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In Figure 5, it compares the 7-day demand forecasts from both XGBoost and the LSTM-Attention
model. The LSTM-Attention model predictions follow the actual demand curve more closely, especially

when demand goes high and low, and while the XGBoost shows larger errors. This shows that benefit of
sequence learning for short-term forecasting.

Figure 6 Model forecasting for 14 days
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In Figure 6, it compares the 14-day demand forecasts from both XGBoost and the LSTM-Attention
model. The XGBoost model results shows more errors in forecasting over longer time period because it
lacks temporal memory, and the LSTM-Attention model are more stable for predicting demand
forecasting. The LSTM-attention mechanism helps the model to focus more on important historical data
such as promotional week and holidays, and while improving long-term accuracy.

Figure 7 Comparison of 7 day and 14 day forecasted sales units for XGBoost, LSTM Attention and Final
averaged prediction
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In Figure 7, the graph gives the comparison units from the XGBoost model, LSTM model and final
average forecast for both 7 days and 14 days. The x axis displays the models name and Final and y axis
display the forecasted sales units. For 7 days forecast XGBoost predicted 38,346 units, LSTM Attention
predicted 37,564 units, and final average forecast is 38,459 units which is a middle point between two
models. For 14 days forecast combining both predictions gives more stable and reliable forecasts
leading to consistent results at different time frames. This shows that deep learning models are good for
predicting the demand in grocery retail sector.

5. Conclusion

This paper shows that machine learning and deep learning, how it works for demand forecasting in real-
world retail environments. By analyzing real-world sales data and by using different feature engineering,
multiple forecasting models were developed and evaluated. It shows that the LSTM model with strong
self-attention mechanism, and it provides more accurate data and reliable predictions. The proposed
system supports for better inventory planning, and reduces stockouts and wastage of products, and
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enables data-driven decision-making. Overall, this paper shows that forecasting systems in improving
operational efficiency and sustainability.
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