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ABSTRACT

“Time Series Forecasting and Modelling of Food Demand Supply Chain Based on Regressors
Analysis” presents an intelligent predictive framework for analyzing and forecasting food demand
within supply chain management systems using time series modelling and regression-based analytical

techniques. The study focuses on identifying the influence of various regressors such as seasonal

variations, population growth, consumer purchasing behavior, climate conditions, transportation costs,
and market trends on food demand and supply fluctuations. By applying machine learning algorithms,
statistical forecasting models, and regression analysis to historical supply chain data, the proposed
system aims to improve demand prediction accuracy, reduce food wastage, optimize inventory

management, and enhance distribution efficiency. The framework supports real-time decision-making

for suppliers, retailers, and policymakers by providing reliable forecasts that help maintain supply
chain stability and ensure food availability. Experimental results demonstrate that integrating
regressor analysis with time series forecasting significantly improves prediction performance and
contributes to the development of sustainable and efficient food supply chain management systems.

INTRODUCTION

Food supply chain management plays a vital
role in ensuring the availability, accessibility,
and distribution of food products to meet the
growing demands of the global population.
Rapid urbanization, population growth,
changing consumer preferences, climate
change, and market uncertainties have made
food demand forecasting increasingly
complex. Inaccurate prediction of food
demand can lead to serious problems such as
overstocking, food wastage, supply shortages,
increased operational costs, and inefficient
resource utilization. Therefore, accurate
forecasting and modelling techniques are
essential for maintaining a stable and
sustainable food supply chain system.

Time series forecasting has emerged as an
effective approach for analyzing historical
demand patterns and predicting future food
consumption trends. By studying past sales
records, seasonal variations, economic
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conditions, and consumer behavior, time series
models can identify hidden trends and
recurring patterns in supply chain data. In
addition, regression analysis helps determine
the influence of multiple external factors,
known as regressors, such as weather
conditions, transportation costs, festivals,
inflation rates, and population growth on food
demand fluctuations.

The proposed system focuses on developing an
intelligent  forecasting  framework  that
combines time series modelling with regressor
analysis to improve the accuracy of food
demand prediction in supply chain
management. The  framework  utilizes
statistical ~ methods, = machine learning
algorithms, and predictive analytics to analyze
historical datasets and generate reliable
demand forecasts. This approach supports
better inventory planning, optimized logistics,
reduced food wastage, and efficient decision-
making for  suppliers, retailers, and
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policymakers. The system aims to enhance
supply chain sustainability, operational
efficiency, and overall food distribution
management in dynamic market environments.
LITERATURE SURVEY

1. “Time Series Forecasting for Supply
Chain Demand Planning”

Author: Rob J. Hyndman and George
Athanasopoulos

Description:

This study focused on the application of time
series forecasting methods such as ARIMA,
exponential ~ smoothing, and
decomposition for demand prediction in
systems. The  authors

seasonal

supply  chain
demonstrated how historical sales data and
seasonal trends can improve forecasting
accuracy and support efficient inventory
management.

2. “Machine Learning Techniques for Food
Demand Forecasting”

Author: Ahmed Elafif et al.

Description:

The research explored the use of machine
learning algorithms including decision trees,
random forests, and neural networks for
forecasting food demand. The study showed
that Al-based forecasting models provide
better prediction performance compared to
traditional statistical methods by capturing
complex demand patterns and market
behavior.

3. “Regression Analysis in Supply Chain
Management”

Author: Douglas C. Montgomery et al.
Description:

This work presented the importance of
regression analysis in identifying relationships
between demand and influencing factors such
as pricing, transportation, climate conditions,
and customer behavior. The authors
highlighted how regressors can significantly
improve forecasting accuracy in supply chain
operations.

4. “Forecasting Agricultural and Food
Product Demand Using Big Data Analytics”
Author: K. R. Kumar and S. Prasad
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Description:

The study proposed a big data-driven
framework for analyzing food demand trends
using consumer purchasing data and
environmental  factors. The researchers
integrated predictive analytics with supply
chain management to reduce wastage and
optimize product distribution across different

regions.
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We have coded this project using JUPYTER
notebook and below are the code and output
screens with blue colour comments
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In above screen importing required python
classes and packages

In above screen reading and displaying meals
and its sales dataset
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In above screen reading and displaying dataset
of different centers which are handling sales
and now we will merge both datasets to find
sales from different Centers.
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In above screen merging and display both
datasets
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In above graph using box plot we are showing
max and min range of each column values

In above graph showing number of orders

where x-axis represents number of orders and
y-axis refers as order in each week
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In above graph we are finding distribution of
values in each column in the dataset and in
graph you can see the high low values of each
column in the graph
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In above graph displaying number of orders
from each CENTER
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In above graph finding top 15 centers with
highest number of orders
represents center id and y-axis represents

where x-axis

orders
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In above screen plotting graph of number
center working under each center type where
x-axis represents center type and y-axis
represents number of centers working under
that type
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In above graph displaying number of orders
received by each region where
represents region code and y-axis represents
orders
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In above graph displaying number of orders
received in each week where x-axis represents
week and y-axis represents number of orders
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In above screen displaying features correlation
graph where red box contains high correlated
values which will remove out and remaining
boxes contains less correlated values
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In above screen in tabular format displaying
extracted New features
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In above screen from dataset extracting LAG
features and then calculating Y target using 0.5
alpha value and then displaying extracted
dataset
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In above screen training gradient boosting and

P ~its MAE values is 111
In above screen applying pre-processing
techniques such as normalization and then T

MGl @ e @

splitting dataset into train and test and in blue i s

colour we can see train and test split records
details
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In above screen defining function to calculate
MAE, MAPE, RMSE and RMSLE

In above screen training Random Forest with
tuning parameters on train dataset and then
testing on test data to calculate RMSE values
and in output we can see MAE value as 106
and can see other metric values and in graph x-

ratn. ropete], X eras

In above screeﬁ XGBOOST got 101 as MAE

axis represents testing week number and y-axis
represents sales values where red line
represents original TEST sales and green line
represents Predicted sales and both lines are
overlapping so we can say Random Forest
forecasting is good but there is little gap in red
and green line
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In above screen training LSTM and after

executing this block will get below output

1)

In above screen LSTM got 29 as MAE and
both lines are fully overlapping with little gap
in end

e = (X_tratnl.shape(1), X_tratnl.shape(2])))

and after executing this block will get below

output

In above screen BI-LSTM got 53% MAE
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In above screen training extension CNN2d
algorithm and after executing above block will

get below output
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In above screen extension CNN2d got only 9
as MAE
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In above graph x-axis represents algorithm
names and y-axis represents MAE and RMSE
values in different colour bars and in all
algorithms LSTM and extension CNN2d got
less MSE and RMSE error rates
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In above screen displaying all algorithm
performance in tabular format

P — -

In above screen reading test data and then
normalizing and then predicting test data with
extension CNN model and then in output
before arrow symbol ==» we can see TEST
data and after == symbol we can see
predicted sales for that week

CONCLUSION

The proposed system for time series
forecasting and modelling of food demand
supply chains based on regressors analysis
provides an effective solution for improving
demand prediction and supply chain
management. By combining time series
forecasting  techniques with  regression
analysis, the framework can accurately
identify demand patterns, seasonal variations,
and the influence of external factors such as
weather conditions, market trends,
transportation costs, and consumer behavior.
This integrated approach enhances forecasting
accuracy and supports efficient decision-
making in food supply chain operations.

The system helps suppliers, retailers, and
policymakers optimize inventory management,
reduce operational costs, minimize food
wastage, and ensure timely product
distribution. The use of machine learning and
predictive analytics further improves the
adaptability and reliability of the forecasting
model in dynamic market environments.
Overall, the proposed framework contributes
to the development of intelligent, sustainable,
and efficient food supply chain systems
capable of meeting growing consumer
demands while maintaining supply chain
stability and resource optimization.

FUTURE WORK
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Future improvements to the proposed system
can focus on integrating advanced artificial
intelligence and deep learning techniques to
enhance forecasting accuracy and adaptability
in dynamic supply chain environments.
Models such as Long Short-Term Memory
(LSTM), recurrent neural networks, and
transformer-based forecasting algorithms can
be implemented to better capture complex
temporal patterns and long-term demand
dependencies in food supply chains.

The system can also be extended to include
real-time data collection from IoT devices,
smart sensors, and cloud-based supply chain
platforms for continuous monitoring of
inventory, transportation, and  storage
conditions. Incorporating external factors such
as climate change, economic fluctuations,
social events, and consumer sentiment analysis
from online platforms may further improve
prediction  performance  and  demand
estimation.

Future research may also focus on developing
automated decision-support systems for
inventory optimization, route planning, and
warehouse management using reinforcement
learning  and  optimization  algorithms.
Additionally, blockchain
technology can improve transparency,
traceability, and security within the food

integrating

supply chain network.
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