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Abstract: The increasing demand for online food
delivery services has necessitated efficient inventory
management solutions for restaurants and cloud
kitchens. This research proposes a smart Online Food
Order Inventory Management System that integrates
real-time order tracking with intelligent stock
monitoring using machine learning algorithms. The
system is designed to forecast food demand, optimize
inventory levels, and reduce food waste by automating
the inventory control process. The proposed model
employs data analytics and prediction techniques to
enhance decision-making and streamline restaurant
operations.
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1. INTRODUCTION

The rise of food delivery platforms has revolutionized
the food service industry. However, maintaining an
efficient and accurate inventory system remains a
major challenge, especially in high-volume kitchens.
Traditional methods rely on manual stocktaking,
leading to errors, wastage, and delays. A technology-
driven system that integrates online orders with
dynamic inventory control can significantly enhance
operational efficiency. This research aims to develop
an intelligent food order inventory management
system that automates stock updates, forecasts
demand, and minimizes human error.

2. LITERATURE REVIEW

Several studies have been conducted on inventory
management and food ordering systems:
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e Zhang et al. (2020) implemented a predictive
inventory model using time series forecasting in
restaurants.

e Kaur and Singh (2019) proposed an IoT-based
smart kitchen management system for tracking
perishable items.

e Patel et al. (2021) analyzed food delivery data to
identify demand patterns using machine learning
algorithms. While each system addresses parts of
the problem, an integrated approach combining
real-time inventory updates with predictive
analytics is still lacking.

3. PROBLEM STATEMENT

Restaurants face the dual challenge of managing high
customer expectations and minimizing inventory-
related costs. Manual inventory systems are prone to
inaccuracies and inefficiencies. The absence of
predictive tools results in overstocking or stockouts,
affecting service quality and profitability. Hence, there
is a need for a comprehensive, intelligent system that
connects online orders to an adaptive inventory
backend.
4. OBJECTIVES

e To develop a real-time inventory management
system integrated with online food order
platforms.

e To use machine learning for accurate demand
forecasting.

e To automate stock alerts and supplier ordering
processes.

e To minimize food wastage and reduce inventory
costs.
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5. PROPOSED SYSTEM ARCHITECTURE

The proposed system consists of the following

modules:

e Order Processing Module: Captures order details
and updates inventory.

e Inventory Database: Stores current stock, usage
history, and expiration data.

e Demand Forecasting Engine: Uses historical
order data to predict future demand using
regression and time-series models.

e Supplier Integration Module: Automatically
places restocking requests when inventory falls
below threshold levels.

e Analytics Dashboard: Visualizes trends, alerts,
and performance metrics.

6. METHODOLOGY

e Data Collection: Historical order data, inventory
logs, and supplier details.

e Preprocessing: Data cleaning, normalization, and
time-series structuring.

e  Modeling: ML algorithms like ARIMA, LSTM,
and Random Forest are tested for forecasting
accuracy.

e System Development: Backend in Python (Flask),
database in MySQL, and frontend in React.

e  Evaluation: Metrics such as Mean Absolute Error
(MAE) and inventory turnover rates are used.

6.1 Data Collection
e Sources: User surveys, food delivery app datasets
(Zomato, Swiggy), synthetic data.
e  Features Collected:
o Demographics (Age, Gender, Occupation)
Behavioral (Internet usage, Online presence,
Order frequency)
o App usage (Time of order, Past orders,
Preferences)

6.2 Data Preprocessing

e C(Cleaning: Handle missing or inconsistent values.

e Encoding: Convert categorical data (e.g., gender,
occupation) into numerical form.

e Scaling/Normalization: Standardize numerical
features to ensure better model performance.
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e Feature Selection: Identify and select the most
relevant features.

6.3 Exploratory Data Analysis (EDA)

e Understand relationships between features and
target variable.

e Use visualizations (bar charts, heatmaps,
histograms).

e Identify correlations and trends in user behavior.

6.4 Model Selection and Training

e Choose suitable classification algorithms:
Logistic Regression

Decision Tree

Random Forest

K-Nearest Neighbors

Support Vector Machine

O O O O O

e  Split data into training and testing sets (e.g., 80/20
split).
e  Train the model using training data.

6.5 Model Evaluation

e  Test the model on unseen data.

e  Use metrics like:

Accuracy

Precision

Recall

F1-score

ROC-AUC Curve

e  Compare results of different algorithms to choose
the best-performing one.

O O O O O

6.6 Prediction
e Input new user data into the trained model.
e Model predicts:

o Yes (1) — Likely to order food online.

o No (0) — Not likely to order food online.

6.7 Deployment (Optional)

e Deploy the trained model using a web app (Flask,
Streamlit) or mobile interface.

e  Allow real-time prediction through a simple user
interface.

6.8 Feedback Loop

e Continuously collect new user data.

e Retrain or fine-tune the model periodically for
better accuracy.
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7.1 System Architecture Overview

7. IMPLEMENTATION

The implementation of the Online Food Order
Inventory Management System involves the
integration of frontend user interfaces, a backend API,
amachine learning engine for demand forecasting, and
a database for inventory and order data.

Web/Mobile App Backend Server Inventory DB
. . +—> +“—>
(Admin &Kitchen) (Flask API) (MySQL/PostgreSQL
\
ML Forecasting
Engine
(LSTM/ARIMA)
Supplier Integration
7.2 Frontend (React / Flutter) o inventory: item_id, name,  quantity,
e Dashboard: Real-time order tracking, current expiry date
inventory levels, restocking alerts, and predictive o orders: order_id, item_ids, timestamps
insights. o usage log: item_id, quantity used, date
e Forms: Add/remove inventory, approve supplier o suppliers: item_id, supplier_contact,
orders, view low stock items. last_ordered
e Role-Based Access: Admin (full control), e Relational schema ensures consistency and
Inventory Manager, Kitchen Staff. traceability.
7.3 Backend (Flask / Django API) 7.5 Machine Learning Module
e RESTful APIs for: e  Goal: Predict demand for each item daily/weekly
o Order input and inventory adjustment. using historical data.
o Historical data queries. e  Steps:
o Triggering ML predictions. o Data Preparation: Time-series format per
o Managing supplier restocking events. item.
e Libraries used: Flask, pandas, SQLAlchemy, o Feature Engineering: Day-of-week, holidays,
scikit-learn, joblib. seasonality.

7.4 Database (MySQL/PostgreSQL)
e Tables:

o Models Tested: ARIMA, LSTM, Random
Forest Regressor.
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o Final choice: LSTM for non-linear seasonal
data.

Python code
# Sample ML Forecast Code Snippet
model = Sequential()

model.add(LSTM(64, return_sequences=True,
input_shape=(X_train.shape[1], 1)))
model.add(LSTM(32))

model.add(Dense(1))

model.compile(loss="mse', optimizer="adam")

model.fit(X_train, epochs=50,

batch_size=16)

e Forecasted values are saved and used to trigger
restocking thresholds.

y_train,

7.6 Supplier Integration (Automated Reordering)

e  Supplier database is linked to inventory items.

e  When quantity < safety threshold — triggers an
email/notification/API call to vendor.

e Reorder confirmation updates expected delivery
date in the system.

7.7 Alerts and Notifications

e Built using Flask-Mail
Messaging (FCM) for:

Low stock

or Firebase Cloud

Expiring items
Forecast mismatches

O O O O

Order surges

7.8 Sample Technologies Used

| Module | | Technology |
|Fr0ntend ||React] S / Flutter |
|Backend ||Flask / Django |
|Database ||MySQL / PostgreSQL |
|ML Forecasting ||Python, TensorFlow, pandas |
|N0tiﬁcati0ns ||Firebase / Flask-Mail |
|Hosting HAWS EC2 / Heroku / GCP |

8. RESULTS AND DISCUSSION

The prototype system was tested in a simulated
restaurant environment. The ML models achieved an
average forecasting accuracy of 87%, reducing
overstocking by 30% and waste by 22%. Inventory
levels were maintained optimally with automated

IJIRT 182781

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

alerts and restocking triggers. Stakeholders reported
improved visibility and control over kitchen
operations.

9. CONCLUSION

The intelligent food order inventory management
system demonstrates significant potential in
transforming inventory operations in the food
industry. By combining real-time order processing
with demand forecasting, the system ensures optimal
stock levels, reduces waste, and improves service
delivery. Future work will include extending the
model to multi-branch scenarios and incorporating
IoT-based sensors for automatic stock updates.
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