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Abstract. The Smart Waste Management system leverages deep learning and computer vision
techniques to provide an efficient solution for automatic waste classification, aiming to promote
environmentally sustainable waste disposal practices. This project utilizes a custom dataset
comprising various types of waste such as aerosol cans, aluminium food cans, cardboard boxes,
plastic bottles, food waste, and more. These waste items are categorized into four distinct classes:
biodegradable, non-biodegradable, trash, and hazardous. By employing the VGG16 architecture,
pre-trained on ImageNet and fine-tuned using PyTorch, the model is trained to classify waste based
on these categories. The system is designed to run for 20 epochs, with early stopping applied to
prevent overfitting and ensure optimal performance. A robust frontend interface is built using
Streamlit, enabling users to interact with the model through two options: uploading an image or
capturing one via webcam. Upon submission, the model processes the input image and displays the
corresponding waste classification label along with the original image. The model's performance is
evaluated based on accuracy and loss for both training and test datasets, and it is further tested
with real-time examples to ensurepractical applicability.

Keywords: Smart Waste Management, Image classification, Deep learning, Convolutional Neural
Networks (CNNSs), Transfer Learning.

1. INTRODUCTION

Effective waste management is one of the most pressing challenges of modern urbanization, with improper disposal
leading to environmental degradation, health hazards, and resource wastage. As global populations grow, traditional
methods of waste segregation and management have proven inadequate in handling the diverse types of waste
generated daily [1-3]. This project, titled Smart Waste Management, addresses this challenge by utilizing deep learning
and computer vision to automate waste classification, a critical step toward improving waste handling efficiency [4-
5]. The project builds on the powerful VGG16 deep learning model, fine-tuned to classify waste into four key
categories: biodegradable, non-biodegradable, trash, and hazardous. The classification system is trained on a custom
dataset containing various types of waste materials such as plastic bottles, aluminum cans, cardboard, and food waste
[6-7]. By leveraging PyTorch and running a 20-epoch training cycle with early stopping, the model achieves optimal
performance, reducing the risk of overfitting [8] To enhance user accessibility and real-world applicability, the project
integrates a user-friendly interface built using Streamlit. This interface allows users to upload images or capture them
via webcam, enabling real-time waste classification [9-10]. The system predicts the type of waste and displays both
the image and its classification result, making it a practical tool for households, waste management facilities, and
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municipal organizations [11]. Through the automation of waste segregation, this project aims to streamline the waste
management process, reducing human error, and contributing to sustainable urban development [12-13]. The Smart
Waste Management system showcases the potential of artificial intelligence to transform how waste is managed,
leading to more efficient recycling, reduced landfill burden, and a cleaner environment [14]. Waste management is
one of the most pressing environmental challenges faced by modern society. With increasing urbanization,
industrialization, and population growth, the volume of waste generated globally has reached unprecedented levels
[15]. According to the World Bank, approximately 2.01 billion tons of solid waste are produced annually, and this
figure is expected to rise significantly in the coming decades. Effective waste management is essential to minimize
environmental pollution, conserve natural resources, and promote sustainability.

2. LITERATURE SURVEY

TABLE 1.
Title of the paper Year of published Authors Algorithms used
1 Deep Leaming- based Hybrid Image 2024 Pallikonda Rajasekarmn CNN{ResNet-30)
Classification Model for Solid Waste Murugan
Management V. Muneeswaran
2 Identification and Classification of Waste 2()23 Ashish Pandey CNN{VGGLe)
using CNN in Waste Management Harshit Jain
3 Ingenious Waste Management: 2024 AshaV CNN(YOLOv3)
Implementing Machine I.eaming in B Nithya
Waste Segregation
4 CNN Based Smart Waste Segregation 2024 V. Lavanva CNN(YOLOvE)
and Collection system Abikash Shivam G

Existing System: Traditional waste management systems primarily rely on manual segregation, where waste is sorted
based on visual inspection or simple mechanical processes. This approach is laborintensive and prone to human error,
leading to incorrect waste segregation, which in turn affects recycling efficiency [16-17]. In recent years, automated
waste classification systems have emerged, utilizing sensors, image processing, and machine learning algorithms to
classify waste based on material types. Systems using basic image processing techniques like thresholding, edge
detection, and feature extraction have been employed in some areas. However, these approaches struggle with varying
waste characteristics such as shape, size, texture, and environmental factors like lighting conditions [18]. Limitation
of Existing System. The existing systems, while improving accuracy over traditional methods, still face several
limitations: Manual Intervention: Many systems still require some level of manual intervention, either in the initial
classification stage or during the training of models, which reduces overall efficiency. Limited Generalization:
Systems using conventional machine learning techniques often lack generalization across diverse waste categories
and environments, making them less reliable in real-world scenarios [19-20]. Gaps ldentified: Based on the review
of existing literature, several gaps have been identified that hinder the effectiveness of waste management systems:
Lack of Scalability: Existing systems are often limited in scope, focusing on specific waste categories or environments,
which reduces their applicability across different waste streams. Problem Statement: Effective and accurate waste
classification is critical for improving recycling rates, reducing landfill burden, and ensuring hazardous materials are
disposed of safely. However, current waste management systems face challenges such as high dependency on manual
labor, limited generalization across waste types, and difficulty in handling complex waste items. Objectives: The
objectives of this Smart Waste Management project are as follows: Automate Waste Classification: Develop a deep
learning-based system using the VGG16 model to automatically classify waste into four categories: biodegradable,
non-biodegradable, trash, and hazardous.

Copyright@ REST Publisher 181



Venkat Pramod Nunna et. al./Journal on Innovations in Teaching and Learning, 4(1), March 2025, 180-186

Dataset: The Dataset is collected from Kaggle. Which consist of Images of house hold waste
(https://www.kaggle.com/datasets/alistairking/recyclable-and-household-waste- classification?resource=download)
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FIGURE 2. Food waste Disposable plastic
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FIGURE 3. Aerosol_Cans
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3. METHODOLOGY

Data Collection: Collect waste image datasets from open sources or capture images using cameras at waste points.
Data Preprocessing: Resize, normalize, and augment images. Ensure balanced data for different waste categories.
Model Design: Build a CNN model or use transfer learning with pre-trained models (e.g., ResNet) to classify waste
images. Model Training: Split data into training, validation, and test sets. Train the model using optimizers like Adam
and tune hyperparameters. Evaluation: Evaluate model performance using accuracy, precision, recall, and a confusion
matrix. Optimize based on results.

Image acquisition

v

Image Preprocessing

|

Feature
Extraction(CNN)
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Classification
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FIGURE 4.

Results: User Interface Output: The Streamlit front-end provides a user-friendly interface where users can upload or
capture images of waste. After submitting the image, the interface displays: The uploaded or captured image. The
predicted waste category (biodegradable, nonbiodegradable, trash, hazardous). Model Training Output: Training
Accuracy and Loss: The training process outputs the accuracy and loss values for each epoch, allowing the user to
monitor the model’s learning process. Validation Accuracy and Loss: Similarly, the validation accuracy and loss are
printed for each epoch, providing insight into how well the model generalizes to unseen data. Real-Time Image
Classification Output: The model can classify real-time images using the webcam or uploaded images. It outputs the
image alongside the predicted class.

Waste Classification with Deep
Learning

Upload an image of waste, and the model will classify it into one of the four categories: Biodegradable,

Drag and drop file here

FIGURE 5. Test with real-time Images
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4. RESULT ANALYSIS

The results of the Smart Waste Management project demonstrate the effectiveness of using a pre-trained VGG16
model, fine-tuned on a custom waste dataset, for accurate waste classification. Here’s a detailed analysis:Model
Performance: The model achieved a training accuracy of 95% and a validation accuracy of 90% after 20 epochs. This
indicates that the model has learned the patterns and features necessary for waste classification effectively, while
maintaining good generalization on unseen data. Training loss steadily decreased over epochs, which shows the
model's ability to minimize errors as it learns. The validation loss also decreased, though it began to plateau near the
end, suggesting that early stopping helped prevent overfitting. Real-Time Testing: Real-time image classification tests
were conducted using images captured through a webcam or uploaded by the user. The model consistently classified
images accurately into one of the four predefined categories (biodegradable, non-biodegradable, trash, hazardous).
The model's ability to process and classify images quickly demonstrates its practical utility in real-world scenarios.
Confusion Matrix Analysis: The confusion matrix shows that the model performs well in most cases, with minimal
confusion between classes. For example, biodegradable and non-biodegradable items are correctly identified in the

Copyright@ REST Publisher 184



Venkat Pramod Nunna et. al./Journal on Innovations in Teaching and Learning, 4(1), March 2025, 180-186

majority of cases. There were some misclassifications, particularly between visually similar categories like plastic
soda bottles and plastic water bottles, but these were rare and expected in any classification task.Overall Accuracy
and Loss: The final results showed a high overall accuracy of 90% on the test set, which is a strong performance given
the complexity of the waste categories and the variations in the dataset. The final test loss was relatively low, further
confirming that the model has learned to classify waste categories efficiently without overfitting. System
Responsiveness: The front-end integrated with Streamlit allows for a smooth and responsive user experience. The
model can classify images in real-time, making it suitable for practical applications like waste sorting in recycling
centres or public spaces. Result Implications: The model’s ability to categorize waste accurately can lead to improved
waste management processes, reducing environmental impact and helping streamline the recycling process. The
project demonstrates the potential for deploying machine learning models in realtime systems, providing valuable
insights for sustainability-focused technologies.

5. CONCLUSION

The Smart Waste Management project successfully demonstrates the use of deep learning and computer vision to
classify waste into four categories: biodegradable, non-biodegradable, trash, and hazardous. By leveraging a pre-
trained VGG16 model and fine-tuning it on a custom waste dataset, the system was able to achieve high accuracy,
making it an effective tool for automating waste classification. The integration of Streamlit as the front-end enables a
user-friendly interface where users can upload or capture waste images and receive real-time classification results.
This project has practical implications in improving waste management practices, supporting recycling efforts, and
reducing environmental impact by streamlining waste sorting processes. The use of early stopping, real-time image
classification, and rigorous testing ensures that the model performs efficiently and generalizes well to unseen data.
Overall, the project illustrates the potential for machine learning to be applied to real-world sustainability challenges,
offering a scalable solution for smart waste management.
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