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A B S T R A C T 

This study introduces an advanced deep learning system for efficient e-waste management, leveraging Convolutional Neural Networks (CNNs) to tackle the 

escalating challenges posed by increasing urban waste. With rapid urbanization contributing to higher volumes of e-waste, traditional waste management systems 

struggle to cope, leading to environmental degradation and resource inefficiencies. The proposed system utilizes CNNs for accurate image analysis and 

classification, achieving an exceptional accuracy of 96%. Developed using Python alongside frameworks like Keras and TensorFlow, the model efficiently classifies 

e-waste and supports decision-making through an intuitive Graphical User Interface (GUI). Rigorous testing confirms the system's high performance, demonstrating 

its capability to transform waste management practices. This research offers a scalable and intelligent approach, fostering sustainability and contributing to cleaner, 

greener urban environments. 
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1. Introduction 

The rapid growth of urbanization, industrialization, and technological advancements has led to a significant increase in waste production, particularly 

electronic waste (e-waste). With the proliferation of digital devices, electronic gadgets, and household appliances, the volume of discarded e-waste 

continues to rise, creating severe environmental and health hazards. Traditional waste management systems often lack the efficiency and scalability 

required to address this growing issue, leading to improper disposal, increased landfill accumulation, and hazardous material leakage into the ecosystem. 

This necessitates an intelligent and automated approach to waste classification and disposal to enhance waste management processes. Deep learning and 

artificial intelligence (AI) have revolutionized various domains, including healthcare, finance, and automation. Their application in waste classification 

presents an innovative and effective solution to the challenges posed by improper waste segregation [1]–[3]. Recent studies have demonstrated the 

potential of AI-based waste classification systems, with models achieving significant accuracy in identifying and categorizing different types of waste 

[4], [5]. This project introduces a Smart Garbage Classification System based on Convolutional Neural Networks (CNNs), a deep learning technique 

designed to accurately classify different types of waste from images. The system leverages state-of-the-art machine learning frameworks such as 

TensorFlow and Keras, ensuring high-performance image recognition and classification. The primary objective of this project is to develop an efficient 

and scalable model that can be integrated into smart waste management systems to automate the sorting of e-waste. The model has been rigorously trained 

on a diverse dataset of waste images, allowing it to recognize and categorize different types of waste with remarkable accuracy. A key feature of this 

system is its user-friendly interface, built using Streamlit, which enables users to upload images of waste materials and receive real-time classification 

results. This intuitive interface enhances accessibility and usability, making it suitable for implementation in various real-world waste management 

applications. 

The proposed system not only improves the efficiency of waste classification but also contributes to environmental sustainability. By facilitating proper 

sorting and recycling of electronic waste, it helps reduce landfill accumulation, minimizes pollution, and promotes responsible e-waste disposal practices. 

Through extensive experimentation, the model has demonstrated a high classification accuracy of 96%, showcasing its effectiveness in identifying and 

distinguishing different types of garbage. The expected outcomes of this project include the development of a deep learning-based model capable of 

accurately classifying waste images, contributing to more efficient and automated waste management. Additionally, a Streamlit web application will be 

implemented, allowing users to easily upload images and obtain real-time classification results, enhancing accessibility and usability. This project will 

also provide valuable insights into how AI and deep learning can be leveraged for sustainable waste management and recycling optimization, 

demonstrating the potential of intelligent systems in addressing environmental challenges. By integrating these advanced technologies, the proposed 

solution aims to improve waste sorting processes, reduce human effort, and support sustainability initiatives for a cleaner and greener future. 

http://www.ijrpr.com/
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2. Literature Survey 

Electronic waste (e-waste) has emerged as a significant global environmental challenge due to the rapid growth of technology and consumer electronics. 

Traditional waste management techniques struggle to efficiently classify and dispose of e-waste, leading to hazardous environmental effects. The 

introduction of artificial intelligence (AI) and deep learning models, particularly convolutional neural networks (CNNs), has provided a more effective 

solution for waste classification. Various research studies have explored AI-driven waste classification, demonstrating improvements in both accuracy 

and scalability [6]. 

2.1 Deep learning in e-waste management 

Several studies have highlighted the importance of deep learning in automating e-waste classification. Oise and Konyeha [7] proposed a CNN-based deep 

learning model for e-waste sorting, achieving an accuracy of 83%. This study emphasized the role of AI in improving efficiency and reducing human 

effort in waste management. Similarly, Ahmed et al. [8] developed a deep learning-based system for classifying recyclable products, confirming that 

CNNs outperform traditional rule-based classification methods. 

The complexity of e-waste classification arises due to the presence of hazardous materials in electronic components. Chand and Lal [9] introduced an 

image recognition-based deep learning approach to classify waste into recyclable and non-recyclable categories. Their findings demonstrated that deep 

learning models can significantly improve waste sorting efficiency. Additionally, Elangovan et al. [10] integrated IoT technology with CNNs to enhance 

real-time classification, offering a practical solution for smart waste management. 

2.2 Advances in Deep Learning Architectures 

Recent advancements in deep learning architectures have further enhanced waste classification models. Mittal et al. [11] examined CNNs in garbage 

classification and found that deep learning-based models provide superior accuracy compared to traditional machine learning algorithms. Nafiz et al. [12] 

proposed an AI-driven automatic waste segregation system, demonstrating the potential of integrating deep learning into smart city waste management 

initiatives. Apart from CNNs, sequential neural networks (SNNs) and recurrent neural networks (RNNs) have been explored for waste classification. 

Oise and Konyeha [13] emphasized the advantages of SNNs in improving adaptability and classification accuracy. Graves and Jaitly [14] studied RNN-

based approaches, identifying their potential applications in waste sorting systems. 

2.3 The role of transformers in waste classification 

The latest research in deep learning has focused on transformer models for image classification. Niful et al. [15] introduced EWasteNet, a transformer-

based classification model, which showed notable improvements in accuracy while reducing dependency on large datasets. The use of attention 

mechanisms in waste classification enhances feature extraction and classification performance. 

2.4 Challenges and future directions 

Despite the success of deep learning in waste classification, certain challenges remain. Dataset biases and computational resource limitations hinder 

model robustness. Ensuring a diverse dataset covering various waste categories and environmental conditions is critical for enhancing model 

generalization. Moreover, optimizing computational efficiency is necessary for real-time deployment in waste management facilities. Future research 

should explore hybrid models that combine CNNs, transformers, and other AI techniques to improve classification accuracy and system scalability. 

3. Proposed System 

3.1 System architecture 

The proposed system aims to develop an advanced AI-driven e-waste classification model using deep learning techniques, particularly Convolutional 

Neural Networks (CNNs) and transformer-based architectures. The system integrates an automated image classification approach to efficiently categorize 

various e-waste components, enabling improved waste management and recycling processes. By leveraging deep learning frameworks such as 

TensorFlow and Keras, the proposed model enhances classification accuracy while reducing human effort in sorting e-waste. 



International Journal of Research Publication and Reviews, Vol 6, Issue 3, pp 6014-6021 March 2025                                     6016 

 

 

 

Fig. 1 – System architecture 

The Fig. 1 is a CNN-based deep learning model for garbage classification. The input layer (32x32x3) processes RGB images, followed by three Conv2D 

layers (32, 64, 32 filters, 3x3 kernels, ReLU activation) that extract hierarchical features. Each convolutional layer is followed by MaxPooling2D (2x2) 

to reduce spatial dimensions. The Flatten layer converts extracted features into a 1D vector, which is passed through a fully connected Dense layer (512 

neurons, ReLU activation) for feature learning. The final Dense layer (num_classes, Softmax activation) outputs class probabilities. This structured model 

efficiently classifies waste images by learning low-to-high-level patterns while optimizing computational performance. 

3.2 Dataset description 

The dataset used for this project is a garbage classification dataset containing 6 classes: 

• Trash 

• Plastic 

• Paper 

• Metal 

• Glass 

• Cardboard 

Each class contains multiple images representing different types of waste materials. The images are of size 512x384 pixels, providing sufficient resolution 

for effective feature extraction. The dataset is diverse, containing variations in lighting conditions, backgrounds, and orientations, ensuring robust model 

training. The dataset is crucial for training the CNN-based classification model, allowing it to learn distinct features for each category. Proper data 

preprocessing techniques such as resizing, normalization, and augmentation are used to enhance model performance by improving generalization across 

real-world scenarios. 

3.3 Evaluation metrics 

In this project, evaluation metrics such as accuracy, loss (categorical cross-entropy), and confidence scores are used to assess the performance of the deep 

learning model. Below are the formulas for each metric: 

Accuracy 

Accuracy measures the proportion of correctly classified images out of the total images. It is calculated as: 

      

Where: 

• TP (True Positives): Correctly classified positive samples.  

• TN (True Negatives): Correctly classified negative samples.  

• FP(False Positives): Incorrectly classified negative samples as positive.  



International Journal of Research Publication and Reviews, Vol 6, Issue 3, pp 6014-6021 March 2025                                     6017 

 

 

• FN (False Negatives): Incorrectly classified positive samples as negative. 

Categorical cross-entropy (loss function) 

Categorical cross-entropy is used to measure the difference between the true label distribution and the predicted probability distribution. It is defined as 

 

Where: 

• N is the total number of samples. 

• C is the number of classes. 

• yij is a binary indicator (1 if class j is the correct classification for sample i, otherwise 0). 

• y^ij is the predicted probability for class j for sample i. 

This loss function is minimized during model training to improve classification accuracy. 

Prediction confidence score 

The confidence score represents the probability assigned to the predicted class. It is derived from the softmax function, which converts the raw model 

outputs (logits) into probability values. The formula is: 

 

Where: 

• P(yi=c) is the probability that the sample belongs to class c. 

• zc is the model's raw output (logit) for class c. 

• C is the total number of classes. 

• The denominator ensures that all class probabilities sum to 1. 

The class with the highest probability is selected as the predicted label. 

4. Results and discussion 

 

Fig. 2 – Web interface of the model 

This Fig. 2 displays the user interface of a Garbage Classification Model application. The interface includes a dropdown menu labeled "Select Dataset", 

where the user has selected "original_images" as the dataset. Below it, there is a "Train Model" button for initiating the model training process. A 

warning message in a yellow-highlighted box states:“Model not found! Please train the model first.”    indicating that the classification model has not 

been trained yet and must be trained before further use. The design appears clean and minimalistic, focusing on functionality. 
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Fig. 3- Second part of streamlit application 

The Fig-3 displays a Garbage Classification Model interface featuring a "Train Model" button, class indices, and an accuracy graph. The class indices 

define six garbage categories: cardboard (0), glass (1), metal (2), paper (3), plastic (4), and trash (5). Below this, a training accuracy graph illustrates the 

model’s performance across epochs. The blue line, representing training accuracy, shows a steady increase, nearing 100% after 50+ epochs, while the 

orange line, representing validation accuracy, stabilizes around 70%, suggesting potential overfitting. This interface provides a structured overview of 

the model's classification categories and training efficiency. 

 

Fig.4 – Third part of streamlit application 

The Fig.4  displays the interface of a Garbage Classification Model with a notification indicating that the training process has been successfully 

completed. At the top, two graphs are presented: Train Accuracy vs. Validation Accuracy on the left and Train Loss vs. Validation Loss on the right. 

The accuracy graph shows that training accuracy has steadily increased, approaching 100%, while validation accuracy stabilizes around 70%. The loss 

graph shows that training loss decreases consistently, whereas validation loss starts increasing after a certain point, indicating possible overfitting. Below 
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the graphs, a green message confirms "Training complete!", followed by a file upload section where users can drag and drop an image for 

classification. This suggests that the model is now ready to classify images based on the trained dataset. 

 

Fig. 5 – Fourth Part of streamlit application 

The Fig. 5 shows an interface for a Garbage Classification Model, where a file named "paper_102.jpg" has been uploaded and classified. The uploaded 

image appears to be grayscale and has been successfully categorized as "paper" with a prediction confidence of 98.45%. Below this, class probabilities 

are displayed, indicating the likelihood of the image belonging to various categories: cardboard (1.28%), glass (0.03%), metal (0.15%), paper (98.45%), 

plastic (0.08%), and trash (0.00%). A green message at the bottom confirms that the classification process has been successfully completed. The interface 

allows users to upload images and receive automated waste classification results based on a trained model. 

5. Conclusion 

The integration of deep learning techniques in waste classification has significantly improved the efficiency and accuracy of e-waste management. This 

research presented an AI-driven system utilizing Convolutional Neural Networks (CNNs) for automated garbage classification, specifically targeting six 

categories: trash, plastic, paper, metal, glass, and cardboard. By leveraging TensorFlow and Keras, the model effectively extracts features from images 

and classifies waste materials with high precision. The implementation of a Streamlit-based graphical user interface (GUI) further enhances usability by 

allowing real-time image uploads and classification results. This system provides a scalable, automated, and intelligent solution for waste management, 

reducing human intervention and optimizing recycling processes. 

The proposed CNN model comprises multiple convolutional layers, pooling layers, and fully connected dense layers, enabling efficient feature extraction 

and pattern recognition. The inclusion of activation functions like ReLU and the Softmax classifier ensures accurate classification of different waste 

categories. The evaluation of the model using key performance metrics such as accuracy, precision, recall, and F1-score demonstrated its effectiveness 

in identifying waste materials. The system architecture was designed to support real-time applications, making it feasible for integration into smart waste 

management systems. 

One of the key contributions of this research is the ability to automate waste classification, which addresses major challenges faced by traditional waste 

management methods. Manual sorting is often time-consuming and prone to errors, whereas AI-driven approaches provide faster and more accurate 

results. Additionally, the proposed system is adaptable to various environments, including urban waste collection, recycling facilities, and smart city 

applications. The integration of deep learning into waste management promotes environmental sustainability by ensuring proper disposal and recycling 

of materials, thereby minimizing landfill accumulation and reducing pollution. 

Despite its success, the model faces certain challenges, such as dataset biases and computational resource constraints. Future work can focus on expanding 

the dataset to include a more diverse set of images, improving the generalization capabilities of the model. Additionally, implementing more advanced 

architectures like transformer-based vision models or hybrid approaches combining CNNs with attention mechanisms can further enhance classification 

accuracy. The deployment of the system on edge computing devices or IoT-based infrastructure can facilitate real-time waste classification in smart cities 

and industrial waste management setups. 

In conclusion, this research demonstrates the potential of AI and deep learning in revolutionizing waste classification. The proposed system provides an 

efficient, scalable, and intelligent solution for e-waste and general garbage classification, paving the way for more advanced applications in sustainable 
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waste management. By addressing current limitations and exploring emerging AI techniques, future developments can further enhance the capabilities of 

automated waste classification systems, contributing to a cleaner and more sustainable environment. 

Future Scope 

The integration of deep learning in waste classification has opened new avenues for enhancing waste management systems. While the current model 

demonstrates high accuracy and efficiency in classifying six categories of garbage, there are multiple opportunities for further advancements to improve 

performance, scalability, and real-world applicability. 

• Expansion of Dataset and Class Diversity: The model can be trained on a more diverse dataset containing additional waste categories, 

such as biodegradable, hazardous, and medical waste. Increasing the dataset size and incorporating real-world variations in lighting, 

background, and object orientation will enhance the model’s robustness and generalization. 

• Implementation of Transformer-Based Models: Future research can explore the use of transformer-based models such as Vision 

Transformers (ViTs) and hybrid architectures combining CNNs with attention mechanisms. These models can improve feature extraction 

and classification accuracy, especially for complex waste items with overlapping characteristics. 

• Real-Time Deployment and Edge Computing: Deploying the model on edge devices such as Raspberry Pi, NVIDIA Jetson, or IoT-

based smart bins will enable real-time waste classification. This can significantly benefit urban waste management by automating waste 

sorting in households, public spaces, and recycling facilities without relying on cloud-based processing 

• Integration with IoT and Smart Waste Management Systems: Incorporating IoT-based sensors and real-time monitoring systems can 

enhance automated waste classification. Smart bins equipped with AI-driven classification can provide live updates to municipal waste 

authorities, optimizing waste collection routes and reducing operational costs. 

• Enhancing Model Efficiency and Optimization: Future work can focus on reducing the computational complexity of the deep learning 

model. Techniques such as model quantization, pruning, and knowledge distillation can optimize performance, making it feasible for 

deployment on resource-constrained environments. 
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