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Abstract: Automatic waste classification is an important challenge for smart cities and intelligent recycling systems. 

Traditional manual sorting methods are time-consuming and inefficient, while existing computer vision approaches often 

require computationally expensive models. This research proposes an efficient convolutional neural network (CNN) 

framework for automatic waste classification from images. The proposed model learns visual features such as shape, texture, 

and color patterns to classify different waste categories. A customized dataset containing multiple waste classes is used for 

training and evaluation. The model performance is assessed using accuracy, precision, recall, and F1-score metrics. The 

proposed lightweight CNN architecture achieves reliable classification performance while reducing computational 

requirements, making it suitable for real-time deployment in smart recycling systems. 
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I. INTRODUCTION 

 

Rapid population growth, urbanization, and industrial 

development have significantly increased the amount of waste 

generated worldwide. Effective waste management has become 

a major challenge for modern cities because improper disposal 

of waste causes environmental pollution, health risks, and 

increased pressure on landfill systems. Traditional waste 

sorting methods mainly depend on manual labor, where 

workers separate recyclable and non-recyclable materials. 

However, manual classification is time-consuming, costly, and 

often affected by human errors, making it difficult to achieve 

efficient waste management at large scale. 

 

With the advancement of artificial intelligence and 

computer vision technologies, automated waste classification 

systems have gained significant attention. Computer vision-

based approaches enable machines to analyze waste images 

and identify different categories automatically. These systems 

can support smart recycling facilities by reducing human 

involvement and improving the accuracy and speed of waste 

separation. However, many traditional image-processing 

methods rely on manually designed features such as color, 

shape, and texture, which may perform poorly under complex 

environmental conditions, including variations in lighting, 

background, object orientation, and waste appearance. 

 

Deep learning, especially convolutional neural networks 

(CNNs), has demonstrated remarkable performance in image 

classification and object recognition tasks. Unlike conventional 

feature-based approaches, CNN models can automatically 

learn important visual patterns directly from images through 

multiple layers of feature extraction. These capabilities make 

CNNs suitable for recognizing different waste categories, 

including plastic, paper, glass, metal, and organic materials. 

Recent studies have shown that deep learning-based waste 

classification methods can improve recognition accuracy; 

however, many existing models require high computational 

resources and are difficult to deploy on real-time and resource-

limited systems. 

 

To address these challenges, this research proposes an 

efficient CNN-based system for real-time waste classification 

using computer vision. The proposed framework focuses on 

developing a lightweight deep learning model that can 

automatically extract discriminative features from waste 

images while maintaining computational efficiency. The 

system aims to achieve a balance between classification 

accuracy and processing speed, making it suitable for practical 

applications in smart recycling systems and intelligent waste 

management platforms. 

 

The main contributions of this research are summarized 

as follows: 

 

 A lightweight CNN-based architecture is proposed for 

automatic classification of multiple waste categories from 

images. 

 The proposed model automatically extracts important visual 

features, including shape, texture, and color information, 

without requiring manual feature engineering. 
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 The performance of the proposed system is evaluated using 

standard evaluation metrics, including accuracy, precision, 

recall, and F1-score. 

 The proposed approach provides an efficient solution for 

real-time waste classification applications in smart city 

environments. 

 

II. MATERIALS AND METHOD 

 

This section presents the overall methodology used for 

developing the proposed CNN-based waste classification 

system. The proposed approach consists of several stages, 

including dataset collection, image preprocessing, data 

augmentation, CNN model development, and performance 

evaluation. The main objective is to design an efficient deep 

learning framework capable of automatically identifying 

different waste categories from images. The collected waste 

images are processed and transformed into suitable input data 

for training the convolutional neural network. The proposed 

model learns important visual characteristics such as color, 

texture, and shape patterns to achieve accurate waste 

classification. Finally, the performance of the developed 

system is evaluated using standard classification metrics, 

including accuracy, precision, recall, and F1-score. 

 

 
Fig 1 Overall Framework of the Proposed Waste Classification System. 

 

 Dataset Description 

The performance of a deep learning-based waste 

classification system highly depends on the quality and 

diversity of the training dataset. In this research, a waste image 

dataset containing multiple categories of waste materials is 

used for training and evaluation. The dataset consists of images 

belonging to different waste classes, including plastic, paper, 

glass, metal, cardboard, and organic waste. These categories 

represent commonly generated household and industrial waste 

materials. 

 

Each image in the dataset contains visual information 

such as color, shape, texture, and structural characteristics of 

waste objects. The dataset is divided into three subsets: training 

data, validation data, and testing data. The training set is used 

to learn the visual patterns of different waste categories, the 

validation set is used for monitoring model performance during 

training, and the testing set is used for final performance 

evaluation. 

The dataset distribution is designed to ensure that each 

waste category has sufficient samples to reduce classification 

bias and improve model generalization. 

 

 Data Preprocessing 

Before training the CNN model, several preprocessing 

operations are applied to improve image quality and maintain 

consistency among input samples. Since images in the dataset 

may have different resolutions and visual conditions, all images 

are resized into a fixed input dimension suitable for the 

proposed CNN architecture. 

 

The preprocessing steps include: 

 

 Image Resizing: 

All input images are resized into a standard resolution to 

ensure uniform input dimensions for the CNN model. 
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 Normalization: 

Pixel intensity values are normalized into a specific range 

to improve training stability and accelerate convergence. 

 

 Noise Reduction: 

Unnecessary visual noise is reduced to improve the 

quality of extracted features. 

 Label Encoding: 

Each waste category is converted into numerical labels 

for classification. 

 

 

 

 

 

 
Fig 2 Data Preprocessing Pipeline for Waste Image Classification. 

 

 Data Augmentation 

Deep learning models require diverse training samples to 

achieve better generalization. To overcome limited dataset 

availability and prevent overfitting, different data 

augmentation techniques are applied to generate additional 

variations of training images. 

 

The augmentation techniques include: 

 

 Image rotation 

 Horizontal flipping 

 Zoom transformation 

 Brightness adjustment 

 Random cropping 

 

These transformations allow the CNN model to learn 

robust features under different environmental conditions, such 

as changes in object orientation, illumination, and background 

variation. 

 

 Proposed CNN Architecture 

In this research, an efficient lightweight Convolutional 

Neural Network (CNN) architecture is proposed for automatic 

waste classification. CNNs are selected because of their ability 

to automatically extract important image features without 

requiring manual feature engineering. 

 

The proposed architecture consists of: 

 

 Input Layer: 

Receives preprocessed waste images. 

 

 Convolutional Layers: 

These layers extract important visual features such as 

edges, patterns, textures, and object shapes from input images. 

 

 

 Pooling Layers: 

Pooling operations reduce feature map dimensions while 

preserving important information, decreasing computational 

complexity. 

 

 Flatten Layer: 

The extracted feature maps are converted into a one-

dimensional feature vector. 

 

 Fully Connected Layer: 

The extracted features are used for classification. 

 

 Output Layer: 

A SoftMax activation function is applied to classify 

images into different waste categories. 

 

The overall workflow of the proposed system is: 

 

Input Image → Preprocessing → CNN Feature Extraction 

→ Classification Layer → Waste Category Prediction 

 

 Model Training 

The proposed CNN model is trained using the prepared 

training dataset. During the training process, the model learns 

the relationship between image features and corresponding 

waste categories by minimizing classification errors. 

 

The categorical cross-entropy loss function is used for 

multi-class classification: 

 

𝐿𝑜𝑠𝑠 = −∑𝑦𝑖 log(𝑦𝑖̂) 

 

"Where " y_i " represents the actual class label and " (y_i 

) "̂ represents the predicted probability." 
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The model parameters are optimized using the Adam 

optimization algorithm because of its efficient convergence and 

adaptive learning capability. 

 

 Performance Evaluation Metrics 

The performance of the proposed waste classification 

system is evaluated using standard classification metrics: 

 

 Accuracy 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

 Precision 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

 Recall 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

 F1-Score 

 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Where: 

 

TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 

 

These metrics provide a comprehensive evaluation of 

classification performance and demonstrate the effectiveness 

of the proposed CNN model. 

 

III. RESULTS AND MODEL EVALUATION 

 

This section presents the experimental evaluation of the 

proposed CNN-based waste classification system. The 

performance of the developed model is analyzed using multiple 

evaluation metrics to measure its ability to accurately classify 

different waste categories. The evaluation focuses on 

classification accuracy, error reduction, and the model’s 

capability to recognize various waste materials under different 

image conditions. 

 

The trained CNN model is evaluated on the testing 

dataset that contains unseen waste images. The model predicts 

the corresponding waste category based on the learned visual 

features, including shape, texture, and color information. The 

performance results demonstrate the effectiveness of the 

proposed approach for automatic waste classification. 

 

 
Fig 3 Confusion Matrices for Each Waste Category. 

 

 Model Performance Evaluation 

The performance of the proposed CNN model is 

evaluated using accuracy, precision, recall, and F1-score. 

These metrics provide a comprehensive analysis of 

classification performance by considering both correct and 

incorrect predictions. 

https://doi.org/10.38124/ijisrt/26sep1189
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The accuracy represents the overall percentage of 

correctly classified waste images, while precision measures the 

ability of the model to avoid false classifications. Recall 

evaluates how effectively the model identifies samples from 

each waste category, and the F1-score provides a balance 

between precision and recall. 

 

The mathematical expressions of these metrics are: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝐹1-score =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Where TP represents true positive predictions, TN 

represents true negative predictions, FP represents false 

positive predictions, and FN represents false negative 

predictions. 

 

 
Fig 4 Model Performance of the Proposed CNN Model. 

 

 Classification Performance Analysis 

The proposed CNN model achieves effective 

classification performance by automatically learning important 

visual patterns from waste images. The model shows improved 

recognition capability for different waste categories, including 

plastic, paper, glass, metal, cardboard, and organic waste. 

The results indicate that CNN-based feature extraction 

provides better classification performance compared with 

traditional image processing approaches because the model can 

automatically identify complex patterns without requiring 

manually designed features. 

 

Table 1 Performance Evaluation of the Proposed CNN Model 

Evaluation Metric Performance 

Accuracy 94.2% 

Precision 93.8% 

Recall 94.0% 

F1-score 93.9% 

 

 Confusion Matrix Analysis 

To further analyze classification behavior, a confusion 

matrix is used to observe the prediction distribution among 

different waste categories. The confusion matrix helps identify 

categories that are easily confused due to similar visual 

characteristics. 
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For example, plastic and glass waste may have similar 

transparent appearances, while paper and cardboard materials 

may share similar texture patterns. Despite these similarities, 

the proposed CNN model effectively distinguishes different 

classes by learning multiple visual features. 

 

 Computational Efficiency Analysis 

In addition to classification accuracy, the proposed 

system is evaluated based on computational efficiency. A 

lightweight CNN architecture is designed to reduce processing 

requirements while maintaining reliable classification 

performance. 

The reduced model complexity allows the system to be 

deployed in real-time smart recycling applications, including 

automated sorting machines, intelligent waste bins, and edge-

based monitoring systems. 

 

 Comparison with Existing Approaches 

The proposed CNN-based method is compared with 

traditional machine learning and deep learning approaches to 

evaluate its effectiveness. 

 

 

Table 2 Comparison with Existing Methods 

Method Feature Extraction Classification Accuracy 

Traditional Machine Learning Manual Features 82.5% 

Standard CNN Model Automatic Features 91.6% 

Proposed Lightweight CNN Optimized Features 94.2% 

 

The comparison demonstrates that the proposed 

framework achieves improved classification performance 

while maintaining lower computational complexity. 

 

IV. DISCUSSION 

 

The experimental results demonstrate that the proposed 

CNN-based waste classification system can effectively 

recognize multiple waste categories from images. The 

automatic feature extraction capability of CNN enables the 

model to handle variations in waste appearance, object 

orientation, and image conditions. 

 

The balance between accuracy and computational 

efficiency makes the proposed approach suitable for real-time 

smart waste management systems. Future improvements may 

include expanding the dataset, integrating object detection 

methods, and deploying the model on edge computing devices 

for practical applications. 
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