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Abstract—Waste segregation and management have become 
crucial in today’s world due to increased global waste generation, 
causing severe damage to environmental health. India generates 
62 million tons of garbage every year, out of which 5.6 million 
tons consists of plastic waste. Manual waste segregation is 
time-consuming and hazardous, necessitating automation. In this 
research we employed Mask R-CNN, an advanced deep learning 
model, for real-time waste classification and segmentation.  By 
localizing and labeling various kinds of wastes in images, Mask 
R-CNN improves accuracy and efficiency. The smart system
saves human effort, promotes sustainability, and supports smart
city programs. Our waste segregation technique achieved a
classification accuracy of 89%, demonstrating superior
effectiveness and precision in automated waste classification.

Keywords— Waste segregation, Waste classification, CNN, 
Machine learning, Automated waste management, Real-time waste 
detection, Recycling, Disposal instructions, User participation. 

I. INTRODUCTION

In metropolitan settings, effective waste management is a 
major concern, particularly in nations like India where 
garbage output has significantly increased due to fast 
population development. The majority of waste is now 
separated and disposed of manually, which results in 
inefficiencies, time consumption, and possible health risks. In 
order to reduce the negative effects on the environment, 
improve recycling initiatives, and advance public health, 
automated and effective waste classification systems are 
desperately needed, as estimates suggest that India’s solid 
waste creation could reach 377,000 tons per day by 2025[5]. 
The main problem, especially in urban households, is the lack 
of an automated system that can precisely classify and 
separate garbage at its source.The trash separation techniques 
used today, which primarily rely on manual labor and 
outdated machinery, are unsuitable for handling the increasing 
amount of waste. Pollution, missed recycling opportunities, 
and landfill overflows are all caused by this inefficiency.  
With advancements in deep learning and computer vision, 

object recognition and classification have significantly 
improved, allowing real-time detection with high accuracy. 
Convolutional Neural Networks (CNNs) have become a widely 
adopted approach for object detection and classification. 
State-of-the-art models like Mask R-CNN, YOLO (You Only 
Look Once), and SSD (Single Shot MultiBox Detector) have 
demonstrated impressive performance in detecting and 
classifying multiple objects simultaneously. These models 
extract image features using convolutional layers, enabling 
them to recognize objects within an image. Techniques such as 
Region Proposal Networks (RPNs), anchor boxes, and 
bounding boxes are used in models like Faster R-CNN and 
YOLO to efficiently detect and classify objects in a single 
forward pass. Semantic and instance segmentation approaches, 
like those used in Mask R-CNN, can further refine detection by 
segmenting specific waste categories within an image, making 
them particularly useful for garbage detection and 
classification. 

For waste classification, transfer learning plays a crucial role 
in adapting pre-trained models, such as those trained on Kaggle 
datasets, to recognize different waste types. By fine-tuning 
these models on domain-specific datasets, training time is 
significantly reduced while improving classification accuracy. 
Additionally, data augmentation techniques, such as image 
rotation, flipping, and contrast adjustments, enhance model 
robustness, ensuring it performs well across diverse real-world 
waste images. Beyond software, the integration of edge 
computing and IoT-based smart bins can further enhance waste 
classification by enabling real-time waste sorting at collection 
points. These AI-powered systems can help municipalities, 
industries, and households manage waste more effectively, 
reduce landfill contributions, and support a sustainable and 
eco-friendly waste management ecosystem. With continued 
advancements in deep learning, computer vision, and IoT, 
automated waste classification systems have the potential to 
revolutionize modern waste management, reducing human 
labor dependency and promoting efficient recycling practices. 
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Deep learning based system using Convolutional Neural 
Networks (CNNs) can be used to automatically recognize and 
categorize several kinds of waste from photos, including metal, 
paper, and plastic. The suggested solution seeks to improve 
waste segregation accuracy and efficiency, lessen the need for 
manual labor, and promote a more environmentally friendly 
waste management strategy by utilizing CNN technology. 

II.I ITERATURE REVIEW

Numerous researchers in the last few years have explored and  
developed deep learning models for waste classification 
automation to gain greater accuracy, efficiency, and practical 
application.  

Volkan Kaya (2023) has researched the potential of various transfer 
learning models like Xception, InceptionResNetV2, MobileNet, 
DenseNet121, and EfficientNetV2S in waste classification. While 
these models were successful in classifying various types of waste, 
Kaya further mentioned that other such modified transfer learning 
models with a lower computational burden even at the expense of 
slight accuracy decline are the hour of need. Additionally, some  

research was suggested to be carried out keeping real-time 
scenarios in mind for identifying waste and using large and 
diversified data sets for generalizing more. 

Other than that, Al-Mahmud Al-Mamun et al. (2023) developed a 
CNN architecture specific to auto-waste sorting. Their model 
utilized stacks of convolution, pooling, batch normalization, and 
dropout to enhance performance and prevent overfitting. Authors 
noted the challenges in dealing with mixed and variable forms of 
waste and towards the necessity of dataset augmentation and 
ongoing model fine tuning for real-world deployment. 

Megha Chhabra et al. proposed a CNN-based model in 2022 that 
was specifically designed for waste food and overall waste 
classification. Their approach utilized optimization techniques 
such as Leaky ReLU activation, batch normalization, and dropout 
layers to make the training performance stable and improved. They 
noted real-time detection function and data expansion and 
architectural optimization as most research areas to be investigated 
in this area. 

Another significant paper was given by Zerui Yang et al. (2022), in 
which they tackled the issue of separating trash in noisy and dark  
environments. They suggested a lightweight CNN model and           
employed pre-processing techniques like image adaptive 
illumination and noise removal to operate under difficult 
conditions. They proposed using such models on IoT-based smart 
trash cans, which would sort out garbage automatically efficiently 
with low power. 

Dr. M. Varaprasad Rao et al. (2021) used ResNet-50 architecture in 
an automatic class wastage process. The research found that deep 
residual connections in ResNet-50 were highly significant in 
classification and recognition of the various wastage. Nonetheless, 
the researchers further noted that further improvement was needed 
in enhancing the capacity to generalize and reduce the computation 
cost for real-world real-time environment classification. 

G.. Sai Susanth et al. (2021 conducted a comparative analysis of
some of the CNN architectures employed for waste segregation,
such as ResNet50, DenseNet169, VGG16, and AlexNet. Their
analysis resulted in DenseNet169 being the most accurate among
the others. One of the results of their research was the importance
of the quality of the dataset in maintaining stable model
performance. To achieve this, they suggested to introduce data by
automatic web scraping and efficient filtering techniques to obtain
cleaner and diversified training data.

Ishika Mittal et al. (2020) emphasized waste segmentation with 
CNNs from popular datasets such as TrashNet. They proved the 
model's scalability and applicability in automatic waste sorting 
systems. They conceived the implementation of AI-powered 
waste management technology integrated with 
sensor-empowered intelligent dumpsters and autonomous 
sorting via robotic means in order to make it automated and 
intelligent and more efficient. 

Finally, Olugboja Adedeji et al. (2019) considered a hybrid 
architecture where feature extraction was achieved by ResNet-50 
and SVM employed as classification. This yielded considerably 
improved accuracy in waste sorting operations. Nevertheless, 
they faced limitations in the dataset to be a significant limitation 
and proposed increasing the data and applying the hybrid model 
to real waste sorting systems for its testing of scalability and 
real-world performance. 

III. METHODOLOGY

 The primary objectives include automating waste 
classification to improve sorting accuracy, minimizing manual 
effort through AI-driven segregation, and promoting 
environmental sustainability by enhancing recycling processes 
and reducing landfill waste. The research addresses 
inefficiencies in traditional waste management, which relies 
heavily on manual labor, making it time-consuming and less 
effective. By leveraging deep learning, this system can be 
deployed in households, urban areas, industrial facilities, and 
smart cities, where significant amounts of waste are generated 
daily. It can also be integrated into smart bins and waste 
collection centers, enabling real-time waste classification, 
reducing human labor dependency, and improving recycling 
efficiency. 

a)Data Collection and Preparation:
• Dataset Acquisition:A well-prepared dataset is

essential in training an effective object detection and
segmentation model. In the present study, a dataset of
2,451 images of wastes in the JPEG image format (1024
× 768 pixels) was utilized. Images were taken from
accessible public datasets like Kaggle and augmented by
manually creating datasets of region-specific types of
wastes, i.e., biodegradable waste and region-specific
packaging waste. This was to enable the model's
responsiveness towards actual application contexts of
the classification of wastes.

To facilitate a well-balanced data set, the images were
separated into training (80%) and validation (20%) sets.
Such splitting is possible to provide best model
performance and generalization.
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• Annotation: The database utilized in this study consists
of 2,451 1024 × 768 pixel JPEG images. The data has
been divided into two subsets in order to have a
balanced ratio for training and testing: one subset for
training, with 1,968 images (80%), and another subset
for validation with 492 images (20%). For precise object
labeling, the VGG Image Annotator (VIA) was
employed for labeling objects by polygon mask
segmentation and bounding boxes. JSON-formatted
labeled data contained necessary object information
used in precise instance segmentation.

For compatibility with the Mask R-CNN model, the
dataset was preprocessed and restructured into the
COCO (Common Objects in Context) format that is
commonly applied for object detection and
segmentation tasks. COCO format consists of three
main elements: Images, which include file names,
resolutions, and individual image IDs; Categories,
where each category of trash has an ID; and
Annotations, with object-specific data like segmentation
masks and box coordinates. All this represented data
simplifies model training and testing, and enhances the
segmentation capability of the Mask R-CNN model.

• Preprocessing:In order to improve model stability and
efficiency in training, preprocessing techniques were
used to preprocess the dataset. Resizing of images was
utilized in order to normalize images to a uniform input
size, e.g., 512 × 512 pixels, for uniformity in the dataset
and to allow for uniform feature extraction.
Normalization was done by normalizing pixel
intensities to the range [0,1], which stabilized the
training process as well as enhanced the convergence
rate. In an attempt to enhance the generalization ability
of the model, image augmentation methods were used
such as rotation, flipping, contrast adjustment, and
brightness. These augmentations enhanced dataset
diversity, thereby making the model more able to deal
with variations in lighting conditions and object
orientations. Lastly, format conversion was performed
to convert the dataset into the COCO format, which is
simple to integrate into the Mask R-CNN model as well
as be compatible with standard object detection and
segmentation pipelines.

b)Model Development:

Mask R-CNN Model: Mask R-CNN (Region-Based
Convolutional Neural Network) is a deep learning architecture 
for instance segmentation. Mask R-CNN is a variation of Faster 
R-CNN, and an additional branch is used to predict the
bounding boxes and segmentation masks in addition to
receiving proper object segmentation and localization. Below is
the architecture description, working principles, and
implementation details of the Mask R-CNN model in our
proposed methodology.

Mask R-CNN's structure consists of a range of modules 
together that are effective in detection and segmentation. The 
backbone network, in general, would be ResNet-50 or 

ResNet-101 for feature extraction purposes and which is 
complemented by a Feature Pyramid Network (FPN) to 
preserve multi-scale representations for effective detection 
irrespective of changing sizes of the objects. Region Proposal 
Network (RPN) produces candidate object regions from the 
feature maps extracted, which are then refined for localization 
and classification. In contrast to Faster R-CNN, where ROI 
Pooling is used, Mask R-CNN uses an ROI Align Layer to 
avoid loss of spatial information by removing quantization 
errors and greatly enhancing mask prediction accuracy. The 
model generates three outputs for every object it detects: a class 
label, coordinates of the bounding box, and a pixel-wise 
segmentation mask, which makes it extremely efficient to use 
for instance segmentation tasks. 

 Mask R-CNN has a clearly identified working process. The 
input image first passes through a deep convolutional neural 
network (ResNet + FPN) for creating multi-scale feature maps. 
The Region Proposal Network (RPN) creates candidate regions 
of objects, which are filtered with non-maximum suppression 
(NMS) for removing overlapping and redundant proposals. The 
region regions are fed through the ROI Align layer for accurate 
spatial feature mapping. Lastly, each Region of Interest (ROI) is 
assigned an object class, the bounding boxes are resized, and a 
binary segmentation mask is created for accurate object outline. 

For the sake of this research, the Mask R-CNN model is used 
via the Matterport Mask R-CNN framework, which is 
TensorFlow and Keras-based. The model is initialized with a 
pre-trained Mask R-CNN model trained on the COCO dataset 
and fine-tuned on our dataset. The training configuration 
consists of a learning rate of 0.001, batch size of 8, and 50 
epochs, using the Adam optimizer for optimization. The loss 
function includes classification loss, bounding box regression 
loss, and mask segmentation loss so that the model can learn 
object classification, accurate localization, and accurate mask 
generation. The performance of the model is measured with 
important metrics like Mean Average Precision (mAP) and 
Intersection over Union (IoU), giving a quantitative measure of 
segmentation quality. By this approach, Mask R-CNN can 
efficiently detect and segment objects, and therefore it is a 
strong instance segmentation tool in the majority of real-world 
tasks. 
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IV. RESULT

The result of our intelligent waste sorting system indicates that 
it can carry out precise and effective real-time waste 
identification and separation. With a Mask R-CNN deep 
learning model that we trained using TrashNet, TACO, Kaggle, 
and local images, our system attained a better accuracy of 89%, 
with high precision and recall. Through the application of deep 
image processing and transfer learning, we have greatly 
minimized error rates while improving detection ability. Apart 
from this, real-time optimization reduced processing time to 
1-2 seconds per frame without compromising speed and
consistency. Our method compared to baseline models like
ResNet-50 and DenseNet-121 not only provided higher
accuracy but also quicker classification of waste materials.

Our method is more precise and efficient compared to earlier 
research. For example, Megha Chhabra et al. (2022) reported 
88.54% accuracy but needed further tuning to address variation 
in waste appearance. Similarly, Zerui Yang et al. (2022) 
attained 96.77% accuracy on the Trash-7 dataset but were not 
computationally efficient, thus being challenging for real-time 
implementation. Our approach balances accuracy and 
computation and is thus appropriate for real-world use. 
Additionally, our model performs better than Al-Mahmud 
Al-Mamun et al. (2023) in terms of illumination changes and 
background complexities and provides stable waste 
classification even in adversarial environments. 

In addition to technological innovation, we also emphasized 

user experience by having a simple online application. Users 
were able to upload photos of trash or utilize a live camera feed 
for real-time classification. The system also gave instant tips on 
disposal and included Google Maps integration to indicate 
nearby recycling plants. In the 50-user study, 82% claimed a 
positive experience, attributing ease of use and system 
correctness as main advantages. 

While these results are promising, continued enhancements are 
envisioned, including enhancing datasets to capture a broader 
range of waste types, enhancing edge device performance, and 
integrating the system into intelligent bins for autonomous 
waste sorting. Greater sustainability and scalability will further 
support future improvements with the objective of making 
waste management more efficient and eco-friendly.  

Result Tablebl

V. CONCLUSION

Our "Intelligent Waste Classification for Better Recycling 
Management" research targets an issue widespread in current 
society but largely unaware of—waste management. One of 
the most dangerous menaces facing the world today, waste is 
made annually by millions of tons, where the majority gets 
dumped into landfills or put into the environment and leads to 
pollution and causes harm to nature. The traditional waste 
sorting process is manual, time-consuming, imprecise, and 
unhealthy for workers. This research aims to transform waste 
management by introducing a smart and effective solution. 

It is an improved option compared to the existing traditional 
waste management process. In contrast to usual manual 
sorting, our model applies sophisticated deep learning 
methods, i.e., Mask R-CNN, which effectively enhances 
classification accuracy (89%) and real-time processing (1-2 
seconds per frame). Our proposed model beats existing 
models, including ResNet-50 and DenseNet-121, in a measure 
of trade-off between accuracy and computations, thus suitable 
for real-world implementation. In addition, its integration with 
Google Maps enables one to find recycling facilities close to 
one's location, thus facilitating appropriate waste disposal. 

It also beats other machine learning platforms in the use of 
cutting-edge CNN architecture to provide improved accuracy 
and real-time calculation. Moreover, integrating geolocation 
features with a web application of user-friendly interface 
enhances usability and interaction. Such an integrated 
approach not only optimizes waste segregation operations but 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 14, Issue 05, IIRA 5.0 (2026)

IJERTCONV14IS050035 Page 4

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



also helps achieve world sustainability goals, hence being a 
pioneering move towards smart waste management. The 
findings of this present research validate that our waste 
segregation method improves accuracy in classification and 
operational efficiency vastly compared to previous research. 
With the use of cutting-edge machine learning methods, not 
only do our results improve waste classification but also make 
the reality of sustainable waste handling possible. Other 
directions of optimization for scalability, edge device, and 
automation integration of smart bins are directions of future 
research interest. 
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