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ABSTRACT 
 

In a world facing increasing environmental challenges, effective waste management stands as a 
pivotal solution to mitigate pollution, conserve resources, and ensure a sustainable future. This project 
introduces a machine learning-based waste management system employing Convolutional Neural 
Network (CNNs) to accurately classify waste materials as recyclable or disposable. A diverse dataset, 
meticulously collected from reputable sources, facilitates the robust training of the CNN model, 
enabling it to recognize visual attributes of waste items. Preprocessing techniques optimize the 
dataset for training, while data augmentation expands its diversity. The project evaluates the CNN 
model's performance using thorough metrics like training validation loss and accuracy. Under training 
and validation loss, the training validation loss gave 79.95% evaluation, while the training and 
validation accuracy gave 84.09% respectively; confirming its effectiveness in waste classification. The 
new waste management system leverages automation and machine learning, revolutionizing waste 
sorting processes to enhance recycling rates, reduce operational costs, and mitigate environmental 
impacts.  
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1. INTRODUCTION 
 
In a world facing growing environmental challenges, it is our duty as humans to take care of our 
environment in order to reduce pollution in society for public health and safety.  Improper waste 
management can pose hazards to our health, as some waste may be toxic to humans. It is essential 
for us to be able to appropriately classify what is truly waste; sometimes, what might look like waste 
can be easily reused to create something else. Waste management is a significant global issue that 
governments deal with on a daily basis as a result of growing urbanization. (conserve-energy-future 
2023).  
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Waste Management actually mean the collection, transportation, and disposal of trash, sewage, and 
other waste products. Waste management entails handling both solid and liquid waste. It also provides 
a range of options for recycling goods that aren't considered garbage during the process.  A 
multidisciplinary strategy is necessary for effective waste management, comprising cooperation 
between governmental organizations, waste management businesses, industries, communities, and 
individuals. Intelligent waste management systems and machine learning, for example, are being 
integrated into waste management techniques to advance them further and create a more sustainable 
and clean environment. Industrial facilities frequently struggle with waste management, but emerging 
AI solutions can help cut down on the effort required to limit waste. 
 
Systems for identifying and classifying trash, AI-based quality control, and technology for facility 
monitoring could all contribute to a facility's ability to reduce waste. Machine Learning is a subset of 
Artificial Intelligence, making it a field well-suited for effectively identifying and solving the problem of 
waste management. A machine learning model can be constructed and trained to differentiate waste 
items that should be disposed of from those that can be recycled. There are several aspects and 
algorithms in machine learning that have a proven track record in accurately identifying images. 
Models trained for image processing can be developed to recognize waste products, streamlining 
human efforts and providing waste management and government bodies with the ability to implement 
an efficient and precise waste control system.  
 
Waste management is accomplished by well-organized collection systems, which include trash cans, 
pickup trucks, and specialized processing or disposal facilities. The collection process makes sure that 
waste is efficiently delivered to the right treatment locations, such as sanitary landfills for final disposal 
or recycling facilities, composting operations, and incinerators for the conversion of waste to electricity. 
Effective waste management has a big impact because it lessens greenhouse gas emissions from 
landfills, conserves natural resources, fights disease, and reduces pollution. Cleaner environments, 
wildlife protection, and protection of the general public's health are all benefits of proper waste 
management. 
 
2. LITERATURE REVIEW 
 
Theoretical Framework 
Waste refers to materials, substances, or products that are no longer needed, desired, or useful and 
are discarded or disposed of. Waste can take various forms, including solid, liquid, or gaseous, and it 
can result from human activities, manufacturing processes, consumption, or natural processes. Proper 
waste management is essential to minimize environmental impacts and potential harm to human 
health. Waste management entails handling both solid and liquid waste. It also provides a range of 
options for recycling goods that aren't considered garbage during the process. For instance, facility 
waste management is becoming more and more crucial as manufacturers try to increase the 
productivity, efficiency, and sustainability of their manufacturing operations. (Wikipedia 2023) There 
are differences in waste management procedures between developed and developing countries, 
urban and rural regions, residential and commercial sectors, and even within the same country. 
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Although effective waste management is crucial for creating sustainable and livable communities, 
many developing nations and cities still struggle with it. According to a survey, the cost of efficient 
waste management typically accounts for 20% to 50% of municipal budgets. (Dubey S et al. (2020)) 
In areas where it has become important to rethink cities for environmental sustainability, waste 
management is a crucial component of city administration. Without a smart waste management 
system, it is impossible to envision a smart city. A city is made up of a marketplace, offices, institutions, 
as well as numerous little and large-scale residences and societies. The majority of the waste is 
gathered from homes.  
 
Waste management done right aids in resource preservation, pollution reduction, and sustainable 
development. What exactly is waste management?  It is the act of gathering, moving, processing, 
recycling, and discarding waste products produced by human activity. To reduce the harmful effects 
of trash on the environment, the general public's health, and society as a whole, this practice is crucial. 
This been said, how do we categories waste.  
 
Types of waste 
There are several types of waste, and some of which are categorized according to the following: 
 
Organic Waste 
The majority of organic waste comes from plant and animal sources. Despite being biodegradable, 
dumping them in open landfills may cause the generation of methane, a greenhouse gas. Organic 
waste management practices that are environmentally friendly include composting and turning into 
biogas. 
 
Plastic Waste 
In the modern world, plastic is frequently utilized as a packing material. When compared to other items 
of a similar nature, it offers a significant cost advantage. Every year, just a small portion of newly 
manufactured plastic is recycled. 
 
Glass Waste 
Typically, it is discovered alongside solid municipal garbage. Glass can be remelted and used to create 
new things. The right channels for recovering used glass bottles and containers have been established 
by numerous soft drink and beverage firms. 
 
Metal waste 
Various metals in considerable quantities are employed in industrial production. Examples include 
silver, copper, zinc, aluminum, and more. They must be recycled because they are not renewable. 
Highly toxic metal trash can harm the quality of the land and water. 
 
Electronic waste 
Electronic equipment are rapidly aging due to the rapid advancement of technology. The growing 
problem of e-waste is also fueled by the disposal of electronic items after their useful lives. 
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Paper waste  
Landfills receive paper waste from businesses, homes, and other sources. Deforestation is another 
consequence of paper dependence. Paper is a greener substance than things like plastic. 
 
Methods of Waste Management 
The collection, transportation, processing, recycling, and disposal of waste products are some of the 
processes and strategies used in waste management. Depending on the type of waste, the resources 
at hand, environmental laws, and technological improvements, different ways may be chosen. Here 
are a few typical waste management techniques: 

i. Composting:  
Through the action of microorganisms like bacteria and fungi, composting is a natural and 
environmentally benign process that involves the decomposition of organic waste items, such as food 
scraps, yard trimmings, and agricultural residues. Organic matter decomposes into compost, nutrient-
rich humus that forms under controlled temperature, moisture, and aeration conditions. Composting 
is an environmentally friendly way to recycle organic waste, and the resulting soil conditioner is 
nutrient-rich and may be used to improve soil fertility and boost plant development. 

ii. Waste to Energy (WtE) : 
The term "waste to energy," or "WtE," refers to a range of technologies that transform non-recyclable 
waste materials into useable energy sources, such as fuel, heat, or electricity. Anaerobic digestion, 
gasification, pyrolysis, and incineration are all WtE processes. Waste to Energy provides a dual benefit 
of trash management and renewable energy generation, lowering the need for fossil fuels and 
preventing garbage from going to landfills. 

iii. Incineration: 
The managed combustion of non-recyclable waste at high temperatures is known as incineration, 
which is a waste management technique. Ashes, gases, and heat energy are produced during the 
incineration process from waste. In waste-to-energy systems, where the heat energy produced is used 
to produce electricity or district heating, incinerating is frequently used as a part of the process. By 
effectively reducing the amount of waste delivered to landfills, properly run incineration facilities with 
cutting-edge pollution control systems can minimize any negative environmental effects. 

iv. Landfill: 
Solid garbage is buried in the earth in a landfill, which is an authorized site for disposal. Non-recyclable 
and non-hazardous trash is disposed of at landfills. To reduce odor, litter, and environmental 
contamination, waste is compacted and covered with soil. Despite the fact that modern landfills use 
leachate collection and liner systems to lessen their negative effects on the environment, space 
restrictions, the potential for groundwater contamination, and greenhouse gas emissions make them 
a less desirable waste management option than recycling. 

v. Recycling: 
Recycling is a waste management technique that entails gathering, classifying, and processing waste 
items in order to produce new goods or raw resources. Recycling conserves natural resources, uses 
less energy, and produces less garbage. The following materials are frequently recycled: paper, glass, 
metals, plastics, and organic waste. By encouraging material reuse and advancing a circular economy 
strategy, in which waste is seen as a valuable resource that can be reintegrated into the production 
cycle, recycling plays a critical role in sustainable waste management. 
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Fig 1: Waste Management Hierarchy 

 
 
According to (RTS 2020) The Waste Management Hierarchy places a strong emphasis on how 
important it is to minimize waste production and increase resource efficiency. It promotes the 
transition to a circular economic model, where resources are continuously reused, recycled, and 
repurposed, as opposed to the conventional "take-make-dispose" linear economy. The Waste 
Management Hierarchy's guiding principles can be put into practice to reduce waste's negative 
environmental effects, preserve natural resources, and work toward a more sustainable future. The 
hierarchy can be used as a framework by governments, businesses, and people to enhance waste 
management procedures and move toward a more circular and responsible approach to resource 
consumption. 
 
(Rts 2020) Waste management is a complex problem nowadays, the operational procedures for 
transporting and processing waste vary greatly between cities, countries, and continents. The issue 
has, however, been broken down in an effort to create a framework that organizes the various types 
of waste management into a hierarchical system. This strategy aims to take into account a product's 
whole lifecycle and get the most value out of any waste. Therefore, waste management methods are 
typically divided into three groups based on the now-famous "3Rs" — Reduce, Reuse, and Recycle. 
Unfortunately, by providing advice on the best ways to repurpose garbage for little environmental 
impact, this approach only addresses best practice waste management systems. (Rts 2020)  In 
actuality, some wastes cannot be processed by this approach, and for some wastes, a deadlock is all 
too frequently encountered.  
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The waste management hierarchy can be expanded to incorporate the following ideas keeping these 
problems in mind. Some people call it  Waste Hierarchy or Waste Management Pyramid, but 
nevertheless, it is a structure and idea used to rank waste management techniques according to their 
sustainability and environmental impact. The hierarchy is intended to aid in decision-making and 
encourage the best waste disposal techniques. With an emphasis on resource conservation and waste 
reduction, it ranks waste management strategies from most to least desired. 
CNN (Convolutional neural network) 
 

 
Fig 2: The architecture and components of CNN (convolutional neural network 

 
According to (towards data science 2023) Convolutional neural networks are unique algorithms 
created specifically to work with images. The procedure described as "convolution" in the title involves 
applying a weight-based filter to each component of an image, assisting the computer in 
comprehending and responding to the image's constituent parts. This can be useful when searching 
through a large number of photographs for a particular object or characteristic, such as scanning 
images of the ocean floor for evidence of a shipwreck or a crowd to find a certain person's face. 
 
Over the past ten years, the field of "computer vision," which studies how computers can understand 
and analyze images and videos, has experienced rapid growth (Mishra 2020). Deep learning 
techniques are based on neural networks, a branch of machine learning. They are made up of node 
levels, each of which includes an input layer, one or more hidden layers, and an output layer. Each 
node has a threshold and weight that are connected to one another. Any node whose output exceeds 
the defined threshold value is activated and begins providing data to the network's uppermost layer. 
Otherwise, no data is transmitted to the network's next tier. (IBM 2023) 
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Convolutional neural networks outperform other neural networks when given inputs such as images, 
voice, or audio, for example. There are three basic categories of layers in them: 

 Convolutional layer 
 Fully-connected (FC) layer 
 Pooling layer  

 
1. Convolutional Layer 

The convolutional layer is the fundamental component of a CNN and is where the majority of the 
processing takes place. Data from the input, a filter, and a feature map are the only components 
needed. (Mishra 2022) Assume that the input will be a 3D pixel matrix representing a color image. 
Thus, the input will have three dimensions: height, width, and depth, which are equivalent to RGB in 
an image. Additionally, we have a feature detector, also referred to as a kernel or filter that will move 
through the image's receptive fields and determine whether the feature is there. Convolution is the 
name given to this process. 
 
Pooling Layers:  
(Mishra 2022) By pooling layers, feature maps' vital information is preserved while their spatial 
dimensions are reduced. The two most common pooling processes are max-pooling and average-
pooling, which determine the average value within the window and take the maximum value within a 
defined window, respectively. There are principally two forms of pooling: 
 
Max pooling:  
The filter chooses the pixel with the highest value to send to the output array as it advances across 
the input. As a side note, this method is applied more frequently than average pooling. 
 
Average pooling:  
The filter calculates the average value inside the receptive field as it passes across the input and 
sends that value to the output array. 
The pooling layer loses a lot of information, but it also offers CNN a number of advantages. They lessen 
complexity, increase effectiveness, and lower the risk of overfitting. 
 
Fully Connected Layer  
(Mishra 2022) The full-connected layer is exactly what its name implies. As was already noted, partially 
connected layers do not have a direct connection between the input image's pixel values and the 
output layer. In contrast, every node in the output layer of the fully-connected layer is directly 
connected to a node in the layer above it. Based on the features that were retrieved from the preceding 
layers and their various filters, this layer conducts the classification operation. FC layers often utilize a 
soft max activation function to categorize inputs appropriately, producing a probability ranging from 0 
to 1. Convolutional and pooling layers typically use ReLu functions. 
 
2.1 Related Works 
Anh et al. (2020) offer a cutting-edge IoT and machine learning-based urban waste management 
solution. Their technology addresses major urban waste management difficulties by forecasting 
garbage can fill levels to optimize rubbish collection routes. 
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 They point out the drawbacks of current methods such as evolutionary algorithms and closest 
neighbor search, and instead recommend combining machine learning and graph theory to forecast 
fill levels based on university class schedules. When the system was put into place at Ton Duc Thang 
University in Vietnam, it showed gains in cost savings, time savings, and waste collection efficiency. 
Additionally, logistic regression was able to effectively estimate the probability of garbage collection. 
The study's shortcoming is its limited testing scope, which calls for more extensive validation in a 
variety of urban environments. Majchrowska et al. (2022) use deep learning-based automatic waste 
detection to solve waste pollution and recycling. They propose two new benchmark datasets, "detect-
waste" and "classify-waste," which include different waste types. They present a two-stage detector 
that achieves up to 70% average detection precision and 75% classification accuracy using 
EfficientDet-D2 for localization and EfficientNet-B2 for classification. The study highlights the potential 
of neural networks in environmental protection and trash monitoring, but it also points out that more 
research is necessary to improve accuracy.  
 
Nowakowski et al. offer an image identification system that uses convolutional neural networks (CNN) 
and faster region-based CNN (R-CNN), two deep learning approaches, to identify and classify waste 
electrical and electronic equipment (WEEE). The system allows users to take pictures of garbage 
objects, which are then automatically recognized and sorted. It is designed to be used with 
smartphones and intends to enhance waste collection plans. This makes it easier for homeowners 
and waste collection providers to communicate information effectively, which improves waste 
management in the circular economy. With an accuracy range from 90% to 96.7%, the system exhibits 
great identification efficiency. CNN performs exceptionally well in classifying different categories of e-
waste, whereas R-CNN determines the size of objects.  In order to classify and track waste in real-time, 
Rahman et al. (2022) develop a waste management system that combines deep learning and IoT 
technology. The system achieves 95.31% accuracy in waste classification by using a 34-layer 
convolutional neural network (CNN), with ResNet34 being found to be the best model. Real-time 
garbage monitoring is made easier with a smart trash can that has load measuring and ultrasonic 
sensors installed. With an 86% System Usability Scale (SUS) score, the system shows real-world 
efficacy in trash management. The authors point out areas that should be improved in order to further 
increase the system's capabilities, such as the addition of additional trash classifications and sensors. 
 
Chen (2022) emphasizes how important waste collection is to smart cities and how smart technologies 
may improve productivity. The study suggests that recycling can lower the volume of waste disposed 
of, addressing the issues of high prices and ineffective waste management. In order to give real-time 
data on garbage generation, the focus is on machine learning algorithms and Internet of Things-
powered devices in waste bins. The goal of integrating IoT and automated machine learning (AML) in 
waste recycling is to increase recycling rates and separation efficiency, which will lower costs and 
better utilize available resources. In order to achieve high accuracy, cost-effectiveness, and efficiency 
in mixed recycling applications, Chen presents an AML-based waste recycling framework (AMLWRF) 
for material classification and separation. Notwithstanding drawbacks including scant information, 
poor comprehensibility, and ambiguous model selection guidelines.  In order to handle the growing 
amount of garbage generated in smart cities and industry, Uganya, G. et al. (2022) investigate how IoT 
and machine learning can be used in waste management, with a focus on human health and ecological 
sustainability.  
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They suggest an intelligent trash management system that uses Internet of Things-enabled dustbins 
to continuously check the levels of metal, gas, and waste. To anticipate waste and improve collection 
efficiency, a variety of machine learning approaches are used, such as decision trees, random forest 
algorithms, logistic regression, support vector machines, and linear regression. According to their 
investigation, the random forest algorithm (RFA) outperforms other classifiers by preventing overfitting 
and offering superior waste categorization, achieving the best accuracy at 92.15% with the least 
amount of time spent—0.2 milliseconds. In order to address inefficient trash handling, Khan et al. 
(2021) suggest a smart waste management system that makes use of machine learning (ML) and the 
Internet of Things (IoT). Their prototype employs image processing to estimate the waste index and 
monitors trash levels using ultrasonic, moisture, and Arduino UNO sensors. By reducing waste pickups 
by 80% and infrastructure and maintenance expenses by 30%, the system improves efficiency and 
satisfies waste reduction goals. Its success depends on the thorough integration of smart bins, 
sensors, and collection vehicles, notwithstanding its innovation and affordability. 
 
In response to the problems associated with managing plastic garbage, Bobulski and Kubanek (2021) 
suggest automated sorting through the use of image processing and deep learning, namely 
convolutional neural networks. Their focus is on improving recycling efficiency by classifying plastics 
such as PET and polyethylene. The accuracy of their 15-layer network was 97.43%, which was higher 
than the 23-layer network's 91.72% accuracy. The average efficiency of the WaDaBa database test 
was 74%. Though they acknowledge the need for greater research and more realistic waste images, 
they emphasize the 15-layer network's appropriateness for mobile devices because it has fewer 
characteristics. In order to address the issue of plastic bottle waste management, Zia et al. (2022) 
suggest an incentive-based Reverse Vending Machine (RVM) that sorts plastic bottles accurately by 
employing image processing and classification. Their second RVM, which used the MobileNet model, 
was robust, small, and affordable. It had a 99.2% accuracy rate and could be used in all weather. It 
was installed at a university and in just six months, it gathered nearly 650 kg of plastic waste. The 
modest implementation cost (about 750 USD) promotes recycling among the general people. Future 
improvements, according to the authors, should focus on managing a variety of materials, enhancing 
mechanical parts, and utilizing cutting-edge enclosure materials. 
 
Zaman (2022) underscores the importance of modernizing waste management with Industry 4.0 (I4.0) 
technologies, particularly Waste Management 4.0 (WM4.0), in Perth, Western Australia. Their research 
includes a literature review on I4.0 in waste management and the development of a machine learning 
model (MLM) to measure household waste contamination. Despite challenges like initial investments, 
WM4.0 shows promise in reducing costs and enhancing supply chain efficiency. The MLM, though a 
proof-of-concept, demonstrates potential in identifying waste contamination, benefiting the City of 
Canning. However, limitations include the lack of validation through an actual waste audit system, 
urging for future studies to expand validation efforts and enhance model applicability in real-world 
scenarios. 
 
3. METHODOLOGY 
 
The proposed new waste management system represents a paradigm shift from the conventional 
manual sorting approach, introducing advanced technological solutions to revolutionize waste 
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classification and processing. This modern system aims to overcome the limitations of manual sorting 
and enhance efficiency, accuracy, and sustainability in waste management practices. 
 
The Block diagram of the new system  
The methodology abducted in this research is a 9-step iterative approach. it consists of the following 
steps as shown below.. 
 

Input 

 
Fig 2: Block Diagram of the proposed System 
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Data Collection 
In order to gather data for the waste management categorization method, a variety of datasets were 
gathered from reliable web sources and well-established repositories. To ensure authenticity from the 
real world, pictures of different waste items were taken from websites, newspapers, and visual 
information. Further photos were painstakingly extracted from well-known sources like Data World, the 
UCI Machine Learning Repository, and Kaggle. This compilation featured trash from various angles, 
backgrounds, and lighting situations. All photos were sourced responsibly and given due 
acknowledgment, in accordance with data usage policies. The algorithm's stability and efficacy in 
correctly categorizing trash items under real-world settings are ensured by this diversified dataset. 
 

 
Fig 3:  An overview of the dataset 

 
Data Processing 
A number of critical steps are involved in the preprocessing stage of image preparation for the 
Convolutional Neural Network (CNN): resizing images for consistency and efficiency, preserving aspect 
ratios to avoid distortion, normalizing pixel values for stability, and augmenting data to increase 
dataset diversity.  
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The input data is standardized and optimized by these procedures, which prepares it for feature 
extraction by CNN. By carefully preparing the model, the project's waste management categorization 
goals are advanced and the model's ability to differentiate between recyclable and non-recyclable 
waste items is improved. 
 
Data Visualization 
To find out how much data was available and what kinds were distributed for training and validation, 
a bar chart was created. The following bar plot illustrates this visual representation.  
 

 
Fig 4: A bar chart showing the amount of our dataset present for testing 

 
Data Augumentation  
Data augmentation: To increase the size of the training dataset and enhance model generalization, 
data augmentation is used. Images that already exist can be made into variations by applying 
techniques like rotation, flipping, cropping, and brightness adjustment without changing the 
essential elements of the original image.  
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Train, Test and Split 
A crucial stage in creating a waste management categorization model is the train-test split. The 
'train_test_split' function divides the dataset into separate training and validation sets. The data is 
divided into training (70%) and validation (30%) subgroups with a test size of 30%. This divide serves 
as the foundation for assessing and improving the accuracy of the model, guaranteeing a trustworthy 
waste classification solution. This assessment is essential for determining how well the model can 
predict outcomes on actual data and generalize to new examples.  
To preserve the representativeness of both sets, a random split of the train and test was executed. 
Before splitting, the data should be randomly shuffled to assist eliminate any biases or ordering effects 
that might have been in the original dataset.  
 
Normalization of data  
Data normalization is the process of aligning an image's pixel values to fall inside a predetermined 
range, typically between 0 and 1. This improves model convergence and helps stabilize training.  
 
Data Generator 
Using a data generator is an effective way to train a waste management classification model, 
especially when working with large datasets. By feeding the model batches of photos successively 
during training, this method saves memory resources by avoiding loading the complete dataset at 
once. photos were preprocessed and rescaled using the Image Data Generator class, and photos were 
systematically fetched from a specified directory using the flow from data frame function. This 
approach makes the most use of processing power by guaranteeing a steady flow of varied data 
batches for training models, which is in line with the project's goal of efficiently handling large datasets.  
 
Model Implementation 

 
 

Fig 5: Model Implementation Flow Diagram 
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Evaluation of the Algorithms 
Throughout the project's training phase, it was crucial to closely track essential metrics like training 
loss, validation loss, training accuracy, and validation accuracy to assess the Convolutional Neural 
Network (CNN) model's performance and its ability to generalize. 
 
Training and Validation Loss: 
Training loss signifies the disparity between the model's predicted output and the actual labels in the 
training process. Conversely, validation loss gauges the model's effectiveness on unfamiliar data from 
a separate validation dataset. The primary goal was to minimize both training and validation loss, 
ensuring the model grasped significant patterns from the data without succumbing to overfitting. The 
training validation loss was 79.95% 
 
Training and Validation Accuracy: 
Training accuracy denotes the proportion of accurately predicted labels within the training dataset, 
whereas validation accuracy evaluates the model's performance on unseen data. The objective was 
to optimize both training and validation accuracy, ensuring the model's capability to accurately classify 
waste recycling or disposal cases in real-world settings. The training validation accuracy is 84.09% 

 
Fig 6: Line plot of the training and validation for the loss and accuracy 

 
 
These metrics were given a lot of attention during the training phase in order to evaluate the model's 
progress and identify potential issues such as overfitting or under fitting. Training and validation 
accuracy as well as training and validation loss trends were used to inform iterative changes to the 
model's architecture and training parameters. 
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By include these metrics in the project documentation, important insights into the effectiveness of the 
training process and the model's efficiency in developing a robust waste classification framework are 
provided. 
 
Classification Report 
The model's performance across several classes is thoroughly summarized in the classification report. 
It provides important insights into the model's capacity to accurately categorize waste recycling or 
disposal cases and includes important metrics including precision, recall, F1-score, and support for 
each class. 
 

 
Fig 7: Classification Report Of The Model 

 
Table 1: Performance metrics table of the model 
  

Precision Recall F1-score Accuracy 
 
 
 
65% 

Class 0 0.00 0.00 0.00 

Class1 79% 78% 79% 

Class 2 0.00 0.00 0.00 

Class 3 66% 48% 56% 

Class 4 54% 65% 59% 

 
Confusion Matrix 
 
The confusion matrix offers invaluable insights into the performance of your classification model, 
enabling targeted improvements and optimizations tailored to the specific challenges of your project, 
such as accurately classifying different types of waste items in our dataset 
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Fig 8: Confusion Matrix 

 
4. CONCLUSION 
  
WasteCheck represents a sophisticated yet accessible waste management classification system, 
empowering users to make informed decisions regarding waste materials. Its intuitive interface, 
powered by advanced Convolutional Neural Network (CNN) models, and seamless deployment make 
it an indispensable tool for waste management practitioners.WasteCheck exhibits commendable 
accuracy and performance metrics, with its CNN model showcasing optimal precision in waste 
classification. With an accuracy rate of 61%, trained to identify plastic, metal cans,nylon,and 
cardboard. Its multi-platform support ensures accessibility from any device without additional 
dependencies, enhancing user convenience and usability. 
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