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Abstract: The tremendous growth in trash output that has occurred because of urbanisation and industrialisation has resulted
in serious problems for the environment and poses a threat to the health of the general population. To achieve sustainable waste
management, waste segregation is essential; however, manual segregation is not only slow but also unsafe and impractical.
The purpose of this research is to develop an artificial intelligence-based framework for intelligent waste segregation that
leverages deep learning and computer vision to automate classification and sorting. Garbage classification, including plastics,
paper, metals, organic materials, and hazardous chemicals, is achieved using convolutional neural networks (CNNs) and pre-
trained models such as ResNet and MobileNet. Increased system performance can be achieved by applying a range of image
pre-processing techniques, including scaling, normalisation, and augmentation. On the other hand, the system's hardware
consists of cameras, microcontrollers, and actuators for real-time waste separation. The framework was subjected to a series
of experiments, which revealed an accuracy of around 95%. Additionally, the system performs well in real-time garbage
categorisation and sorting, achieving high precision and recall. This is a significant accomplishment.
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1. Introduction

The purpose of our work is to eliminate the shortcomings of previous methods by providing a fully automated, scalable solution.
The presented system consists of several modules, including image capture, preprocessing, classification, and mechanical
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separation, which work together in real time [6]. As stated earlier, the first step is image capture, which yields high-resolution
images of different waste types [21]. These images are captured using cameras placed above the moving belt or bin. Then,
image processing involves resizing, normalisation, and denoising to achieve optimal image quality [25]. Further, to make the
system more efficient, data augmentation techniques such as rotations, scaling, and flipping are used. They are trained on
datasets of various types of waste, learning the features of each type [5]. To further improve the model's effectiveness, transfer
learning is applied, where the models are pre-trained on other neural networks, such as ResNet and MobileNet [26]. It speeds
up the training process while reducing the amount of training data [13]. Once sorting is complete, the next step is to interface
with the control unit responsible for the physical separation of materials [11]. Microcontrollers such as Arduino and Raspberry
Pi can be used with motors or robotic arms to perform operations as instructed by the classifier [12]. Based on waste
classification, the material will then be sorted into the corresponding receptacle [3]. Using the control subsystem, all
mechanisms can be precisely controlled. The significance of this research extends beyond the development of new technologies
[14]. An effective sorting algorithm has a direct impact on the environment, including reduced landfill use, conservation of
resources, and lower pollution levels.

It increases the efficiency of the recycling process, thereby reducing energy consumption and greenhouse gas emissions [16].
Automated systems also ensure greater safety through decreased contact between waste and its handlers [1]. However, using
Al-based waste-sorting systems also poses some challenges [2]. The nature of waste may differ significantly depending on
lighting, contamination, or damage. To train models on various visual aspects of garbage, substantial data would be needed
[21]. Additionally, hardware and operational costs might become an obstacle, especially for poorer nations [23]. Another
difficulty concerns real-time system performance while maintaining precision. Deep learning algorithms might require
substantial resources, which should be reduced and managed appropriately, and optimised hardware should be used to enable
rapid information processing [20]. An edge computing approach, which involves data analysis near its source, could help solve
this problem [24]. The current work aims to overcome these difficulties by creating effective models, appropriately
preprocessing collected data, and properly integrating [15]. Using artificial intelligence and embedded systems enables the
development of a solution that meets modern waste management requirements [18]. Modern society requires efficient waste
management approaches more than ever before. Utilisation of deep learning and computer vision technologies in this field
could lead to successful waste sorting [17]. This research presents one of the efforts to develop intelligent sorting systems that
are efficient, accurate, and scalable [7]. This system helps improve the recycling of waste materials and supports environmental
preservation [22].

2. Literature Review

In view of the increasing anxieties about waste management and sustainability, many studies have been conducted on automated
waste sorting [16]; [18]. Studies conducted over the years have used various methods, ranging from conventional sorting to
artificial intelligence [1]. In this paper, researchers present a literature review of studies on waste sorting, machine learning,
deep learning, and intelligent automation systems [2].

2.1. Traditional Waste Segregation Methods

Previously, waste segregation had been done manually [8]. The process involved sorting of waste based on characteristics such
as size, shape, and type [1]. This simple technique does not involve complicated technological means, yet it has its
shortcomings. Firstly, the manual sorting process is time-consuming and requires more workers. Secondly, workers are likely
to encounter hazardous materials, which can harm their health. In addition, the effectiveness of the procedure depends heavily
on the worker's efficiency and attention, which may result in poor outcomes [3]. To improve manual sorting methods, semi-
automatic technigues have been developed. They consist of mechanical equipment such as conveyor belts, magnets, and wind
separators. However, they can only sort some waste categories, such as metals and light waste [4]. With the rise of deep learning,
our approach to image classification and object detection has greatly evolved [19]. The power of deep learning is in its ability
to extract features from images autonomously [20]. Such properties make convolutional neural networks (CNNSs) a promising
choice for waste classification, given the high variability in visual features [2]. There have been many efforts to apply deep
learning CNN architectures to waste classification tasks, achieving high accuracy (over 90%). Some popular architectures used
in such applications are AlexNet, VGGNet, ResNet, and MobileNet. Deeper architectures, for instance, ResNet, solve the
problem of vanishing gradients via residual connections [9]. Lightweight CNN architectures, such as MobileNet, are designed
for embedded applications [10].

2.2. Transfer Learning in Waste Classification
Training deep learning models requires large amounts of labelled data; to reduce this need, researchers are adopting transfer

learning [13]. With transfer learning, models pretrained on large-scale datasets (e.g., ImageNet) are fine-tuned on waste images.
Transfer learning offers several advantages, such as reduced training time, improved accuracy on small datasets [2], and
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improved generalisation. Many works focus on the development of real-time systems for waste segregation based on deep
learning algorithms and hardware [6]. The main parts of these systems include cameras for waste image acquisition, processing
units responsible for image classification, and mechanisms for sorting waste. Prototypes of such systems have been developed
and tested using microcontrollers (Arduino), single-board computers (Raspberry Pi), and other components. They normally use
conveyors to transport waste in front of the camera while image acquisition occurs in real time [6]. With IoT, existing smart
waste management systems can be further upgraded. In particular, the technology enables remote monitoring and analysis,
enabling effective decision-making and, thus, better results [23]. There have also been advances in cloud-based data storage
and analysis, enabling large-scale monitoring of waste management systems. However, using cloud technology will result in
lags and a dependence on an internet connection, making the approach ineffective for real-time operations [24].

3. Proposed Methodology

The methodology employed in this study is based on a unified Artificial Intelligence approach for automated waste segregation.
Specifically, the methodology entails building an end-to-end pipeline that combines processes such as image acquisition,
preprocessing, classification, decision-making, and mechanical separation to enable efficient waste segregation.

3.1. System Architecture Diagram

The system architecture for the proposed solution is divided into several layers. The input layer will collect images of garbage
using cameras and sensor units. The processing layer will execute preprocessing activities such as scaling and normalisation
(Table 1).

Table 1: Model performance

No. Module Name Description
1 Image Acquisition Waste images are captured with high-resolution cameras mounted above conveyor belts to
ensure optimal visibility under varying lighting conditions.
2 | Data Preprocessing | Involves resizing images to 224x224, normalisation, denoising, and data augmentation.
3 | Feature Extraction Spatial features are extracted using CNN models, while transfer learning algorithms

& Modelling improve classification accuracy.
4 | Classification Waste materials are categorized into biodegradable, recyclable, hazardous, and other
categories.
5 | Decision Making Classification results are analyzed, and corresponding control commands are automatically
generated.
6 | Mechanical Sorting | Waste is physically sorted into separate bins using actuators or robotic arms.
7 | 1oT Monitoring IoT technology enables remote monitoring, real-time data collection, and performance

analysis of the waste management system.

Figure 1 illustrates the workflow of an intelligent waste management system based on deep learning and automation. The first
step in the image acquisition stage is to capture an image of the waste material. This image is then pre-processed by cleaning
and normalising the image data to improve accuracy. A deep learning model then analyses the processed image to classify the
type of waste.

Preprocessing
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Figure 1: Illustrates the architectural structure of the proposed system for intelligent waste segregation
Algorithm: Al-based waste segregation system

Input: Waste image acquired using a camera
Output: Segregated waste material into relevant containers
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Step 1: Initialization of the system hardware, comprising a camera, a classifier, actuators, and an 10T component.
Step 2: Acquire an image of the waste material using the camera.

Step 3: Image pre-processing, including resizing to 224x224 dimensions, normalization, and noise removal.

Step 4: Loading of the pre-trained machine learning model (ResNet/MobileNet).

Step 5: Extraction of features of the input image followed by classification of the waste.

Step 6: Decision-making using the output of the classification step.

Step 7: Sending control signals to the microcontroller.

Step 8: Actuation of an actuator or robotic arms to transfer waste to the relevant container.

Step 9: Logging of system data using the 10T unit.

Step 10: Repeat the steps for subsequent waste.

3.2. Convolution Operation
F(xy)=2X_{i=0}"{m} ¥_{j=0}"{n} I(x +1i, y +]) - K(i, )) 1)

Where F(x,y) is the output feature map, | is the input image, and K is the kernel. This helps extract spatial features from the
input image, including edges and textures, which are important for classification.

3.2.1. Activation Function (ReLU)
f(x) = max (0, x) (2)

Where f(x) is the activated output. It makes the network nonlinear and improves learning efficiency by excluding negative
values.

3.2.2. Softmax Function

P(y=i[x)=eMz_ i} /3 _{j=1}"{n} e"{z_j} ®)

Where P(y=i|x) shows the probability of class i. It converts the outputs to probabilities, enabling multi-class classification.
3.2.3. Loss Function (Cross-Entropy)

L=-Y ylog(h(§)) (4)

Where L denotes the loss function that computes the error between the expected and actual results, minimizing this loss ensures
efficient model training.

3.2.4. Accuracy Measure
Accuracy= frac {Correct Predictions} {Total Predictions} 5)

Correct Predictions refer to the number of instances that the algorithm has accurately classified, while Total Predictions refer
to the total number of instances that have been evaluated (Figure 2).

— Camera
/

Figure 2: Conveyor belt system
Accuracy measures the algorithm's ability to classify different types of waste. The waste items travel along the conveyor belt,

which passes beneath the camera for photographing. Bins are divided into separate compartments for different waste types. The
smart bins come with several compartments for various types of waste, including plastics, paper, metals, and organic waste.
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Every type of waste will be deposited in the appropriate compartment based on the system's output classification (Figure 3).
The robotic arm's role is to manipulate the sorted waste products. The control instructions are provided by the system, which
enables the robotic arm to pick up the sorted waste product. Depending on the classification result, the robotic arm will place
the waste product in the correct bin (Figure 4).

Figure 4: Robotic arm

Figure 3: Smart bins
Table 2 shows the distribution of images across the 5 waste categories in the dataset: Plastic, Paper, Metal, Organic, and
Hazardous. Plastic waste has the most images (2000), followed by Organic (1800) and Paper (1500). The least humber of
images is in Hazardous waste (800), which indicates a relatively imbalanced dataset distribution

Table 2: Dataset distribution

Category Plastic Paper Metal Organic Hazardous
Images 2000 1500 1200 1800 800

The data set distribution is even across waste categories, resulting in balanced model training. Balanced datasets ensure a fair
distribution of training categories (Table 3).

Table 3: Model performance

Model CNN Res-Net Mobile-Net
Accuracy 92% 95% 94%

Analysis of model performance indicates that transfer learning models outperform basic CNN models, achieving higher
accuracy and better generalisation by leveraging pre-trained features from large datasets (Table 4).

Table 4: Processing time

System Type Time (ms)
Manual 5000
Proposed 500

The new system dramatically cuts down processing time. Sorting time analysis shows that our system saves significantly more
time than traditional sorting methods. This paper discusses in detail the experiment's outcomes regarding the performance of
the proposed Al system. It covers accuracy, efficiency, real-time performance, and robustness across different environments,
comparing outcomes with existing methods to outline their respective strengths and weaknesses (Figure 5).
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Figure 5: Accuracy vs training epoch
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As shown in the loss chart, there is a gradual decline in loss for both the training and validation datasets across epochs, indicating
successful training and algorithm convergence (Figure 6).

Training Loss
Validation Loss

S
o
o

2 4 6 8 10
Epochs

Figure 6: Loss curve

ResNet also performs well due to its deep architecture and residual learning. MobileNet performs better than CNNs because it
is more efficient than its peers. The results show that transfer learning methods work effectively. From the above analysis, one
can clearly see that the proposed system consistently yields higher precision than other models, even at 100% recall, reaching
a maximum of 95.8%. This demonstrates the proposed model's ability to eliminate false positives and ensure efficient detection
(Figure 7).
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Figure 7: Precision vs recall curve for different models
Table 5 demonstrates the precision performance of the CNN, ResNet, MobileNet, and the proposed system at different recall
levels from 50% to 100%. The proposed system consistently achieves the highest precision, up to 95.8% at 100% recall,

demonstrating better classification performance than existing deep learning models.

Table 5: Precision vs recall performance comparison

Recall CNN Precision Res-Net Precision Mobile Net Precision Proposed System Precision
(%) (%) (%) (%) (%)
50 80.2 87.2 84.5 89.6
60 82.3 89.1 86.6 91.6
70 84.1 91.0 88.3 93.1
80 86.0 92.6 89.8 94.2
90 875 93.8 91.1 95.0
100 88.9 94.6 92.3 95.8

From the above analysis, one can clearly see that the proposed system consistently yields higher precision than other models,
even at 100% recall, reaching a maximum of 95.8% (Table 6).
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Table 6: Model performance

Model Accuracy (%) Precision Recall F1-Score
CNN 92 91 90 90.5
ResNet 95 94 93 935
MobileNet 94 93 92 925

4. Training Performance Analysis

Both training and validation accuracy consistently grew in the early stages but eventually converged. Performance peaks were
observed 70 to 80 expand. The loss function consistently decreased during training and validation, indicating that the model
learned effectively and converged properly (Figure 9).

Training Accuracy
Validation Accuracy

Training Loss

Walidation Loss
0.9 1

Loss

0.5 1

[ 20 a0 60 80 100
0 20 40 60 80 100 Epochs
Epochs

. - N Figure 9: Loss function plot
Figure 8: Training vs validation accuracy

This is attributed to the Adam optimization method, which dynamically adjusts learning rates to optimize the updates to weights.
The consistent drop in loss functions across both stages also implies that the optimisation process is stable, with no underfitting
or overfitting. According to the confusion matrix, the model achieved high accuracy in classifying the material as metal or
hazardous waste. The classes performed excellently, with high classification accuracy and low error rates. The reason is that
they have unique characteristics that make them easy to classify (Figure 10).

Metal/Hazardous

Plastic

Actual

Paper

Organic

Predicted

Figure 10: Confusion matrix analysis
The processing speed of the developed system was much higher than that of conventional waste-segregation techniques. Every

piece of waste took an average of half a second to be classified and segregated. Improved processing speed makes the system
more efficient and enables real-time operation (Figure 11).
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Figure 11: Performance evaluation

Effective preprocessing procedures that avoid computational overheads before performing classification. The entire system
operates with approximate timings: 150 ms for acquiring and preprocessing the image, 200 ms for making the prediction, and
150 ms for controlling and sorting.

4.1. Comparative Analysis

Researchers compared our system with existing waste segregation methods. The comparison clearly shows that our Al-based
system outperforms traditional and semi-automated methods across accuracy, efficiency, and automation (Table 7).

Table 7: Comparative analysis

Method Accuracy (%) Processing Time (ms) Automation Level (%)
Manual 60 5000 0
Sensor-Based 75 2000 50
ML -Based 85 1200 80
Proposed System 95 500 100

5. Results and Discussions

To assess the performance of the proposed Al-based waste segregation technique, an experiment was conducted using data
containing five waste classes: plastic, paper, metal, organic, and hazardous. In this case, the dataset was split into training,
validation, and testing parts in the proportion of 70:15:15.
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In addition, deep learning techniques were used for implementing the model, where the model was trained using a batch size
of 32, a learning rate of 0.001, and an Adam optimiser until convergence. The hardware test demonstrated accurate
synchronisation among the cameras, microcontrollers, conveyor belts, and actuators. The waste material was precisely detected
and sorted with little or no delays. From the comparisons made, the accuracy rate for manually designed systems is about 60
percent, for sensor-based systems is 75 percent, and for conventional machine learning models is 85 per cent, compared to the
proposed model, which achieves approximately 95 per cent accuracy with much lower processing time (Figure 12). Moreover,
the suggested solution has a high likelihood of successful implementation in real-world settings due to its scalability and
robustness across diverse working conditions (Figure 13).

Bird

Horse Ship Flower Bicycle Motorcycle

|

Tree Building Chair Bottle Cup Bag

Figure 13: Super-resolved images generated by the proposed method

By leveraging deep learning technologies, the algorithm can adjust its operations based on differences in waste size, texture,
and illumination. The inclusion of automated devices significantly reduces human interference, helping save on staff costs
while preventing potential mistakes. Furthermore, the shortened processing period, along with high precision, increases the
system's efficiency, making it applicable to industrial waste-sorting plants.

6. Conclusion

Efficient waste management is one of the main challenges posed by rapid urbanisation and industrialisation, which generate
massive amounts of solid waste. Effective segregation is one of the first steps toward efficient waste management. Proper waste
segregation plays a major role in determining the efficiency of waste recycling, environmental sustainability, and resource
utilisation. Segregation is done by hand in most cases, posing a health hazard to workers and being an inefficient way to sort
waste. The main limitations of this research include the model's heavy reliance on the quality and variety of the dataset. Besides,
environmental changes may negatively affect system performance due to differences in illumination and background conditions
across input images. Deploying deep learning algorithms on low-resource devices can be complicated when multiple or
overlapping waste objects are present. Additionally, edge computing might be used to increase computational speed and reduce
latencies. Furthermore, it is reasonable to expect improvements in the efficiency and accuracy of waste-sorting operations using
robotics. Real-world experience and data across various conditions will help us make the Al more accurate. The authors would
like to express their sincere thanks to all the people, institutions, and organisations that made it possible to complete this research
paper. This accomplishment would not have been possible without the help of many different resources provided by all the
parties concerned.

Firstly, researchers are grateful to our institutions for creating an atmosphere conducive to research and innovation. Our
institution provided the necessary facilities, including advanced labs, computer systems, and online digital libraries, which
greatly helped us complete this paper. The institution’s efforts to motivate students to pursue research-based papers were
instrumental to this accomplishment. Our sincere gratitude goes to our paper supervisors and academic advisors for their
valuable insights and experience throughout our research study. Their constant input enabled us to fine-tune our research
problem definition, methodology, and analysis techniques. The suggestion to follow a systematic approach was very helpful in
making this study more meaningful. Their ability to provide technical and conceptual clarity on several issues was very
significant in ensuring that our study is consistent and relevant to the objective. Finally, researchers would like to thank the
researchers worldwide who have worked in the domains of artificial intelligence, deep learning, and waste management.
Various research papers, journals, and conference proceedings have contributed immensely to our study by providing insights
into different methodologies and current trends. Hardware requirements for the proposed prototype, including a
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microcontroller, various sensors, camera modules, and actuators, were obtained from institutional resources or self-funded by
the authors as part of their academic coursework. No external funding was sought to develop this model, and it was an
independent research initiative by the authors.
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