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I. INTRODUCTION 
 

The volume of urban waste continues to rise due to 

population growth, industrial expansion, 

urbanization, and changing consumption patterns. 

As consumer activity increases, more discarded 

material enters municipal waste streams. In many 

places, waste segregation is still performed 

manually, which leads to inefficiency, inconsistent 

classification, and a high chance of recyclable items 

being mixed with non-recyclable ones [4]. This has 

created a strong need for automated systems that 

can identify waste accurately and in real time. 

 

Computer vision and deep learning have made 

automated recognition practical in a wide range of 

applications, including object detection, scene 

understanding, and industrial inspection. Among 

modern object detection models, YOLOv8 is  

 

especially suitable for real-time tasks because it 

balances detection accuracy with inference speed 

[1]. Unlike earlier traditional methods that depend 

heavily on hand-crafted features, deep learning 

models can learn discriminative features directly 

from data, which makes them more adaptable to 

changing conditions [6], [7], [15]. 

  

However, most waste classification systems only 

label the object and stop there. They do not explain 

why correct disposal matters or how long the waste 

will persist in the environment. To overcome this 

gap, the proposed system combines detection with 

environmental feedback. After identifying the waste 

item, the system retrieves information such as 

decomposition time, recyclability, and disposal 

guidance from a predefined database. This turns the 

system into more than a classifier; it becomes a tool 

for environmental awareness [2], [3]. 
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The main contributions of this work are: 

 A real-time waste classification system based on 

YOLOv8. 

 Training with both synthetic and real waste 

images for better generalization. 

 Environmental feedback using decomposition-

time information. 

 A scalable design suitable for smart bins, 

monitoring stations, and edge devices. 

 A framework that supports both automation and 

sustainability education. 

 

II. RELATED WORK 
 

Deep learning has been widely adopted for waste 

classification because it can learn meaningful visual 

patterns directly from labelled images [15]. Transfer 

learning methods are especially useful when the 

available dataset is limited, because pretrained 

networks already contain useful low-level and mid-

level feature representations. This reduces the 

amount of data needed to train a useful model and 

improves performance in practical settings [4], [5]. 

 

CNN-based models such as DenseNet, MobileNet, 

and EfficientNet have also been used successfully for 

classifying recyclable and non-recyclable waste [6], 

[7], [16]. These models typically perform well when 

the task involves fixed image categories, but they are 

less convenient when the application requires 

locating multiple objects within a single image or 

handling mixed waste scenes. 

 

Object detection approaches are more suitable for 

practical environments because they can locate and 

classify more than one item in a frame. YOLO-based 

models are popular in this domain because they are 

fast enough for real-time use and simple enough to 

deploy in live systems [8], [9], [12]. Recent studies 

have shown that YOLOv8 can be applied effectively 

to waste detection, garbage monitoring, and smart 

city management applications [8], [9], [10]. 

 

Although these works achieve strong detection 

results, most of them do not provide environmental 

awareness feedback. The present study extends 

earlier work by combining object detection with 

decomposition time, recyclability status, and 

disposal recommendations [2], [3]. This makes the 

system more meaningful for education, public use, 

and environmental monitoring. 

 

III. PROPOSED SYSTEM 
 

The proposed framework is built around four main 

modules: image acquisition, YOLOv8-based 

recognition, environmental impact analysis, and 

result visualization [1], [12]. The input image is 

captured from a camera or loaded from storage, 

then pre-processed and sent to the detection 

module, where waste objects are identified and 

classified. The framework is designed so that it can 

work in both offline and live environments. 

 

Once the model detects a waste item, the predicted 

class is matched with an environmental database. 

This database contains information such as 

decomposition time, recyclability status, hazard 

level, and disposal instructions for each waste type 

[2], [3]. The output is then displayed in a clear and 

user-friendly interface that can be used in a smart 

bin, a mobile application, or a monitoring dashboard 

[10], [11]. 

 

For example, when a plastic bottle is detected, the 

system labels it as plastic and shows its approximate 

decomposition time, recyclability level, and 

recommended disposal method. This is valuable 

because users are not only told what the object is, 

but also why it matters from an environmental 

perspective [2], [3]. The same logic can be extended 

to other waste categories such as paper, glass, and 

organic waste. 

 

 
Figure 1. Proposed System Architecture of the 

YOLOv8-Based Waste Classification Framework. 
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IV. DATASET PREPARATION 
 

The dataset used in this study includes both real and 

synthetic waste images [5], [14]. Real images were 

collected from practical environments, while 

synthetic versions were created through 

augmentation methods such as rotation, scaling, 

flipping, and brightness adjustment. These 

techniques were used to increase diversity and 

improve the model’s ability to handle different 

lighting conditions, background settings, and object 

orientations. 

 

The dataset contains six classes: plastic, paper, metal, 

glass, organic waste, and cardboard. All images were 

manually annotated using bounding-box labelling 

tools, and the labels were converted into YOLO 

format for training [1]. Manual annotation is 

important because detection models require 

accurate object boundaries during supervised 

learning. 

 

The dataset was split into training, validation, and 

testing sets using an 80:10:10 ratio. This split allows 

the model to learn from most of the data while still 

being evaluated on unseen samples. The inclusion of 

synthetic images helps improve robustness, while 

the use of real images ensures that the model 

remains relevant to actual field conditions [5], [14]. 

 

Figure 2. Representative samples from the six waste 

categories used for training and testing. 

 

Table 1 - Dataset Statistics 

 

Class 

 

Real Images 

Synthetic 

Images 

 

Total 

Plastic 420 380 800 

Paper 410 390 800 

Metal 390 410 800 

Glass 400 400 800 

Organic Waste  

430 

 

370 

 

800 

Cardboard 400 400 800 

Total 2450 2350 4800 

 

V. EXPERIMENTAL SETUP 
 

The model was trained using YOLOv8 with 

pretrained weights and transfer learning [1], [5], [15]. 

Transfer learning is useful because it allows the 

model to start from a network that already 

understands general visual patterns and then adapt 

those patterns to waste categories. The training and 

evaluation were performed in a Python environment 

with PyTorch and the Ultralytics YOLOv8 

implementation [1]. The input size was set to 640 × 

640 pixels, and the model was trained for 50 epochs. 

The training configuration used a batch size of 16, a 

learning rate of 0.01, and the SGD optimizer. 

Standard augmentation strategies such as flipping, 

scaling, and brightness variation were applied during 

training to improve generalization [5]. These 

augmentations help the model remain stable when 

the same object appears in different visual 

conditions. 

 

The model was evaluated on the validation split 

using precision, recall, and mAP metrics [1], [8], [12]. 

Precision measures how many predicted waste 

detections are correct, while recall measures how 

many actual objects were successfully found. mAP 

summarizes overall detection quality across classes 

and is widely used in object detection research. 
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Table 2 - Training Parameters 

Parameter Value 

Model YOLOv8 

Epochs 50 

Image Size 640 × 640 

Batch Size 16 

Learning Rate 0.01 

Optimizer SGD 

Training Type Transfer Learning 

Dataset Type Synthetic + Real Images 

 

Table 3- Hardware and Software Specifications 

Component Specification 

GPU NVIDIA T4 × 2 

GPU Memory 16 GB GDDR6 each 

Architecture NVIDIA Turing 

CUDA Cores 2560 each 

Tensor Cores 320 each 

Framework PyTorch 

Detection Library Ultralytics YOLOv8 

Python Version 3.10 

 

 
Figure 3. Validation mAP@0.5 Achieved by the 

YOLOv8 Model During 50 Training Epochs. 

  

VI. RESULTS 
 

The proposed system achieved strong validation 

performance. The validation mAP@0.5 was 

approximately 99.4%, while precision and recall were 

both close to 99%. These results indicate that the 

model learned robust features for waste recognition 

under varied environmental conditions and was able 

to generalize well across the selected classes. 

 

Fine-tuning the model with real waste images 

improved performance in cluttered scenes and 

reduced the mismatch between synthetic training 

data and real deployment settings [5], [14]. The 

system also supported multi-object detection and 

real-time inference, which is essential for practical 

smart waste management applications [8], [10], [11]. 

This means the framework can potentially be used in 

real-world scenarios such as collection points, 

sorting stations, and intelligent bins. 

 

Figure 4. Precision, Recall, and Training Loss Curves 

During YOLOv8 Training. 

 

Table 4 - System Performance Evaluation 

Metric Performance 

Validation mAP@0.5 99.4% 

Precision 99.1% 

Recall 98.9% 

GPU Memory Usage 80% - 90% 

Real-Time Capability Supported 

Multi-Object Detection Supported 
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Table 5 - Comparative Performance Analysis 

Model Precision Recall mAP@0.5 

MobileNet 91.2% 89.5% 90.8% 

EfficientNet 94.1% 92.7% 93.5% 

YOLOv5 96.8% 95.9% 96.4% 

YOLOv8 

(Proposed) 

 

99.1% 

 

98.9% 

 

99.4% 

 

Note: The comparative results for baseline models 

are adapted from related waste detection literature 

[8], [9]. The comparative analysis indicates that the 

proposed YOLOv8 framework achieves higher 

precision, recall, and mAP values than conventional 

CNN-based approaches and earlier YOLO variants. 

 

 
Figure 5. Detection Output with Environmental 

Impact Feedback. 

 

VII. DISCUSSION & CONCLUSION 
 

This paper proposed a real-time waste classification 

framework based on YOLOv8 integrated with 

environmental impact feedback [1], [11]. The results 

demonstrate that YOLOv8 performs highly 

effectively for waste detection when trained using a 

combination of synthetic and real data [5], [8]. The 

strong validation scores indicate that the model 

generalizes well across waste categories, with fine-

tuning on real-world images proving essential for 

improving adaptability in complex and cluttered 

scenes [5], [14]. 

 

A major strength of this framework is the inclusion 

of environmental feedback. Rather than solely 

identifying the waste category, the system informs 

users about decomposition time, recyclability, and 

disposal recommendations [2], [3]. This transforms 

the model from a simple classifier into a practical 

tool for environmental education, providing both 

technical classification and sustainability-related 

guidance to encourage responsible behaviour. 

 

Despite the strong performance, the system has 

certain limitations. Synthetic images may not fully 

capture the complexity of unstructured real-world 

waste, and visually similar categories can still cause 

confusion. Furthermore, deploying the full-precision 

model on low-power edge devices may reduce 

inference speed [11], [17]. Overall, the work 

demonstrates that combining object detection with 

environmental awareness adds significant practical 

value to smart waste management applications [10], 

[11]. Future work will therefore focus on expanding 

the number of waste classes, improving testing in 

diverse real-world conditions, and optimizing the 

system for edge devices and smart bins [11], [17]. 

 

Future Scope 

 Dataset Expansion: Including more complex 

waste categories (such as biomedical and e-

waste) and capturing diverse real-world images 

under challenging conditions to improve model 

generalization [10], [11]. 

 Edge Deployment: Optimizing the model for 

low-power devices like NVIDIA Jetson to enable 

practical, real-time field deployment in smart 

bins [11], [17]. 

 System Integration: Connecting the framework 

via IoT for city-level waste analytics and route 

planning, while enhancing the environmental 

feedback module with carbon footprint 

estimation and multilingual support [2], [3], [10], 

[17]. 
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