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Waste accumulation has emerged as a critical global environmental concern, 
prompting the need for intelligent and automated waste management solutions. 
This study presents the development of a real-time waste detection and 
classification system using closed-circuit television (CCTV) cameras integrated 
with the You Only Look Once version 8 (YOLOv8) deep learning algorithm. The 
dataset used in this research was collected from two main sources: direct image 
captures from various physical locations and publicly available waste image 
datasets from the Kaggle platform. All images underwent preprocessing steps 
including resizing to 640×640 pixels, normalization, and annotation to ensure data 
consistency and quality. To enhance the model’s robustness, data augmentation 
techniques such as horizontal flipping, cropping, rotation, brightness adjustment, 
and mosaic transformation were applied. The dataset was split into 80% for 
training and 20% for testing. The YOLOv8 model was trained with optimized 
hyperparameters suitable for object detection tasks. Performance evaluation was 
conducted using standard metrics including precision, recall, and mean average 
precision (mAP). The model achieved a precision of 0.486, recall of 0.361, 
mAP@50 of 0.368, and mAP@50–95 of 0.273. The detection accuracy varied 
across different waste categories, with higher performance observed for aluminum 
cans and cardboard, while lower performance was noted for aerosols and 
aluminum caps. These results indicate that YOLOv8 shows potential for waste 
classification but still requires improvements. Future work should focus on 
expanding dataset diversity, refining data augmentation strategies, and further 
hyperparameter tuning. This study contributes to the advancement of intelligent 
waste management through the application of deep learning and computer vision. 
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1. INTRODUCTION 

 

Waste is defined as material that is considered to have no 

economic value and is deemed useless, both in general contexts 

and in specific industrial processes. It includes damaged or 

defective items produced during manufacturing, as well as excess 

materials from households [1]. Waste is the residue of routine 

human activities or natural processes, and it exists in solid or 

semi-solid form. It may consist of recyclable or disposable 

materials, biodegradable or non-biodegradable, and is considered 

unwanted, leading to its disposal into the environment [2]. Waste 

is also defined as the unwanted and disliked remains left after 

human use and is a product of non-biological human activities 

[3]. Waste can originate from various sources, such as residential 

areas, typically from households living in buildings or 

dormitories [4]. Waste is generally classified into organic (e.g., 

food scraps or wet waste) and inorganic (e.g., plastic, cans, glass 

bottles, etc.) categories [5]. 

Waste is one of the persistent issues in Indonesia and 

even globally. Waste production increases in line with 

population growth and rising levels of public consumption 

[6]. It remains a critical concern in Indonesia [7]. 

According to the Ministry of Environment and Forestry, 

the total waste generated in Indonesia in 2019 reached 

approximately 66–67 million tons, an increase from 64 million 

tons the previous year. Of this amount, plastic waste accounted 

for 15%, while organic waste made up 60%. Based on 

information from the National Waste Management Information 

System (SIPSN), the total waste generated in Indonesia reached 

25,200,822.85 tons per year, as reported by 217 

regencies/municipalities across the country in 2023 [8]. Of that 

total, 50.43% or approximately 12,708,249.48 tons per year 

were managed, with 66.32% or 16,712,597.55 tons properly 

handled, while 33.68% or 8,488,243.30 tons remained 

unmanaged. This is closely related to ongoing human activities, 

which continue to produce waste, both organic and non-

organic. When improperly disposed of in the surrounding 

environment, waste can have a detrimental impact on both 

ecosystems and human well-being. Waste materials—whether 

recyclable or single-use—when accumulated in large 

quantities, can serve as breeding grounds for harmful pests such 

as rats, cockroaches, stray cats, dogs, and flies. Because such 

conditions pose a threat to public health and environmental 

aesthetics, effective and systematic waste management is 

essential. 
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Due to its ability to replicate human visual perception, image 

classification has become one of the most prominent fields in 

machine learning [9]. Image classification refers to a process in 

computer vision that enables the categorization of images based 

on their visual content. By utilizing image classification, 

computers can rapidly identify types of waste such as cardboard, 

plastic, paper, metal, and glass from images. 

An algorithm capable of extracting image features is required 

to recognize objects within an image [10]. YOLO (You Only 

Look Once), which falls under the category of Convolutional 

Neural Network (CNN) algorithms that mimic the workings of 

the human brain, is one of the most widely used object detection 

algorithms [11]. The YOLO deep learning algorithm utilizes a 

convolutional neural network (CNN) to detect objects. The CNN 

process consists of three stages: pre-processing, processing, and 

classifying [12]. Since its initial introduction in 2015, YOLO has 

rapidly evolved as an object detection framework, with the latest 

version, YOLOv8, released in January 2023 [13]. The use of 

deep learning models like YOLO has attracted significant 

attention in the field of computer vision. YOLO has proven 

effective in high-speed object detection, which is crucial for real-

time applications [14]. In terms of detection time, YOLOv5 

excels due to its high inference speed, enabling object detection 

in milliseconds, especially when supported by a GPU. YOLOv8, 

with its diverse model variants, offers competitive inference 

performance, making it well-suited for scenarios with varying 

computational capabilities [15]. 

 

2. LITERATUR REVIEW 

 

Previous studies utilizing the YOLO algorithm have 

demonstrated its effectiveness across various object detection 

tasks. For instance, research conducted by Illmawati applied 

YOLOv5 for vehicle number plate detection and achieved an 

impressive detection accuracy of 97.2% [16]. Similarly, Sinaga 

implemented the YOLO algorithm to detect objects on an e-

commerce platform, yielding an accuracy rate of 95% [17], 

highlighting its capability in commercial applications. Nadia's 

study focused on automatic defect detection on solar panel 

surfaces using YOLOv8, which resulted in an accuracy of 90.5% 

[18], showing its potential in industrial quality inspection. 

Saadeldin's research utilized YOLOv8 for real-time vehicle 

counting, particularly in resource-constrained edge devices, and 

achieved an accuracy of 97.5% [19], emphasizing YOLOv8's 

reliability and efficiency in traffic monitoring systems. 

Additionally, Sarosa implemented the YOLO algorithm for 

detecting disaster victims in emergency situations, with an 

accuracy of 95.3% [20], suggesting its applicability in 

humanitarian and search-and-rescue operations. Maulidiansyah's 

research applied YOLO for classifying types of corn based on 

kernel shape, achieving a high classification accuracy of 98% 

[21], demonstrating its capability in agricultural applications. 

These studies collectively indicate that the YOLO algorithm, 

including its latest versions like YOLOv8, consistently delivers 

high accuracy across a wide range of domains—from 

transportation and e-commerce to renewable energy, agriculture, 

and disaster management. This versatility and precision make 

YOLO a strong candidate for applications requiring real-time 

object detection and classification, including waste classification 

systems as proposed in the present study. 

 

3. RESEARCH METHOD 

 

In this study, YOLOv8, the most recent version of the 

YOLO Deep Learning algorithm, will be utilized. The research 

methodology applied in this study can be generally outlined as 

follows: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Research Framewok 

 

3.1 Dataset 

The dataset for this study was collected from the Roboflow 

website. Roboflow provides a variety of waste images that 

have been annotated according to standardized labeling 

practices, which facilitates the data collection process and 

ensures dataset diversity. Utilizing a dataset from Roboflow 

enables researchers to access well-organized and properly 

labeled images suitable for training the YOLOv8 model. The 

dataset configuration details are as follows: 

• Training Set: The dataset used for model training was 

obtained from ../train/images. 

• Validation Set: The dataset used for model validation was 
obtained from ../valid/images. 

• Test Set: The dataset used for model testing was obtained 

from ../test/images. 

The dataset configuration is as follows: 

• Number of Classes (nc): 10 

• Class Names (names): ['battery', 'can', 'cardboard', 'drink 
carton', 'glass bottle', 'paper', 'plastic bag', 'plastic bottle', 

'plastic bottle cap', 'pop tab']. 
 

 

 

 

 

 

 

 

 

Figure 2. Images of Waste Objects 
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3.2 Preprocessing 

The dataset obtained from Roboflow first undergoes a 

preprocessing process to ensure that the image quality is 

adequate and consistent before being used in training the 

artificial intelligence model. One of the initial stages carried out 

is Auto-Orient, which is the process of adjusting the image 

orientation so that all images have a uniform direction, such as 

portrait or landscape. Non-uniform orientation can cause 

misinterpretation of objects by the model due to differences in 

viewing direction. This step is important so that the model can 

recognize objects more accurately, without being disturbed by 

varying image positions or directions. 

The next stage is Resize, which is adjusting the image size 

to a fixed dimension of 640x640 pixels. This process uses the fit 

method, where the image will be adjusted in proportion without 

distortion, and if necessary, a black edge (padding) will be added 

to maintain the ratio. This is important because convolutional 

models require input with a uniform size to work optimally. If 

the image sizes are different, the feature extraction results can be 

inconsistent, which ultimately reduces model performance. 

The Null Filter process is then applied to filter out images 

that do not have annotations. Annotations are an important 

component in model training because they indicate the location 

and type of objects in the image. Without annotations, the model 

will not be able to learn effectively because there is no target 

information to refer to. Therefore, images that do not contain 

annotations are removed from the dataset so as not to interfere 

with the training process and to maintain high data quality. 

To increase data diversity and prevent the model from 

overfitting, various augmentation techniques are used. This 

augmentation creates three different variations of each training 

image so that the model can see objects in different angles and 

conditions. One of the augmentation techniques used is 

horizontal flip, which helps the model recognize objects from 

different sides. In addition, cropping is done with an enlargement 

(zoom) of up to 20% of the image area to mimic the variation in 

viewing distances in real-world shooting. 

Additional augmentations include image rotation in the 

range of -15° to +15°, which simulates the tilt of the object when 

the image was taken. Brightness adjustments between -25% to 

+25% are also applied so that the model can recognize objects in 

different lighting. The last technique used is mosaic, which 

combines multiple images into one frame. This technique allows 

the model to learn the relationship between objects in a more 

complex visual context, which will ultimately increase the 

model's generalization power to new data. With this combination 

of preprocessing and augmentation, the resulting dataset 

becomes more robust, varied, and representative of real 

conditions. 

After all the images in the dataset have been processed 

through the preprocessing and augmentation stages, the next step 

is to divide the dataset into two main parts: training data 

(training set) and validation data (validation set). The goal is for 

the model training process to run effectively and the results 

obtained can be evaluated more accurately. 

Most of the images, namely 5,220 images or around 92% of 

the total dataset, are allocated as the training set. This data is 

used to "teach" the YOLOv8 model how to recognize and 

understand various types of objects in images. During the 

training process, the model will continue to update its weight 

based on the patterns found from these images. 

 

Meanwhile, the rest - 435 images or around 8% - are used as 

the validation set. These images are not included in the training 

process, but are used to check whether the model is really 

learning well. So, even though the model has recognized objects 

from the training data, its performance is still tested on data that 

has never been seen before. This helps us find out whether the 

model is just "memorizing" the data or is reallyable to understand 

patterns and apply them to new situations. 

This division is very important so that the model is not only 

smart on paper, but also reliable when applied in the real world. 

By monitoring the validation results periodically, we can find out 

whether the training is going well or whether it needs to be 

adjusted, for example by changing the training parameters or 

improving the dataset. In other words, the training set is like the 

main teaching material for the model, while the validation set is a 

test to see how far the model understands the lessons that have 

been given. The combination of the two allows us to build a 

system that is not only accurate, but also stable and ready for 

widespread use. 

 

4. RESULTS AND DISCUSSION 

4.1 Yolov8 Architecture 

YOLOv8 is the latest version of the YOLO algorithm released 
in 2020. Compared to the previous version, YOLOv8 comes with 

tremendous improvements in terms of speed and accuracy. With 

this capability, object detection can be done in real-time without 
any lag, something that was still lacking in the previous version 

[22]. This makes YOLOv8 a very promising choice in various 

computer vision applications that require high speed and 
accuracy. 

One of the major improvements in YOLOv8 is the use of a 

more sophisticated backbone network, namely the Feature 
Pyramid Network (FPN) technology. This technology allows the 

model to extract features from images of various sizes, so that 
small and large objects can be recognized well. This is important 

because in the real world, objects can appear in different sizes 

and positions. 

YOLOv8 also has a better prediction system with multi-scale 
capabilities and a new anchor mechanism. This means that this 

model can make predictions at various levels of resolution and is 
able to detect objects of various shapes and sizes more 

accurately. The model structure itself consists of three main 

parts: backbone, neck, and head. Each part has an important task 
to process information from the image to produce accurate 

predictions. 

In the neck section, YOLOv8 uses the Cross-Layer 
Connection (CLC) approach to refine the features that have been 

taken from the image. Meanwhile, the head section is tasked with 

producing the final prediction, starting from the object class, 
object position (bounding box), to its level of confidence. This 

model consists of 105 layers designed to overcome complex 

object detection challenges. 

Overall, YOLOv8 relies on 24 convolutional layers and two 

fully connected layers, with an input image size of 448 x 448 x 3 

pixels. The combination of 3x3 convolutional layers and 1x1 
reduction layers is used to deepen the feature extraction process. 

All these updates allow YOLOv8 to work faster and more 
accurately in recognizing objects, making it a very reliable 

solution for various real-time detection needs [22]. 
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Figure 3. Architecture You Only Look Once (YOLO) 

 

 

4.2 Model Training 

The YOLOv8 model is trained using a dataset taken from the 
Roboflow website, which is known to provide various types of 

data for object detection needs. This dataset has been prepared in 

advance to match the format required by YOLOv8, so that the 
training process can run smoothly. These adjustments include 

setting image sizes, object annotations, and folder structures, all 

of which are important so that the data can be used directly by the 
system. 

The first step taken is to prepare the working environment. 

This process uses the Python programming language and is 
assisted by several important libraries such as ultralytics to run 

YOLOv8 and roboflow to access and manage the dataset. All 

installations are carried out so that the system is ready to be used 
for model training, without technical obstacles. 

After that, the dataset is downloaded directly from Roboflow 

using the available API connection. This makes the process 
practical and efficient because the data can be directly imported 

into the project without having to be downloaded manually. The 

dataset obtained has been divided into training data and 
validation data, which helps in testing how well the model learns 

to recognize objects. 

The model training process is carried out for 25 epochs, 
meaning that the model learns the entire training dataset 25 times. 

The images used are 800x800 pixels in size, large enough to 
provide clear visual details for the model to recognize even small 

objects. During this training, the model continuously adapts to the 

data, corrects errors, and improves its detection accuracy. 

 Overall, the training of the YOLOv8 model went smoothly 
thanks to the good integration between Roboflow, YOLOv8, and 

the Python working environment. With this fairly simple yet 
effective process, the model can learn quickly and is ready to be 

used to detect objects in various real-world situations, such as in 

videos, surveillance cameras, or other applications that require 
real-time detection. 

 

Figure 4. Model Training 

 

4.3 Model Testing 

Once the YOLOv8 model training process is complete, the 

next step is to test how well the model works. Testing is done 

using validation data, which is a collection of images that have 
been deliberately separated from the training data. These images 

have never been seen by the model before, so they can be the 

right test tool to find out whether the model really "understands" 
the objects it wants to detect or is just memorizing data that has 

been taught. 

The main goal of this testing is to evaluate the model's 
ability to recognize and classify various types of waste in images 

— for example, plastic bottles, cardboard, cans, and so on. If the 

model can recognize these objects correctly in new images, it 
means that the model has good capabilities for use in the real 

world, where the images that appear can be very varied. 

During the testing process, the model will automatically 
detect objects in the image, mark the location of the object with a 

box (bounding box), label the type of object, and indicate the 

level of confidence in the results of its predictions. These results 
are then compared to the actual labels (ground truth) to see if the 

model's predictions are accurate. From here, various performance 
measures such as precision, recall, and mean Average Precision 

(mAP) are calculated. 

If the model often makes correct predictions and is confident 

in its results, then its performance can be said to be good. But if 
there are many results that are wrong, too hesitant, or even fail to 

recognize objects, it is a sign that the model still needs 
improvement. For example, there may be parts of the data that 

are not diverse enough, or the model needs to be trained longer 

so that it can learn more deeply. 

Overall, this testing process is very important to ensure that 

the model we create is not only smart when training, but also 

robust when faced with new situations. Testing like this gives a 
real picture of how ready the YOLOv8 model is to be used to 

detect garbage automatically and quickly in the field. 

4.4 Model Analysis 

After the YOLOv8 model was tested with validation data, its 
performance was analyzed using several evaluation metrics 

commonly used in object detection. The first two main metrics to 

look at were precision and recall, as both are very important to 
understand how accurate and comprehensive the model is in 

detecting objects. 

A precision of 0.486 means that of all the objects 
successfully detected by the model, only about 48.6% are truly 

appropriate or relevant to the objects that should be detected, in 

this case a certain type of trash. This means that the model is 
quite careful in making detections, and tends not to give too 

many false detections. Meanwhile, the recall obtained was 0.361, 
which means that the model was only able to detect about 36.1% 

of all objects that should have been detected in the image. In 

other words, there are still many objects that were missed. 

A condition where precision is higher than recall indicates 
that this model is quite conservative. It prefers to only detect 

objects that it is really sure about, thus minimizing detection 
errors. However, this approach also makes the model miss some 

objects that are actually there but not detected. 

In addition to precision and recall, model performance is also 
seen from another metric, namely mean Average Precision 

(mAP), which provides an overall picture of how well the model 

is at recognizing and marking objects. In this test, the model 
recorded an mAP50 value of 0.368, which means that the model 

is quite capable of detecting objects well if the bounding box 

position tolerance is not too tight (i.e. with an overlap limit of 
detected objects of 50%). 
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However, when a tighter threshold is used, namely mAP50-
95 (with an accuracy level ranging from 50% to 95%), the value 

decreases to 0.273. This shows that the model's performance is 
less stable when required to be more precise in the position and 

size of object detection. This decrease in value is reasonable, but 

it also shows that there is still room to improve the quality of 
detection, especially in handling objects with small sizes or 

shapes that are like each other. 

Overall, these results show that the YOLOv8 model is quite 
good at detecting certain types of trash but still needs to be 

improved to be more reliable, especially in recognizing more 

correct objects without losing accuracy. 

5. CONCLUSION 

This study shows that the YOLOv8 model is capable of detecting 

and classifying various types of waste, although the results are 

still varied. In general, the model recorded a precision of 0.486 
and a recall of 0.361, which means that almost half of the 

detections made were correct, but many objects were still missed. 

The mAP50 value of 0.368 shows quite good performance at 
loose overlap tolerance limits, while the mAP50-95 of only 0.273 

shows that the model's performance decreases when more 
precision is required. Interestingly, several types of waste such as 

"Aluminum can" and "Cardboard" were successfully recognized 

very well, with precision and recall above 0.7, even approaching 
0.9. However, there are also classes that are completely 

undetected, such as "Aerosols" and "Aluminum caps", which 

shows that there is still room for improvement, especially in 
terms of the completeness and diversity of the training data used. 

6. SUGGESTION 

 Based on the findings in this study, there are several 

suggestions that can be applied for further research to improve 

model performance. First, it is recommended to increase the 

number and expand the variety of training data, especially for 

classes that show low performance such as "Aerosols" and 

"Aluminum caps", so that the model has more examples to learn 

from and can recognize these objects better. Collecting additional 

data from different environments, viewpoints, and lighting 

conditions is also important to improve the model's ability to deal 

with variations in the real world. In addition, the application of 

advanced augmentation techniques such as gaussian blur, color 

jitter, and random erasing can enrich the diversity of training data, 

thereby helping the model become more adaptive. Optimizing 

hyperparameters such as learning rate, batch size, and number of 

epochs also needs to be considered to obtain the most effective 

training configuration. To evaluate how well the model can 

perform on new data, testing with other datasets that are similar or 

come from different sources is highly recommended. Finally, the 

application of the cross-validation method can be used to ensure 

that the model not only performs well on one particular subset of 

data, but is able to maintain its performance consistently, thereby 

reducing the risk of overfitting. 
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