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Abstract. To address the issue of environmental pollution caused by domestic
inorganic waste, a technology capable of efficiently classifying waste types with
high accuracy is needed. This study aims to explore the use of YOLO (You Only
Look Once), an algorithm based on deep learning using convolutional neural
networks (CNN), for classifying types of domestic inorganic waste. YOLO has the
ability to detect objects in real-time with high accuracy. In this research, the YOLO
model was trained using a dataset of images containing various types of waste such
as PET bottles, plastic bags, plastic packaging, glass bottles, cans, and different
kinds of paper waste. The dataset consists of 1869 images of domestic inorganic
waste, including household waste in controlled environments. The system is
divided into several parts. The first part involves building a smart trash system using
a Jetson Nano board for inference, connected to a camera and a stepper motor rail
slider. The second part focuses on the model for classifying types of domestic waste
using the YOLOVS model. Experimental results show that YOLOVS is capable of
classifying waste types with an accuracy of up to 98% for mAP@0.5, 97.3% for
precision, 96.5% for recall, and a detection speed of 29 fps on the Jetson board.
This study demonstrates the effectiveness of YOLOvS and provides a strong
foundation for the development of smart and efficient domestic inorganic waste
management systems.

Keywords: YOLO, plastic waste classification, deep learning, convolutional neural
networks, waste management, sustainable environment.

1 Introduction

Domestic inorganic waste has become one of the most pressing environmental issues in
the modern world [13]. Each year, millions of tons of plastic waste are generated from
households, and most of this waste ends up in landfills or even in the natural
environment [1]. These plastics can take hundreds of years to decompose, causing soil
and water pollution, and threatening living organisms [1,2]. Currently, various
industries have implemented numerous methods to develop a sustainable economic
cycle and improve environmental quality [11].

One important step in managing plastic waste is the proper classification of plastic types
[4]. This process is usually done manually, which is time-consuming and prone to
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human error. With advances in technology, especially in artificial intelligence and
computer vision, there is an opportunity to automate this process more efficiently and
accurately [3]. Therefore, an effective solution is needed to process and recycle this
plastic waste. Today's technological developments create many ways to reduce the
negative impact of inorganic waste on the environment [6]. The development of various
sensors, mechanical systems, and artificial intelligence brings new changes to the
automation systems for sorting inorganic waste [14].

Object detection using artificial intelligence is a promising approach in the sorting
process and inorganic waste management [5,16]. Yolov5 is an object detection
algorithm that has been widely developed due to its high accuracy and fast detection
time. With good performance in various applications, Yolov5 can be a potential
algorithm for detecting types of domestic inorganic waste [10,17].

1.1 Related work

Several previous studies have utilized Yolo as a detection algorithm in waste
management processes. For example, research that addresses challenges in model
development such as low accuracy, high complexity, and small object detection has led
to the development of a modified Yolov5 model with added layers in the head section,
increasing accuracy to 96.4% [5]. In another study using Yolov3 to detect waste in smart
bins, the accuracy reached 80% mAP. These experiments showed that the combination
of KSA learning rate parameter of 0.0007 with Yolov3 produced a fairly accurate
model. The base model Yolox, developed by modifying the head layer with the addition
of a convolutional block attention module (CBAM), showed experimental results that
the mAP of the modified model increased by 1.47% compared to the baseline Yolox
model. This made the developed Yolox model more accurate in detecting types of waste
[12]. To avoid mixing types of waste, a modified Yolov3 model was developed by
reducing parameters and increasing detection speed. The standard convolution in
Yolov3 was replaced with depth-wise separable convolution. Experimental results
showed that the model performed better, with an mAP of 98.5%, 0.7% higher than the
base model [8].

This research aims to explore the utilization of Yolov5 in the application of classifying
types of domestic plastic waste. By training the Yolov5 model using a dataset of images
of plastic bottles, glass, paper, and metal waste commonly found in Indonesia, it is
expected that high classification accuracy can be achieved. The use of the Jetson Nano
Board as edge computing is expected to reduce computational complexity so that the
system can work in real-time and efficiently. Additionally, the use of the Jetson Nano
simplifies installation and regular maintenance [15]. The strategy for model
development involves using transfer learning, which in turn will improve the efficiency
of the recycling process. The implementation of this technology will not only assist in
more effective waste management but also contribute to global efforts in creating a
cleaner and more sustainable environment [7].

2 Method

The research workflow involves building the Yolov5 model using a dataset of various
types of domestic inorganic waste. Images were captured with consistent lighting
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intensity or in a controlled environment. The annotation or labeling process was
conducted using Roboflow as a tool to label objects in the images and generate data in
Yolo format. In this research, the baseline Yolov5 model is used without modifications
to the backbone. The implementation of this research is divided into several parts. The
first part consists of hardware, including the Jetson Nano, camera, and slider rail stand
stepper motor. The network model design uses a dataset of 1510 images with 5
categories of inorganic waste, including samples of plastic bottles, metal bottles, and
paper. The model is built using Yolov5 with the configuration shown below. The
process of building a YOLOvVS model follows a structured workflow can be seen in
Figure 2, starting with preparing the server for training. This step involves setting up
the computing environment by installing necessary dependencies. It is crucial to ensure
that GPU acceleration, including CUDA and cuDNN, is configured correctly to enhance
training efficiency. Once the environment is set up, the next step is collecting the
dataset. This involves gathering a diverse set of images relevant to the object detection
task, ensuring variations in lighting conditions, angles, and object appearances. After
acquiring the dataset, annotation is required. Using Roboflow, each image is labeled
with bounding boxes, and the annotations are saved in YOLO format as .txt files
containing class labels and coordinates.

Preparing the server - Collecting the Annotating the
for training 7 dataset dataset

l

Training the model €—— Tuning parameters

A

Testing the model

l

Evaluation the model >

Testing on Jetson Integrating with the
MNano actuator

Fig. 1. Model development process

Following dataset preparation, parameter tuning is performed to optimize the model’s
performance. This includes adjusting hyperparameters such as learning rate, batch size,
and the number of epochs, as well as configuring model-specific settings like anchor
sizes and data augmentation techniques. Proper tuning ensures that the model learns
effectively from the dataset. Once parameters are set, the training process begins.
Throughout training, performance metrics such as loss curves, precision, recall, and
mean Average Precision (mAP) are monitored to assess model improvements.

2.1 Hardware

Jetson Nano is a computing device developed by NVIDIA and used in various Al-
related applications. Jetson Nano is used as edge computing as well as a control module
that connects various components such as a camera and a slider rail stand stepper motor.
Jetson Nano is utilized to capture images using a webcam and then make predictions
using the pre-trained model. Once the object is properly classified, Jetson Nano will
move the stepper motor according to the type of waste. Jetson Nano has a small size,
making it ideal for use as edge computing that can be deployed in various environments.
Additionally, Jetson Nano is equipped with a GPU that accelerates the inference process
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of deep learning through parallel processing. Jetson Nano is also capable of performing
real-time inference, which is very important because, in this research, besides accuracy,
detection speed is also a key factor. The inference process on Jetson allows for fast data
processing without needing to send data to a cloud server.

2.2 Yolo

YOLO (You Only Look Once) is a deep learning algorithm based on a convolutional
neural network (CNN) designed for real-time object detection. YOLO's strength lies in
its ability to detect and classify objects in a single image processing step, making it
faster than traditional object detection methods that require multiple stages. In the
context of plastic waste classification, YOLO can be used to recognize various types of
domestic plastic, such as PET bottles, plastic bags, and other plastic packaging, through
image analysis. Since the release of the first version of YOLO, it has undergone updates
that have improved its accuracy, processing speed, and model size efficiency. YOLOVS,
developed by Ultralytics, uses the CSPDarknet backbone and an efficient head,
resulting in enhanced accuracy and image processing speed. YOLOVS is built using the
PyTorch framework and has comprehensive documentation, making the training
process and system integration easier.
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Fig. 2. YOLOVS architecture

YOLOVS is an advanced object detection model that builds upon the YOLO (You Only
Look Once) series by introducing key architectural improvements, can be seen in figure
2. It employs CSPDarknet as its backbone, which integrates Cross Stage Partial
Networks (CSPNet) to enhance gradient flow and reduce computational complexity
while maintaining accuracy. Unlike previous YOLO versions, YOLOVS uses a more
efficient and flexible architecture, including PANet for feature aggregation and a
modified C3 module for better representation learning. It also replaces traditional
activation functions with SiLU (Swish) for improved convergence. Compared to
YOLOv4, YOLOVS is designed to be lighter, faster, and more adaptable to edge
devices, benefiting from PyTorch implementation for ease of training and deployment.
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2.3 Model Parameter

This study employs a comparative experimental method by comparing the performance
of YOLOvV5 models with different backbones. The testing aims to determine the best-
performing model in terms of accuracy and processing time. The backbones tested are
YOLOv5s, YOLOv5m, YOLOvSlL, and YOLOv5x. The training process is
implemented using the PyTorch framework, with the following training parameters:
Adam optimizer, a learning rate of 0.01, momentum of 0.93, and weight decay of
0.0005. The model is trained for 100 epochs with an image size of 640 pixels. The
Intersection over Union (IoU) threshold is set to 0.2, while class loss weight and object
loss weight are both set to 1.0, and the box loss gain is 0.05.

The training is conducted using an NVIDIA L4 GPU with 22 GB and 53 GB RAM,
detail specification can be seen in table 1. For all models, the training batch size is set
to 32, and the epoch count is 100. The model evaluation method involves comparing
mean average precision (mAP), precision, recall, inference time, and frames per second
(FPS). mAP is the metric used to assess the model's performance in detecting objects.
Precision and recall measure the model’s accuracy and sensitivity, respectively.
Inference time refers to the time required for the model to make a prediction on an
image. FPS is used to measure the model’s speed in detecting objects in real-time
applications or video-based inputs. The testing is conducted to assess each backbone’s
performance using the same test data, and metrics such as mAP, recall, precision,
inference time, and FPS are recorded.

Table 1. Server specifications

Spec Edge Computing Cloud Server

Model NVIDIA JETSON NANO NVIDIA L4 GPU

CPU Quad-core ARM Cortex-A57 | Intel® Xeon® CPU @ 2.20
MPCore GHz

GPU NVIDIA Maxwell architecture with | NVIDIA L4 GPU22 GB
128 NVIDIA CUDA

(0N Ubuntu 20.04 LTS Ubuntu 22.04.3 LTS

Memory 4GB 53 GB

Pytorch 2.3.1+cul21 2.3.1+cul21

Python 3.10.12 3.10.12

24 Dataset

In this study, the dataset used to train the YOLOvVS models consists of data collected
directly, focusing on domestic inorganic waste. The image capture process is conducted
in a controlled and enclosed environment to ensure consistent image quality with
uniform lighting. The goal of capturing images in a controlled and enclosed setting is
to avoid variations in light intensity that could affect the model’s performance. The
dataset collection process begins by setting up an enclosed environment to minimize
external factors such as sunlight and light reflections, ensuring consistent image quality.
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LED lights are used as the light source, with intensity adjusted. The light source is
placed at the top, directly behind the camera, ensuring no sharp shadows or variations
in light intensity on the object’s surface. Images of domestic inorganic waste are taken
in various forms, from their original shape to their crushed form. This is done to enrich
data variation and ensure the model can recognize a wide range of possible forms of
domestic inorganic waste, regardless of shape or size. The dataset consists of five
classes: Cap (390 images), Plastic (319 images), Paper (293 images), Metal (261
images), and Glass (246 images). By maintaining a controlled environment, the
resulting training images are of higher quality, without noise or color changes that could
impact the model’s performance and accuracy.

3 Result

3.1 Performance yolov5

In the YOLOv5n model, due to its smaller model size, it can run the interface at a fairly
high speed, but its accuracy is lower compared to the other models. The YOLOvS5s
model has a relatively small size and decent accuracy, making it ideal for applications
that require a balance between speed and accuracy. Can be seen in table 2, the
YOLOvS5m model is more complex and larger in size, making it suitable for applications
that need high accuracy while still requiring time efficiency in the interface process.
YOLOVSI offers high accuracy with a large and complex model size, fitting for
applications that prioritize accuracy over interface speed. YOLOVS5x is the largest and
most complex model, providing the highest accuracy among the others. This model is
suitable for applications demanding high accuracy and significant computational
resources, as the training and interface processes take longer than with the other models.

Table 2. YOLOVS model performance

Models Accuracy Speed inference

Training Testing Server (ms)  Jetson (ms)
YOLOV5n 0.97 0.975 6.8 343
YOLOV5s 0.981 0.977 7.3 70.3
YOLOVSm 0.98454 0.989 10.3 185.7
YOLOVS51 0.984 0.988 14.8 331.2
YOLOv5x 0.98495 0.986 23.3 588.7

The comparison of various YOLOVS5 versions includes parameters such as model size,
mAP (mean Average Precision), Ciou loss, FPS (Frames Per Second), Precision, and
Recall. From the comparison, YOLOvV5x achieves the highest parameter values. Thus,
the higher the parameters or number of trained weights in the model, the more complex
the model becomes and the greater the computational power required. As a result,
YOLOVSx has the largest size, with 86.24 million parameters and a size of 173.2 MB
can be seen in table 3.

Next, regarding the mAP or mean Average Precision, all models achieved a high mAP
above 0.90 (90%), indicating very good accuracy. The standard for a good mAP value
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can vary depending on the task's complexity and the dataset used. A high mAP value
shows that the model is not only capable of detecting many objects but also does so
with high precision. Ciou loss is typically obtained during model training to measure
errors or losses in bounding box predictions. The lower the Ciou loss, the better. FPS,
or Frames Per Second, refers to the number of frames the model processes per second.
A higher FPS value indicates that the model processes images faster, although in this
case, the FPS value is not provided.

Precision is a metric that shows how many correct object predictions the model makes
out of the total predictions. High precision means the model rarely makes errors in
detecting objects. The precision values for each model are almost perfect, with all
models scoring above 90% and an average precision of 0.95. Therefore, all models can
be considered strong in prediction metrics. Similarly, Recall is a metric that shows how
well the model detects all objects present.

Table 3. Model training results

Models parameters M(.)del mAP Ciou FPS | Precision | Recall
Size loss
YOLOv5n 1770682 3.9 mb 0.97 0.0208 29 0.96882 | 0.95966
YOLOvS5s 7023610 14.5 mb 0.981 | 0.01893 | 14 0.973 0.966
YOLOv5m | 20887482 | 42.3mb | 0.98454 | 0.01688 5 0.96748 | 0.97214
YOLOv51 | 46159834 | 92.9 mb 0.984 | 0.01609 3 0.96496 | 0.9642

173.2

YOLOvSx | 86244730 mb 0.98495 | 0.01608 2 0.96462 | 0.96016
3.2 Train result
train/cls_loss
— yolov5x yolovsl — yolovsSm = yolovsn — yolovss v

0.05 §
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Fig. 3. cls_loss training graph

The figure 3 illustrates a graph from the training results of the YOLOvS models,
showing the classification loss (cls_loss) values. The vertical axis (y-axis) represents
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the classification loss, which measures how well the model predicts the class of objects
in the image, while the horizontal axis (x-axis) represents the number of iterations
during the training process. The graph displays several YOLOvVS models, including
YOLOvVS5x (orange), YOLOvVSI] (magenta), YOLOvSm (purple), YOLOvSn (green), and
YOLOVSs (red). In the early stages of training, all models exhibit relatively high
classification loss values (around 0.05), indicating that the models were not yet well-
trained. As the training iterations progress, the classification loss values gradually
decrease for all models, showing that the models are learning and improving in
classifying images. Eventually, all models reach classification loss values close to zero,
signifying that the models are successfully classifying objects. All YOLOvS variants
demonstrate consistent training performance, where classification loss decreases
rapidly in the early stages of training and stabilizes near zero after 80 iterations.

train/obj_loss

= yolov5x yolov5l == yolovSm = yolov5n = yolov5s -
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60 80

Fig. 4. obj_loss training graph

The figure 4 shows the object loss during YOLOvVS model training. Object loss is a key
component in evaluating how well the model identifies objects in specific areas of an
image. It is crucial to ensure that the model can differentiate between the parts of an
image that contain real objects and those that only contain background. A low object
loss value indicates that the model has learned to detect objects accurately, while a high
object loss value means the model struggles to distinguish between real objects and the
background. The vertical axis (y-axis) in the graph shows the object loss values of the
YOLOVS models, and the horizontal axis (x-axis) represents the number of training
iterations. At the start of training, all models exhibit high object loss values, but as
training progresses, the object loss values decrease. In this comparison, there is no
significant difference in the object loss graphs across the YOLOvVS models, as all lines
converge near the end of the training process.
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train/box_loss
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Fig. 5. box_loss training graph

The figure 5 shows the bounding box loss values during the training of the YOLOvS
model. In this experiment, it displays the box loss values across several YOLOvVS
models. The vertical axis shows the box loss values of the different YOLOvV5 models,
while the horizontal axis represents the training iterations. The graph demonstrates the
effectiveness of the box loss training, where all trained YOLOvVS models show a
favorable curve, starting with a high box loss value that decreases as training progresses.
All models show good performance, as no significant changes in the curve were
observed, indicating that all YOLOv5 models have positive results regarding box loss.
A lower box loss value reflects better performance in predicting bounding boxes.

val/obj_loss

= yolov5x yolovsl = yolovSm = yolov5n = yolov5s -

0.15

0 20 40 60 80 100

Fig. 6. obj_loss validation graph

The figure 6 illustrates the object loss during validation, showing that a trained model
requires validation or test data after training to process object loss validation. Similar to
the training object loss, the vertical axis (y-axis) represents the object loss values during
validation. Object loss measures how well the model recognizes objects in images. The
horizontal axis (x-axis) indicates the number of steps or iterations during the training
process. At the beginning of validation, the object loss for all models is relatively high,
especially for the YOLOvSm model (purple line). After several training steps or
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iterations, the object loss decreases sharply, showing that the model becomes more
proficient at recognizing objects in the validation images. Eventually, all versions of the
models stabilize at a low object loss, indicating successful object prediction with good
accuracy.

val/box_loss

— yolov5x yolov5l = yolovim = yolov5n = yolov5s -
0.1

0.08

0.06

Fig. 7. box_loss validation graph

The figure 7 displays the box loss values during the validation phase, measuring how
well the model predicts the bounding boxes for objects in images. Like the previous
validation, the vertical axis (y-axis) shows the box loss values, where smaller values
indicate more accurate bounding box predictions, and the horizontal axis (x-axis)
represents the number of steps during the training process. Each point on the horizontal
axis represents one iteration or batch in the model's training. At the start, the box loss
for all models is relatively high, indicating that the models are still learning to predict
bounding boxes correctly. As time progresses (with more steps), the box loss generally
decreases for all models, showing that the models improve in their predictions. The
YOLOv5x model (orange line) demonstrates a lower and more stable box loss
compared to other models, indicating better performance during validation.

val/cls_loss
= yolov5x yolovsl = yolovim = yolovdn = yolov5s -
0.08
0.06

0.04

0.02

Fig. 8. cls_loss validation graph


mailto:erwin.ardias@untad.ac.id

98 E. A. Saputa et al.

The figure 8 shows how well the models classify objects in images. The graph depicts
various YOLOVS models’ validation values. On the vertical axis (y-axis) is the
classification loss, where smaller validation or classification loss values indicate better
classification. At the beginning of the process, the YOLOv5Sm model (purple line)
experiences a significant spike in data, but as the iterations progress, all models start
achieving lower validation values, indicating improved object classification. This
shows that all YOLOv5 models are quite effective for object classification in images.

Fig. 9. Detection result

Figure 9 shows that the model can accurately detect objects with high confidence scores,
mostly above 0.8. However, for some objects, like paper waste, the prediction
confidence is below 0.5. This is due to insufficient training data and variations for paper
waste, resulting in low confidence for unseen or new variations of data. To improve the
model's prediction confidence, the dataset must be continuously updated and expanded
to enrich the model's learning.
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4 Discussion and Conclusion

From this research, YOLOVS has shown great potential as a model for classifying
domestic inorganic waste types. In experiments, the YOLOv5 model achieved an
accuracy of 98% for mAP@0.5 and a detection speed of 29 fps on the Jetson Nano.
YOLOVS has proven effective in detecting and classifying inorganic waste types such
as PET bottles, plastic packaging, glass bottles, cans, and paper waste. The application
of this technology in a smart waste bin system could not only classify waste in real time
but also contribute to more efficient inorganic waste management efforts.

This research serves as a foundation for further development in domestic inorganic
waste management integrated with artificial intelligence.
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Adding more dataset variations and quantities, including different
product types, forms, and lighting conditions, will help improve the
model's generalization across various conditions.

Further development could also involve integrating IoT technology
for remote waste management and monitoring.

Utilizing model compression techniques can optimize the model to
run on devices with limited resources without sacrificing accuracy
and inference speed.

Real-world implementation trials can test the system’s effectiveness
and performance in complex and varied environments.

Exploring the use of alternative models or model combinations could
provide comparisons and help identify the most optimal model
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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