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Revised: 16/04/2024

includes a Delta robot, a camera, a conveyor, a control cabinet, and a
Accepted: 18/06/2024  personal computer. The system applies Transfer Learning with the pre-train
. YOLOvV5 model to detect plastic waste in real-time. The best model is
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converted into the Delta robot’s coordinate system by the formula obtained
Deep learning; from the transformation matrix and the position of the camera. Finally, the
Transfer learning: computer processes and transports data to control the Delta robot to classify
plastic waste in the conveyor. Afterward, a variety of classification
YOLO; experiments with more than 1000 samples in two different lighting
Delta robot. conditions were conducted. The results illustrate that the computer vision
and deep learning model achieve excellent efficiency with the best-
performing case having a Precision of 96% and a Recall of 97%. In
conclusion, the experimental results in this paper demonstrate that the
proposed intelligent plastic waste detection and classification system
delivers high performance both in terms of accuracy and efficiency and has
much more potential for further development.
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Plastic waste classification;

1. Introduction

In the contemporary era marked by industrialization, modernization, and rapid population growth,
the significant increase in both industrial and household waste has become a pressing global concern.
Annually, humanity generates an average of 300 million tons of plastic waste. In the year 2021, the
world generated an alarming 353 million tons of plastic waste [1]. Regrettably, only approximately 7%
underwent recycling, while an overwhelming majority, exceeding 80%, found their way into the oceans
and the environment [2]. The significant quantities and diverse composition of waste pose significant
challenges, particularly in developing countries. This issue necessitates urgent attention, as it not only
impacts the quality of living environments through pollution but also directly impacts human health.
Manual collection, sorting, and processing of waste prove to be prohibitively expensive, time-
consuming endeavors. Moreover, individuals involved in these tasks face health risks due to the elevated
bacterial content inherent in waste materials. Recognizing these challenges, major nations are
progressively incorporating automation into industrial processes and daily life. Automated systems,
production lines, and robotics are increasingly being deployed, offering the advantage of executing tasks
at significantly accelerated rates. Crucially, automation has the potential to take over dangerous tasks,
minimizing risks and enhancing workplace safety. It also offers a solution to the challenges associated
with waste classification. Numerous approaches and robotic systems have been suggested,
demonstrating commendable performance. However, the high cost and complexity of these systems
often make installation and maintenance challenging. Moreover, existing waste classification algorithms
designed for personal computers fall short of meeting practical needs. Consequently, a waste
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classification system that combines accuracy, speed, efficiency, affordability, and easy installation has
not yet been effectively implemented in the industry.

This research introduces an Intelligent plastic waste detection and classification system, addressing
cost challenges while maintaining high levels of accuracy and efficiency. Our approach involves
integrating the Delta robot with a plastic waste classification algorithm based on deep learning models.
The Delta robot stands out for its simple and compact design, offering exceptional speed and accuracy,
making it a widely adopted choice in sorting applications. To control the Delta robot, the Arduino
controller—a popular choice is utilized for its compact size and exceptional functionality [3]. The
Arduino is programmed to simultaneously control the robot's stepper motors and the pneumatic
mechanism which is responsible for object suction and release. Object detection and classification
algorithms can be complex and resource intensive. Therefore, the transfer learning method is applied,
training the YOLO model based on CNN. YOLO is chosen for its speed advantage over other models,
and its open-source nature allows us to train it with our collected dataset. This research focuses on
training the model to classify two types of plastic waste: bottle and can. Successful training is followed
by a series of tests conducted under various lighting and environmental conditions, demonstrating the
system's impressive accuracy. Additionally, precise camera calibration plays a pivotal role in the object
position detection process. Through a series of transformations, the object position is obtained in the
Robot coordinate system, enabling precise control for the classification process.

Our paper is structured as follows: Section 2 provides an exploration of the YOLO network model
and its applications in relevant contexts. In Section 3, we outline in detail the construction and control
of our system, offering a comprehensive overview of the employed devices and the process of training
the YOLOV5 model for the classification of plastic waste. Section 4 includes a series of experiments
conducted under various lighting conditions to verify the accuracy of the detection and classification
model and the overall efficacy of the system. Finally, Section 5 is the conclusion and the future directions
for development.

2. Related work

This section summarizes relevant research on the application of automatic waste identification and
classification. YOLO (You Only Look Once) - One of the famous object recognition and classification
models with high speed and accuracy based on Convolutional Neural Network was first introduced by
Josep et al. 2016 [4]. Another study by Anbang Ye et al. [5] was conducted to evaluate the waste
classification model they designed based on this YOLO model. After the training process, this model
achieves a correct rate of 70% with a total number of 32 million parameters and a speed of processing
60 Frames Per Second (FPS). Berardina De Carolis et al. [6] developed software that can detect and
classify the presence of abandoned waste through the analysis of video streams in real-time. An
improved YOLOvV3 network model was trained on the dataset collected for this purpose. Another study
used the Single Shot MultiBox Detector (SSD) model which also is a deep-learning model based on a
convolutional neural network for garbage detection in various complex backgrounds before being
transported by a robot arm and conveyor belt simulated by an electronic rotating turntable [7]. In this
study, the results show that the system operates stability with a significant speed of 27.8 FPS, an
accuracy rate of approximately 87%, and three types of garbage (ring can, bottle, and aluminum foil
pack). A new GNet model for garbage classification based on transfer learning and the improved
MobileNetVV3 model is developed by Bowen et al. [8]. The classification algorithm will be combined
with a camera, an infrared sensor, a laser ranging sensor, and the embedded Linux system which is
controlled by a Raspberry Pi 4B microcontroller to perform sorting 4 types of recycled garbage. A series
of garbage classification experiments on the Huawei Garbage Classification Challenge Cup dataset were
conducted. This classification system’s prediction accuracy was 92.62% at 0.63s efficiency. Studies
focusing on developing waste classification systems have received more attention around the world in
recent years, but these systems are often difficult to access because of the complexity of installation as
well as the expensive production cost. In Viet Nam, there have been a few studies on this issue [9]-[12],
but these studies have stopped at the laboratory level, and have not been applied in industrial factories.
Realizing the potential development of the robot industry as well as image processing, this paper
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proposed a system that integrates both these technologies to research, develop, and handle the problem
of waste detection and classification.

3. System description
3.1. Hardware description

The hardware architecture of the system is delineated into four primary modules: Vision, Controller,
Robot, and Actuator, as illustrated in Figure 1.
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Figure 1. The overview of the Intelligent Plastic Waste detection and Classification System

The Vision module is responsible for receiving input information in the form of images from the
camera and transmitting it to the initial processing center, i.e., the PC. The YOLO model is utilized for
object classification and extraction of object position.

The Controller module includes the Arduino MEGA, which is the master board for the hardware
system, CNC shield, and stepper drivers. Upon acquiring the object position, the number of pulses for
each motor is calculated and dispatched by Arduino to control the robot's movement, ensuring
coordinated operation with other devices cyclically.

The Robot module includes the Delta Robot, consisting of a robot body and three stepper motors.
Upon receiving the calculated signals from the Controller module, the Delta Robot moves to approach
the object and perform classification.

The Actuator module is integrated with a Relay Module to regulate the vacuum pump and a 2-way
valve. The vacuum pump generates suction to hold the object in the robot's end effector. Simultaneously,
as the robot reaches its final position in the classification process, the valve releases the air, allowing the
object to fall into the appropriate trash can.

This hardware structure facilitates a systematic and efficient workflow, where each device plays a
distinct role in the overall operation of the robotic system.

3.2. Object classification

One proposed solution to address the issue of detecting and classifying plastic waste is the utilization
of the YOLO model, which stands for You Only Look Once. It's one of the fastest object detection and
classification models based on CNN (Convolutional Neural Network) [13]. The Logitech C920 camera,
operating at a resolution of 1920x1080p, is employed alongside a conveyor system where plastic waste
is placed and passed through the camera's operational area. Subsequently, the YOLO model is employed
to precisely determine the coordinates of the plastic waste within the camera's frame before these
coordinates are calculated, transformed, and relayed to the Robot coordinate system for further
processing.

The YOLO model encompasses various versions and undergoes continuous updates. However,
YOLOVS5 is selected due to significant enhancements in both accuracy and processing speed compared
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to its predecessors [14], [15]. In addition, with its open-source code as well as being very easy to deploy
for embedded systems, YOLOV5 has become one of the classic and well-known models in the deep
learning community. Below is the structure of the YOLOV5 object detection and classification model
[16].

Feature Extraction Classification Output
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Figure 2. Yolov5 model structure

The YOLOvV5 model structure is built based on the CNN structure including 2 main blocks. The first
block is the feature extraction consisting of many convolutional layers extracting detailed features of
the image based on various feature matrices with different sizes. Small feature matrices will predict huge
objects and vice versa. In addition, this block also has pooling layers reducing calculation errors and
improving model speed. The rest block includes dense layers of neurons based on the extracted features
in each pixel cell of the feature matrices to predict three pieces of information: Object position
(Bounding Box), object type (Class), and accuracy (Confidence Score). These three pieces of
information are the result of the object detection and classification process with the input of an RGB
color image.

The subsequent step involves outlining the training process for the YOLOV5 network model, which
comprises six main steps [17], [18], as illustrated in Figure 3: Collecting data, Preprocessing, Labeling,
Applying augmentation, Dividing datasets, and Training model.
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Figure 3. Steps to train the YOLO model
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Figure 4. Data collection process

The first step involves the creation of an input dataset essential for training the YOLOv5 model.
Training images are captured using smartphones with a resolution of 1920x2560. These images are
collected under lighting and environmental conditions that closely emulate the operational conditions in
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which the model is expected to function. This approach aims to enhance the model's accuracy under
realistic conditions. The project's focus is on training the model to detect and classify two types of plastic
waste: bottles and cans. Consequently, the dataset exclusively includes images featuring these types of
plastic waste, with an exclusion of noisy images. Furthermore, to enhance the model's versatility, images
of plastic waste are collected from various angles and poses, facilitating the model's proficiency in
detecting and classifying plastic waste from diverse cases. The data collection process is shown below
in Figure 4.

Upon the collection of approximately 1000 images for the input dataset, a preprocessing step is
performed. This step involves resizing all images to a uniform dimension of 416x416, as the YOLOvV5
network model exclusively supports processing with this input image size.

Following the preprocessing step, all the plastic waste in the input images is labeled by using the
Boulding box labeling method. This pivotal yet time-consuming process entails precisely localizing and
annotating each plastic waste present in the images.

Figure 5. Training process

In the fourth step, several augmentation tools such as flip, crop, rotation, saturation, and brightness
are applied to all images in the input dataset to enrich the quantity and quality of the dataset. Following
the augmentation process, more than 3,000 images are utilized for the training process.

In the penultimate step, all the images are divided into 3 sets: the training set (accounts for 70 percent)
is utilized for training the YOLO model, the validation set (accounts for 20 percent) estimates and picks
the best suitable and accurate model for the network, and the test set (accounts for 10 percent) checks
and evaluates the accuracy and the error of the model.

Finally, the training process is conducted on the Google Colab platform [19], which is a product of
Google Research, it allows Python to be performed on the cloud platform, especially suitable for data
analysis, machine learning, and education. The model experienced 150 training cycles with 16 batches
and then achieved around 96% of Precision and 97% of Recall.

3.3. Object localization

Object Localization involves the precise determination of an object's position within the Robot
coordinate system, achieved through transformative processes based on the camera working area and
Robot coordinate system, which is shown in Figure 6.

Figure 6. Camera working area and Robot coordinate system
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Subsequently, these coordinates serve as the foundation for controlling the robot in approaching the
objects. This process is divided into two sequential steps, as illustrated in Figure 7.

XW
YW
ZW

X R
u Pixel to World ‘World to Robot Y
Transformation Transformation R
A%
Z R
Step 1 Step 2

Figure 7. Object localization steps
Where:

u, Vv : coordinates of the objects in the Pixel coordinate system.
Xw Y » Zy, : coordinates of the objects in the World coordinate system.
Xg: Yr: Zg: coordinates of the objects in the Robot coordinate system.

Upon successful detection, classification, and determination of the object's position by the YOLOvV5
model, a preprocessing step is performed to calculate the object's centroid position as the center of the
bounding box within the camera frame, which has dimensions of 640x480 pixels.

Can 0.98

Can 0.86

Figure 8. Determine the centroid of the object

In the initial step, the coordinates of the objects within the pre-defined and established World
coordinate system, as shown in Figure 6, are obtained [20]. Because the object to be classified is always
located on the conveyor belt, the coordinates of the object along the Z-axis of the World coordinate

system are always set to 0 (Z,, =0). The correlation between the two coordinate systems is leveraged

to derive a conversion formula:
X
W= § X {E} (1)
Yo m v

Where:
S : Actual distance (mm).
m: Pixel density with S distance.
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Figure 9. Correlation between Pixel and World coordinate system

In the second step, an additional transformation is executed to convert the object's coordinates from
the World coordinate system to the Robot coordinate system before controlling the robot to move and
perform the classification process.

The translation matrix [21] is determined based on the positions of the two established coordinate
systems. Subsequently, the conversion formula facilitating the transformation of points from the World
coordinate system to the Robot coordinate system is derived:

Xg Xw Ry R, Rs Ty Xu

Y = RTx Y _ Ry Ry Ry Ty y Y @
Zq Zy Ry Ry Ry T; Zy,

1 1 0O 0 0 1 1

Where VST is a transformation matrix, R is rotation matrix, and T is translation matrix.

The object for classification is situated on the conveyor. Therefore, fixed positions are established
for the end effector's coordinate of the robot along the Z-axis throughout the steps controlling the robot's
operations.

4. Experimental results
4.1. Kinematic

To evaluate the precision of the kinematic conversion process, the robot is controlled to a random
position, with both the end effector's coordinates and the theta angles of the robot recorded at this
position. In the next stage, new theta angles are calculated based on the inverse kinematic transformation
formulas, and the recorded end effector's coordinate. Table 1 is devised for the purpose of contrasting
and comparing the disparities between the recorded theta angles and calculated theta angles.

Table 1. Comparison between the recorded theta angles and calculated theta angles

P, P, P, Recorded angle (°) Calculated angle (°)
(mm) 0, 0, 6, 6, 6, 65
(53.77, -84.12, 30 45 60 30.3 45.31 60.31
-420.41)
(39.81, -186.35, - 10 60 70 10.21 60.26 70.25
385.16)
(-48.53, -60.25, -496.25) 65 90 75 66.11 91.91 76.36
(-70.83, 151.39, - 75 50 25 75.51 50.53 25.46
410.19)
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After a comprehensive comparison and evaluation, it was discovered that the error between the
recorded theta angles and the calculated theta angles was negligible (less than 2°). This indicates that
the kinematic calculation process was executed accurately.

4.2. YOLO training

As mentioned before, the YOLOvV5 model was trained with more than 1000 input images in the
Google Colab platform, which allows for the customization of various parameters.

To demonstrate the effectiveness of the YOLOV5 model, experiments were conducted on the
classification results using 400 samples, comprising 200 bottles and 200 cans. The confusion matrix
[22] which is the most basic and efficient method to evaluate the accuracy of a classification model is
employed. The three parameters, precision, recall, and F1-Score are derived from the confusion matrix.
Precision serves as an indicator of accuracy, evaluating the correctness of positive predictions. Recall,
also known as the recall rate or sensitivity, is calculated to measure the model's ability to capture and
correctly identify all positive predictions. These metrics play a crucial role in assessing the performance
of a detection and classification model, providing insights into its accuracy and recall capabilities.
Higher values of these metrics indicate better accuracy of the model. However, these two metrics often
do not increase or decrease together, so a third metric is needed, which is the F1-Score, to provide an
overall evaluation and balance between the two aforementioned metrics.

.. TP
recision=——— 3
P TP+ FP @
recall = L (4)
TP+ FN

2x (precisionx recall)
precision + recall

F1-—Score =

®)

Where:

TP (True Positive): Number of predictions where the model correctly predicts the positive class as
positive. In this case, TP is the number of correctly predicted bottles as bottles.

TN (True Negative): Number of predictions where the model correctly predicts the negative class as
negative. In this case, TN is the number of correctly predicted cans as cans.

FP (False Positive): Number of predictions where the model incorrectly predicts the negative class as
positive. In this case, FP is the number of incorrectly predicted cans as bottles.

FN (False Negative): Number of predictions where the model incorrectly predicts the positive class
as negative. In this case, FN is the number of incorrectly predicted bottles as cans.

Table 2. Confusion matrix for YOLO model with 512 input images

Actual
. Bottle Can
Predicted
Bottle 163 68
Can 37 132

Precision = 0.7056, Recall = 0.815, F1-Score = 0.756
Table 3. Confusion matrix for YOLO model with 1026 input images

Actual
. Bottle Can
Predicted
Bottle 190 4
Can 10 196

Precision = 0.9794, Recall = 0.95, F1-Score = 0.964
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As can be seen from both parameters in the two cases, it becomes evident that the initial results are
unsatisfactory. In response to this, the volume of training input images is doubled compared to the
original dataset (512 images), resulting in a total of 1026 images. Consequently, there is a significant
enhancement in the recognition accuracy, with cans and bottles being classified nearly perfectly.

4.3. Lighting condition

To assess the efficacy of the model in various aspects, an additional experiment is conducted, wherein
the system is operated under two different lighting conditions: laboratory lighting (intensity of 200 lux)
and low-light (intensity of 20 lux). The outcomes are documented and organized into Table 4 and Table
5 for analysis and comparison.

Table 4. Testing results in laboratory lighting conditions

Bottle Can
Test No.
Actual Predicted Actual Predicted
1 50 49 50 48
2 50 48 50 49
3 50 48 50 48
4 50 49 50 48

Precision = 0.9652, Recall = 0.97, F1-Score = 0.967

Table 5. Testing results in low-light conditions

Bottle Can
Test No.
Actual Predicted Actual Predicted
1 50 45 50 48
2 50 47 50 46
3 50 47 50 47
4 50 43 50 45

Precision = 0.9286, Recall = 0.91, F1-Score = 0.919

Through a comparison of the confusion matrices, precision, recall and F1-Score parameters were
computed in both conditions. The findings reveal that the system performs outstandingly under
laboratory lighting conditions. Conversely, in low-light conditions, the model encounters difficulties in
object recognition and classification, resulting in instances of missed objects.

5. Conclusion

This research introduces a novel intelligent system for plastic waste detection and classification,
which integrates a Delta robot arm with the YOLOV5 deep learning model. This innovative approach
offers a cost-effective solution for automating plastic waste sorting processes within industrial plants. A
set of experiments has been conducted to assess the system's efficiency, accuracy, and productivity. The
results demonstrate the system's exceptional performance under laboratory lighting conditions, yielding
a Precision of 0.9652, a Recall of 0.97 and a F1-Score of 0.967. The system exhibits a remarkably high
correct recognition rate, which tends to escalate with an increased number of training input images.
While occasional instances of confusion persist, the overall system response is highly commendable.
Notably, the system demonstrates excellence not only in identifying and classifying two types of waste
but also in operating effectively and stably.
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