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Abstract The world is experiencing a transformation shift from manual labor to digital
solutions, making work simpler and more efficient while enhancing the quality of life glob-
ally. A prime example of this shift is the Object Picking Robotic Arm (OPRA). Designed to
operate with minimal human intervention, the OPRA reduces the risk of physical injuries
among workers by replacing human labor with robotic precision. This technology finds
applications in both industrial and domestic settings, including the automotive industry,
metalworking, chemical processing, and various pick-and-place tasks. In this research,
we develop a robotic system for automated waste picking and sorting. This system uti-
lizes the YOLOV5 object detection algorithm to achieve high accuracy (95%) and precision
(90%) in classifying five common waste categories: cardboard, metal, paper, plastic, and
trash.

*Correspondence author email address: shanoor@ssuet.edu.pk
DOI: 10.21015/vtse.v12i2.1813

1 Introduction

Robotic arms are indispensable in industries where
efficiency is critical, particularly in environments
hazardous to human health or those requiring the
simplification of complex tasks. Due to the necessity
of actuators and precise component movements,
most industrial robotic arms are expensive. However,
by advancing research to reduce costs and enhance
their utility, we can increase the flexibility of robotic

(@her |

arms, thereby promoting the automation of manual
labor [1]. However, reducing costs often necessitates
the use of mid-grade components and making certain
compromises in the market [2].

The pricing of robotic arms is influenced by several
factors, including speed, cost, repeatability, human
safety, and workload capacity. Crucial aspects include
the arm’s ability to grip items effectively and its high
repeatability, ensuring it consistently returns to its

This work is licensed under a Creative Commons Attribution 3.0 License.
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home position after completing tasks [3] [4], [5].

The demand for interior service robots is growing
due to two significant social challenges: an aging
population and rising labor costs. To perform various
grasping tasks, service robots in homes or workplaces
must identify target items within complex or changing
environments. Developing a lightweight recognition
algorithm capable of distinguishing different ob-
jects under varying conditions—such as illumination,
occlusion, and object posture—while ensuring real-
time responsiveness and accurate gripping is highly
challenging.

Recent robotics research has led to the develop-
ment of numerous alternative gripping techniques.
Deep learning algorithms, particularly those utilizing
Convolutional Neural Networks (CNNs), have become
the most prominent in grasp synthesis. These tech-
niques require extensive data, substantial training
time, and costly hardware environments. Despite
their potential, these methods often suffer from
overfitting, limited generalizability, and complexity
in interpretation. The diverse target items, varying
viewing angles, and dynamic environments typical
of indoor robotic grasp tasks further complicate the
implementation of deep learning-based approaches
[6].

In today’'s world, humans and robots collaborate
to complete tasks.  Autonomous, self-managing
robots—referred to as aid robots—are now employed
across various sectors, including business, military,
and healthcare. For instance, robots can replace
humans in hazardous tasks such as working in high-
temperature environments or defusing explosives
[6].

The successful use and implementation of robotic
arm sorting technology in American and European in-
dustries have driven this project. These regions have
effectively leveraged robotics to help labor forces
meet deadlines impacted by manual tasks. However,
this technology has not yet been widely adopted in
Asian countries. A particularly successful initiative is
currently operating across America and Europe, sig-
nificantly aiding the workforce and impacting society
by enabling job automation according to industry

capabilities [6].

Humanoid grasping is vital for developing hu-
manoid robots with anthropomorphic hands. It
presents [7] a deep learning-based control framework
that uses dynamic contact data to enhance grasping
efficiency. By utilizing an under actuated hand based
on human hand data and employing hand gestures
to reduce control complexity, the system outperforms
static analysis methods. Tested in both simulations
and real robots, the framework achieves over 90%
success in grasping various objects, including thin
items like cards. This approach effectively addresses
high DoF control challenges and expands grasp ca-
pabilities, offering a promising direction for future
research on anthropomorphic hands.

The paper is arranged as follows: Section Il covers
the detailed literature study on object detection in
different domain, object tracking and segmentation.
Sections Ill discusses the theoretical and mathemati-
cal foundations of YOLOV5 architecture. We give an
overview to the experimental platform in Section IV,
experiments and results in Section V and conclude the
paper in Section VI.

2 Literature Review
This section reviews current advancements in the field
of trash-picking robots. The tasks of trash collection
and disposal are tedious and repetitive, highlighting
the need for robotic solutions to improve efficiency
and reduce human labor [8]. Every year, over 14
billion pounds of garbage are dumped into the world's
oceans, causing significant environmental damage
and highlighting the urgent need for effective waste
management solutions [9]. Workers tasked with trash
collection and disposal face health risks, including
heart disease and metabolic syndrome, underscoring
the importance of implementing safer and more effi-
cient waste management practices [10]. Implementing
automatic systems, primarily involving robots and
processing units like Arduino and Raspberry Pi, can
help prevent these health risks by reducing the need
for manual labor in waste collection and disposal [11].
Robots lacking the ability to identify trash can be
harmful. Therefore, an intelligent garbage bin robot,
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utilizing a robot operating system for waste collection,
is essential for efficient and safe waste management
[12]. A smart garbage classification system [13, 14] is
highly beneficial, not only for worker safety but also for
economic efficiency in recycling. Typically, discarded
waste consists of 5.8% metals, 3.5% glass, 1.6% plastic,
12.9% paper, 1.8% textiles, and 53.7% biodegradable
materials [15, 16]. Extensive work has been done
on garbage detection using image processing and
deep learning. Image processing techniques are
employed for feature extraction, followed by the use
of classifiers to identify various objects [17]. The study
of loT-based automatic garbage collection using smart
robots is explored in [18]. Similarly, an loT-based
smart waste bin monitoring and management system
is proposed in [19]. In [20], an autonomous robot
designed to pick up trash from grass using a deep
neural network is proposed. Utilizing the GINI dataset
with the GarbNet network for garbage detection, it
achieved a mean accuracy of 87.69% [21]. In [22],
a comparative study evaluates the performance of
Mask Region-Based Convolutional Neural Network
(Mask-RCNN), You Only Look Once (YOLOv4), and
YOLOv4-tiny for a trash-collecting robot using the
Rocker-Bogie mechanism. The experimental results
show that Mask-RCNN achieved a Mean Average
Precision (mAP) of 83%, YOLOv4 achieved 97.1% mAP,
and YOLOv4-tiny achieved 95.2% mAP. These results
were specifically for detecting plastic materials.

In [23], a deep learning-based robot was designed
for garbage collection, specifically targeting cans, plas-
tic bottles, and lunch boxes, achieving 95.6% precision
and 96.8% recall.

The underwater garbage cleaning robot designed
in [24] utilizes YOLOv4 with a Mean Average Precision
(mAP) of 95.099%. Additionally, in [25], the YOLOv3 net-
work is employed to collect floating plastic garbage.

From the above literature review, we have some re-
search questions as given below:

« Cost vs. Functionality Trade-off in Robotic
Arms:How can we design cost-effective robotic
arms for industrial applications while maintain-
ing essential functionalities like gripping and
repeatability?

+ Lightweight Object Recognition for Service
Robots: Can we develop lightweight object
recognition algorithms using deep learning
that are suitable for service robots operating in
real-time with limited computational power and
under varying environmental conditions?

+ Overcoming Limitations of Deep Learning
for Grasping Tasks: How can we address chal-
lenges like overfitting, limited generalizability,
and complexity in deep learning-based grasping
techniques, particularly for diverse objects and
dynamic indoor environments faced by service
robots?

+ Adoption of Robotic Arm Sorting Technology
in Asia: What are the factors hindering the wider
adoption of robotic arm sorting technology
in Asian countries compared to America and
Europe?

This research paper focuses on developing
lightweight object recognition algorithm using deep
learning, tailored for service robots operating in
real-time with limited computational resources and
diverse environmental conditions. The goal is to
mitigate the challenges posed by constrained compu-
tational power while ensuring robust performance
in dynamic environments with varying lighting and
other factors, empowering service robots to operate
effectively.

2.1 Objective of Research

This research aims to develop a robotic system for
automated waste picking and sorting. It utilizes a deep
learning model based on the YOLOV5 algorithm in
classifying five common waste categories (cardboard,
metal, paper, plastic, and trash). This technology has
the potential to improve safety and efficiency in waste
management by reducing manual labor and enabling
robots to handle waste sorting tasks.

2.2 Novelty of Work

This research presents a novel application of the
well-known YOLOV5 object detection algorithm. By
utilizing YOLOV5 for robotic waste picking, the study
integrates computer vision and robotics for a practical
task in waste management. Additionally, the research
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focuses on classifying five specific waste categories,
which could be novel if existing work deals with
broader waste object categories or different environ-
ments. Furthermore, achieving high accuracy and
precision (95% and 90% respectively) for these specific
waste types through YOLOV5 optimization could
be a significant contribution compared to previous
attempts in this area.

3 Methodology

According to Edmundo Casas [26], although YOLOv8
is the latest variant, YOLOvV5 emerges as the better
choice due to several key factors. First is its Superior
Efficiency, YOLOV5 shines in efficiency metrics. It
achieves higher precision, recall, and F1-scores while
requiring less training time and fewer epochs to
reach optimal performance. This efficiency makes
YOLOVS5 ideal for scenarios with limited resources or
tight deadlines. Second is its Faster Inference, for
real-time applications, YOLOVS5 boasts faster inference
times, allowing for quicker object detection. While
YOLOV8's inference speeds are respectable, YOLOV5S's
edge proves advantageous in time-sensitive situa-
tions. Therefore, considering these advantages and
the specific needs of our project, we opted to utilize
YOLOVS5 for our object detection tasks.

3.1 YOLOvVS5 Network Architecture

In the YOLO architecture series, the latest iteration is
YOLOV5 [27], which boasts the fastest detection speed
of up to 140 frames per second. This network offers
very fast inference speeds compared to other architec-
tures, while maintaining high detection accuracy. No-
tably, the total size of the weight file for the YOLOV5
model is about 90% smaller than that of YOLOv4, mak-
ing it highly suitable for real-time object detection ap-
plications.

The object detection algorithm based on deep
learning has been extensively studied in various do-
mains such as agriculture [28], medical diagnosis [29],
transportation [30], among others. However, there is
relatively limited research in the domain of robotics.
Therefore, this paper proposes the use of the YOLOv5
network to enhance the flexibility of object recognition
in robots and improve localization accuracy. The key

points of the YOLOVS is given below:

1.

. Speed and Performance:

. Model Size:

Backbone Network: YOLOvV5 uses the CSPDark-
net53 backbone network, which is a variant of
Darknet. CSPDarknet53 includes Cross Stage Par-
tial connections to improve information flow and
gradient propagation.

. Neck: YOLOVS utilizes a feature aggregation

module called PANet (Path Aggregation Net-
work).  PANet helps in combining features
from different layers with different resolutions,
thereby improving the detection performance.

. Detection Head: The detection head of YOLOv5

consists of three prediction heads (YOLOv5s) or
five prediction heads (YOLOv5x). These predic-
tion heads predict bounding boxes, objectness
scores, and class probabilities at three different
scales.

. Training: YOLOVS5 is trained using the COCO

dataset and optimized using the Adam optimizer.
It employs data augmentation techniques such
as mosaic data augmentation, random scal-
ing, translation, flipping, color distortion, and
Gaussian augmentation.

. Inference: During inference, YOLOV5 applies non-

maximum suppression (NMS) to filter redundant
detections based on the confidence scores of the
predicted bounding boxes.

YOLOV5 achieves
real-time object detection with high accuracy. It
offers various model sizes (YOLOv5s, YOLOv5m,
YOLOVS5I, YOLOv5x) that trade off between speed
and accuracy, with YOLOv5s being the smallest
and fastest, and YOLOv5x being the largest and
most accurate.

YOLOvV5 models have relatively
smaller model sizes compared to YOLOv4, mak-
ing them suitable for deployment on devices
with limited computational resources.

. Community and Development: YOLOV5 is an

open-source model with a vibrant community
for support and development. The model is
accessible on GitHub, allowing for customization
and fine-tuning tailored to specific applications.

This summary provides an overview of the architec-
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ture of YOLOVS5, highlighting its essential components
and features. YOLOVS5 has gained popularity due to its
effective balance between speed and accuracy in real-
time object detection tasks.

3.2 YOLOVS5 Object Detection

This section provides a detailed exploration of the
mathematical foundation underlying the YOLOV5
architecture for object detection. It offers a structured
overview of the algorithmic workings of YOLOV5 in
object detection tasks.

Algorithm 1 outlines the main steps involved in the
YOLOV5 object detection process, from input image
processing through to the calculation of losses and
final detections using non-maximum suppression.

4 Experimental Platform
The machine vision-based robot object detection sys-
tem comprises three layers, as illustrated in Figure 1:

1. Input Layer
2. Control Layer
3. Output Layer

Anputtayer
Intel Real Sense D415

Plastic
Classification 8 Localization

(_.‘p__m ro_I_Lnyer

Classification

Qutput Laves

Jetzon Mano
Developer Kit

3stic
Object Detection

@@

FPaper, Meatal, Plastic

Figure 1. Elements of Object Grasping Robotic Arm

All server control terminal and foreground control
terminal operations are managed through the input
layer. The control layer handles all critical systems
and controls, including an image processing system,
image acquisition system, object recognition system,
and robot control system. The output layer manages
the execution and image acquisition equipment. This
research introduces a robot object detection system

Algorithm 1. YOLOV5 Object Detection Pipeline

Input:
Image: Image input for processing.
Backbone Network (CSPDarknet53):
Input: Image
Output: Feature maps

feature_maps = CSPDarknet53(image)
Feature Pyramid Network (FPN):
Input: Feature maps from CSPDarknet53
Output: FPN features

fpn_features = FPN(feature_maps)

Object Detection Head (YOLO Head):
Input: FPN features

Output: Predicted bounding boxes, objectness scores, and class
probabilities.

predictions = YOLO_Head(fpn_features)
Bounding Box Regression:

(bx, by, bw, by) = sigmoid(predictions[:, : 41) + Anchor
where Anchor represents the Predefined anchor boxes
Objectness Score:

objectness_scores = sigmoid(predictions[:, 4])
Class Prediction:

class_scores = softmax(predictions[:, 5:1)
where sigmoid represents the Sigmoid activation function softmax
represents the Softmax activation function

Loss Calculation: Bounding Box Regression Loss:
loss_box = A\_box - MSE(predictions[:, : 4], targetsl:, : 4])

Objectness Loss:

loss_obj = A\_obj - BCE(sigmoid(predictions[:, 4]), targets[:, 41)
Classification Loss:

loss_cls = X_cls - CE(softmax(predictionsl[:, 5 :1), targets[:, 5 :1)
Total Loss:

total_loss = loss_box + loss_obj + loss_cls

where

MSE is the Mean Squared Error

BCE is the Binary Cross-Entropy

CE is the Cross-Entropy

A_box, A_obj, A_cls: are the Loss weights

Non-Maximum Suppression (NMS):
Input: Predicted bounding boxes, objectness scores, and class prob-
abilities
Output: Final detection following NMS
detection = NMS(predictions)
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designed to incorporate a robotic arm for grasping
and object localization, as depicted in Figure 2. The
robotic arm setup consists of an Xarm, a detection
platform, an Intel RealSense D415 camera, and a
server. The Xarm is an affordable and lightweight
programmable device that includes a robotic arm, a
control cabinet, signal cables, a power supply, and
other essential components. The Intel RealSense
D415 camera features a D410 depth sensor, providing
high-resolution and precise depth sensing capabilities.
It converts optical and electrical signals and transmits
them to the server for further processing.

Xarm Robot

Intel Real Sense D415 camera aG/ o

Detection Platform

Objects

Figure 2. Robotic Vision System for Object Detection

This configuration empowers the robotic arm to ex-
ecute precise grasping and localization tasks, harness-
ing the capabilities of the Xarm and Intel RealSense
D415 camera for accurate object detection and manip-
ulation.

4.1 Experimental Process
Object detection, is the central theme of this research,
that encompassing both object localization and clas-
sification. Object classification identifies the correct
category of an object and determines its spatial
location. The robotic arm with grasping capabilities
utilizes three key functionalities: object grasping,
classification, and localization. Figure 3 depicts the
experimental setup, enabling the robotic arm to
effectively detect, classify, and localize objects. The
figure details how the robotic arm performs these
tasks.

Object Classification:To begin, we collected and
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Figure 3. OPRA: Object Manipulation Process

augmented object images to expand our collection.
These augmented images, along with the originals,
were included in our dataset. Following that, we
trained the YOLOV5 network on this dataset. We
then categorized the object images and performed
additional improvements to improve the precision
and accuracy of our item categorization.

This approach involved acquiring and enhancing
photos, incorporating them into the dataset, training
the YOLOV5 network for accurate object recognition,
and then fine-tuning the classification accuracy and
precision.

Object Localization: We captured images of ob-
jects and used a depth camera to gather depth infor-
mation. Next, we calculated the 3D pose of each object.
To align different coordinate systems, we employed
the Hand-Eye calibration method, which established
a pose conversion matrix. This matrix was then used
to accurately determine the object's three-dimensional
position relative to the robot's location.

This approach ensures precise spatial localization
of objects within the robot’s surroundings, allowing for
effective interaction and manipulation tasks.

Object Grasping Initially, we established a secure
communication link between the robot and the host
using the TCP/IP protocol [31]. Following this, the
robot control system received the three-dimensional
poses of each object image. Guided by the robot
control system, the robot proceeded to grasp the
specified object. Once grasped, the robot placed the
object in its designated position.

This process encompassed setting up a secure
communication link, receiving object poses, guiding
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the robot to grasp the object, and accurately placing
it in its intended location. It ensures efficient and
precise handling of objects by the robot.

5 Experiments and Results

5.1 Dataset

The dataset used in this study was sourced from
Kaggle
waste-classification-data) to evaluate our results. It con-
sists of five classes: cardboard, metal, paper, plastic,
and trash. While Kaggle datasets offer accessibility
and benchmarking advantages, they may not fully
capture local waste characteristics. To address this,
the study analyzed local household waste, segregated
it into relevant classes, and automated the process
using loT and machine learning. Object recognition
capabilities of the YOLOv5 model were leveraged
to accurately identify and classify waste items in
real-time. Details of the dataset are provided in Table
1. We split the dataset into 85% for training and 15%
for testing. A subset of the data is illustrated in Figure
4.

(https://www.kaggle.com /datasets/techsash/

Table 1. Dataset Details

Category  Number of Images Train Test
Cardboard 403 282 121
Metal 410 287 123
Paper 594 415 178
Plastic 482 337 145
Trash 137 96 41

(1) CoBoerd  (b) Metd (d) Plastc (€] Trash

(¢) Paper

Figure 4. Subset Details of Waste Classification Dataset

5.2 Results
For waste classification, we achieved a precision of
90.89% and an accuracy of 95.61% using YOLOVS.

Table 2 provides detailed measures for each category,
demonstrating the effectiveness of our approach in
accurately identifying and classifying waste materials.
These results highlight the robustness of YOLOVS5 in
handling diverse waste types, including cardboard,
metal, paper, plastic, and trash. The high precision
and accuracy underscore the potential of our method
for practical applications in waste management and
environmental monitoring. Consider Figure 5, that
depicts the confusion matrix used to forecast various
waste classification.

Table 2. Waste Classification Results

Category Precision(%) Accuracy(%)
Cardboard 88.23 95.23
Metal 94.11 97.6
Paper 96.15 98
Plastic 93 95.12
Trash 77 92.10
Total 90.89 95.61

Cardboard

Figure 5. Confusion Matrix of Waste Classification

5.3 Comparative Analysis

In comparison [22] to the YOLOv4-based system using
Raspberry Pi 4 B+ for trash bin automation, which
achieved 75% accuracy with YOLOv4-tiny and 91%
with full YOLOv4 on a PC, our research with YOLOvV5
has achieved higher accuracy and precision. Specif-
ically, the YOLOV5 model classifies five categories of
daily waste: cardboard, metal, paper, plastic, and
trash, achieving 95% accuracy and 90% precision. This
highlights the superior performance and efficiency
of YOLOV5 in categorizing a broader range of waste
types compared to the YOLOv4-based system.
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6 Discussion and conclusions

Industrial robotic arms are pivotal in various sectors
due to their ability to perform tasks ranging from
simple to complex, across diverse environmental
conditions. Automating these tasks not only enhances
safety by reducing human exposure to hazardous
environments but also frees up human resources
for more valuable and strategic activities, such as
customer engagement.

In this study, we have implemented a deep
learning-based garbage classification model using
YOLOvV5. This model focuses on categorizing five
common types of daily waste: cardboard, metal,
paper, plastic, and trash. Utilizing standard datasets,
YOLOvV5 was constructed and trained, resulting in
experimental outcomes showing a commendable 95%
accuracy and 90% precision.

Looking ahead, future research directions could ex-
plore the use of larger and more diverse datasets. With
increased data volume, the model's performance is ex-
pected to improve, enabling it to detect and classify an
even wider range of waste classes in real-time scenar-
ios. This approach holds promise for enhancing waste
management practices and environmental monitoring
efforts.
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