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Abstract: By integrating visual recognition technology and multi-object recognition into
robotic arms, the flexibility and automation of the production process were improved in
this study. By applying tiny machine learning (TinyML) and machine vision algorithms,
we integrated edge computing devices to control the robotic arms and identified objects
precisely on the production line, with ultra-low energy consumption. The developed
system in this study included the SparkFun Edge development board and Raspberry Pi
Camera Module 3, as edge devices for data processing, image recognition, and robotic
arm control. By utilizing the Edge Impulse platform for data collection, model training,
and optimization, edge devices and models for use in resource-limited environments
were successfully generated. Using Edge Impulse’s automated toolchain, real-time image
processing and object recognition were realized. The system achieved improved recognition
accuracy and operational speed, demonstrating the potential of TinyML in enhancing the
intelligence of robotic arms. MariaDB was chosen for data storage. Grafana was used
to design a user-friendly web interface for real-time data monitoring and visualization
and immediate data analysis and system monitoring. The developed system presented a
success rate of 99% during actual operation. The feasibility of combining advanced image
processing technology with robotic arms in intelligent manufacturing was verified in this
study. The potential of integrating machine learning and automation technologies was also
confirmed for the development of future manufacturing technologies. The model provides
a technical reference and ideas for future factories that require high levels of automation
and intelligence.

Keywords: Industry 4.0; TinyML; multi-object recognition; edge computing; real-time
visualization; Edge Impulse; TensorFlow Lite

1. Introduction

With the rapid development of global manufacturing and related technology, compa-
nies are constantly improving production efficiency, product quality, and environmental
sustainability. Intelligent manufacturing has become essential, using technologies such
as artificial intelligence (Al), the Internet of Things (IoT), and robotic arms. Tiny machine
learning (TinyML) is an emerging technology, with the potential to run ML models on
low-power devices. These low-power devices, often called edge devices, can process data
directly on the device [1].
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As the manufacturing industry continues to develop, the role of automation technology
in improving production efficiency and product quality has become increasingly significant.
The demand for intelligent equipment increases, especially in a highly competitive market
environment. However, many robotic arms applied to manufacturing production lines
are of limited use, due to outdated technology and a lack of advanced automated optical
inspection (AOI) capabilities. This limitation restricts their flexibility when carrying out
precise operations and handling complex production tasks. For many companies, the high
cost of completely upgrading the equipment is not feasible. For instance, companies have
improved their production efficiency and reduced their maintenance costs using TinyML
technology in their production lines for over two years, as TinyML was successfully used
for anomaly detection and image recognition applications [2].

Although TinyML has yet to be widely adopted in the manufacturing industry, it
has great potential. This technology allows edge devices to directly process and analyze
data and provides an efficient and energy-saving solution for manufacturing environments
that require real-time responses. Particularly in resource-constrained situations, TinyML
effectively handles data processing and reduces the dependence on central processing units
(CPUs), by lowering energy consumption and facilitating the automation and intelligence
of production processes.

Robotic arms play a key role in enhancing production efficiency and product quality,
due to their precision and flexibility. They have been widely used as automation equipment
in the manufacturing industry. By integrating TinyML technology, robotic arms can perform
object recognition, classification, and manipulation precisely, without relying on cloud
computing or large data centers [2]. Tsai demonstrated the use of this technology using
real-time auditory recognition, which was successfully applied in bolt loosening detection
involving robotic arms [2]. TinyML technology expands the application scope of robotic
arms in manufacturing by improving production efficiency, reducing energy consumption,
and promoting resource reutilization.

Therefore, we integrated TinyML technology into robotic arms for efficient multi-
object recognition. The feasibility and benefits of this innovative technology were assessed
to reveal the potential of TinyML in enhancing the level of automation and intelligence
in manufacturing. The results enable new strategies to be developed for the process
transformation of the manufacturing industry. We developed a low-cost and low-power
image recognition system and deployed it on edge devices to apply TinyML in production
lines and provide an upgrade solution to existing technology. TinyML technology and
additional cameras enabled the real-time identification and positioning of target objects in
an automatic positioning system. By integrating data from surrounding sensors, the system
calculated the optimal grasping position, thereby enhancing the operational precision and
flexibility of the robotic arms.

In this study, we designed and implemented a reliable image recognition system,
using a low-cost camera mounted on the robotic arm, to achieve automatic positioning
functionality. Image processing algorithms were developed using TinyML edge devices for
the classification of various types of objects. Sensor data were used to accurately calculate
the optimal grasping position and improve the operational precision of the robotic arm. A
Socket communication-based system was used to provide stable and real-time control of
the robotic arm to enhance the automation and accuracy of the production process.

Using the developed system, the performance of existing manufacturing equipment
was enhanced through technological innovation, even in resource-limited conditions. Mod-
ern communication technologies and machine learning algorithms were used to upgrade
the equipment. The outcomes of this research provide a basis for the development of the
manufacturing industry.
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In this article, the research background, motivation, and objectives are introduced
in the first section. The results from a literature review on robotic arm control, image
recognition technology, and the current applications of and potential development of
TinyML in the manufacturing industry are described in Section 2. Section 3 provides a
detailed explanation of the system design concept, experimental setup, and data collection
and processing methods. The results and analysis are presented in Section 4, explaining
the development process of the image recognition model and the real-time control of the
robotic arm using Socket communication technology. Test data and performance evaluation
results are also provided. Section 4 of this article also provides the conclusion.

2. Methodology

The architecture and overall system workflow are illustrated in Figure 1. The hard-
ware includes sensors, edge devices, a Raspberry Pi (Raspberry Pi Foundation, Cambridge,
United Kingdom), and a robotic arm. During the preparation phase, all the hardware
components are checked in regard to their functions and activation. During the starting
phase, the object recognition model and initial images are prepared, while simultaneously
activating the edge devices to capture images and provide detection feedback. The Rasp-
berry Pi is used to control subsequent processes, acquiring data from distance sensors via
the general-purpose input/output (GPIO) connector to determine the height of the gripper.
The system processes the images captured by the edge devices for object recognition and
calculates the grasping path. Once the path calculation is completed, the robotic arm
automatically grasps objects, while its operations are recorded to ensure regular operation
is maintained. After each grasping, the object’s position, category, and grasping time are
recorded in the database. When all the objects along the path are grasped, the system
re-detects them, and the data in the database are visualized.

System Flowchart
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Figure 1. System architecture and operational flowchart.

During the process, the system continuously monitors the environment using sensors
installed at specific locations to detect potential hazards. For example, excessive rotation
angles beyond set limits, abnormal vibrations of the robotic arm, or excessively high
ambient temperatures are detected by the system. This ensures workplace safety and the
stable operation of the system.
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2.1. Hardware

In this study, Socket and Modbus communication technology is used to control the
robotic arms. As a standardized network protocol, Socket communication technology
provides stable and reliable data transmission, enabling the system to command the robotic
arm for precise operations in real-time after identifying and positioning objects. Modbus
communication technology is a widely used automation protocol in the industry, as it has
a simple and efficient design for connecting industrial equipment. By integrating these
two communication technologies, the system interacts effectively with various sensors and
actuators, allowing precise and flexible control of the robotic arm. This hybrid communi-
cation approach enhances the performance of robotic arms and provides an economical
upgrade solution for the manufacturing industry.

The SparkFun Edge development board, Apollo3 Blue (SparkFun, Boulder, CO, USA),
is used as the edge device, primarily due to its low power consumption design and its
compatibility with TinyML optimization. The ultra-low power characteristics of the Apollo3
Blue microcontroller limit its maximum power consumption to only 0.6 watts, making it
particularly appropriate for battery-powered devices. The development board has built-in
support for TensorFlow Lite in order for it to run small machine learning models efficiently.
Even in resource-constrained environments, real-time object recognition and inference
are enabled. The specifications of the SparkFun Edge development board are presented
in Table 1.

Table 1. Specifications of edge device development board.

Development Board

Features

SparkFun Edge (Apollo3 Blue)

Key Advantages

Low power consumption, built-in support for TensorFlow Lite

Processing Power

Moderate, optimized specifically for low-power consumption

Power Consumption

Extremely low, suitable for battery-powered devices

Maximum Power Consumption (Watts) 0.6 W (maximum)

Connection Method

Serial port connection, no built-in wireless capability

Special Features

Supports various power-saving modes, optimized for TinyML

Community and Support Relatively small, but focused on edge Al and ML applications
Suitable Scenarios Low-power portable devices, machine learning applications
Cost Moderate

Expandability Suitable for specific applications, not easily generalizable

Development Difficulty

Requires specialized knowledge to maximize its capabilities

2.2. Software

The object recognition model is compressed into a smaller model and deployed on a
Raspberry Pi for efficient and low-power operation. We combined TensorFlow and Edge
Impulse for model training and compression [3]. TensorFlow is used for model training,
while Edge Impulse is used for model optimization, generating a file format for edge
devices [4]. The deep learning capabilities of TensorFlow and the optimization features of
Edge Impulse for edge devices are seamlessly integrated.

During model training, a deep neural network (DNN) is used as it has strong learning
capabilities and efficient computational performance, which are appropriate for precise
object recognition and classification. After model training, the model is converted into
a format for efficient execution on the resource-limited Raspberry Pi device, using the
quantization and optimization tools provided by Edge Impulse. The data on the system
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operation are recorded in a database. MariaDB is used as it is lightweight, efficient, stable,
and performs well. It replaces the Microsoft SQL Server. Figure 2 illustrates an instance
when the MariaDB and Grafana v.10.3.0 servers run simultaneously.
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Figure 2. MariaDB and Grafana server operations.

3. Results and Discussion

Multi-sensor fusion and TinyML are used for the intelligent control of robotic arms in
this study. Using them requires the definition of a machine learning model. To establish
an object recognition model, we define objects to simulate a robotic arm’s operation. Four
shapes are assumed: a sphere (ball), a cube (cube), a ring (ring), and a triangle (triangle).
Functions are then designed to randomly reposition the objects across the working platform
and capture images. The random displacement values are set on the X, Y, and Z-axes,
and in regard to the rotation of six-axis movable joints. The values are defined as —80
to +200 mm, —150 to +150 mm, —100 to 0 mm, and —90 to +90°, respectively. A total of
690 images were captured as the dataset and labeled accordingly.

Labeling the images was conducted using Roboflow, which offers various training and
export formats and allows for the post-processing of images. It simulates images captured
with different image sizes, brightnesses, rotation angles, scaling, and masking. The images
were augmented by Roboflow for image resizing, brightness adjustment, and automatic
label rotation. A total of 90% of the images were used as the training set, while 10% were
used as the test set. A total of 621 images for training and 69 for testing were randomly
assigned by the system. After post-processing, the number of training set images increased
from 621 to 1848, which were then used for model training. The results on the performance
of the trained model are shown in Figure 3.

Modbus communication technology is used to read the real-time status of the robotic
arm and write the control parameters. A Modbus client is used to connect the robotic
arm and periodically read the data on the joint angles and speed. This is highly useful for
monitoring the operational status of the robotic arm and performing error diagnosis. Once
a Modbus connection is established, the status information of the robotic arm is obtained
by reading the values of specific registers. For example, the position of a particular joint is
monitored to check whether a specific action has been completed.
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Figure 3. Model testing results.

3.1. Experiment Results

The MariaDB database is used to record the system’s operational history. Grafana
is used to visualize the database data to monitor the visual recognition results and the
operational status of the robotic arm. Before generating visual charts with Grafana, the
relevant database parameters are configured by installing the database software, setting
up user profiles, creating databases, and creating tables. Subsequently, the Grafana and
database connection settings are configured in regard to the database address, connection
port, user credentials, target database, and tables. Then, visualization charts are created
based on the desired data fields. The fields recorded in the visual recognition results
database include the timestamp when recognition is completed, the object name, and the
object’s relative coordinates based on its origin. The recorded database tables are shown in
Figure 4.

Figure 4. Data recorded in MariaDB.

We designed an experimental procedure in which one, two, three, four, and five objects
are placed sequentially for testing. The experiment is conducted to assess various aspects
of the process, including the robotic arm connection time, initial image loading time, model
loading time, movement path, object type and quantity, register status, and grasping time.
The initial image refers to the state of the platform when no objects are present to determine
whether materials are placed correctly (Figure 5). For object classification functionality, we
setup an object placement area beside the working platform. Due to limited space, two
cardboard boxes are used to create four compartments. From left to right, the compartments
are designated for the following object categories: sphere, cube, ring, and triangle.
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Figure 5. Object placement for classification.

The movement path refers to the path taken from the starting position to grasp each
object, including the order of operations. The register status refers to the six-axis movement
state of the robotic arm, obtained through Modbus communication. Both the register status
and grasping time are visualized using Grafana charts. The register status is continuously
retrieved through Modbus communication, every 0.5 s after the system starts, and is
recorded in the “UR_Status_axis” table.

3.2. Explanation of the Experimental Outcomes

The results of the recognition and grasping process, along with the outcomes, are
summarized in Table 2. In the table, the experiment run numbers correspond to the number

“w o

of objects, and the number after the in each run number represents the multiplier mode
code. The average recognition time for the model is 7.6 s. For the target objects designed in
this research, the recognition accuracy reached 99% for all the objects, except for one which
shows an accuracy of 91.75%. The average grasping time per attempt is 14.6 s, reflecting
the stability of the robotic arm during operation. Insignificant variations are observed,

depending on the size of the object.

Table 2. Recognition and grasping process results after five experiments.

Run Number Recognition Time (s)  Target Category Recognition Accuracy (%) Movement Time (s) Grasping Result
1-1 8.272 cube 99.99 14.655 Success
1-2 8.248 cube 99.99 14.154 Failure
1-3 7.389 cube 99.99 14.159 Failure

ring 99.98 13.149 Success

2-1 7.287
cube 99.74 14.668 Success
ring 99.98 14.663 Failure

2-2 7.484
cube 99.74 14.174 Failure
cube 99.99 14.675 Success
3 7.387 ring 99.97 14.155 Success
ball 99.93 15.174 Success
ring 99.99 15.198 Success
triangle 99.98 14.161 Success

4 7.368
cube 99.98 15.182 Success
ball 99.95 15.679 Success
cube 99.99 15.159 Success
ring 99.99 15.170 Success
5 7.377 ball 99.94 15.179 Success
triangle 99.80 14.675 Success

cube 91.75 14.153 Success
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4. Conclusions

We enhance the multi-object recognition capabilities of robotic arms by implement-
ing real-time image processing and object recognition on low-power edge devices using
TinyML. By utilizing TinyML technology, we ran a lightweight Edge Impulse model on
resource-constrained edge devices for real-time image processing and multi-object recogni-
tion. This enabled the robotic arm to accurately identify and manipulate various objects
on the production line, significantly improving production efficiency and operational
flexibility. The developed system presents high recognition accuracy and speed, high-
lighting the potential of TinyML technology to enhance the intelligence of robotic arms.
TinyML technology demonstrates significant advantages in terms of saving computational
resources and energy consumption. The lightweight models developed operate efficiently
on low-power edge devices and perform complex computational tasks without relying on
large data centers. TinyML simplifies the model deployment process, allowing developers
to more quickly and conveniently apply machine learning models in real-world produc-
tion environments. The Edge Impulse platform quickly converts the trained models into
lightweight formats and deploys them onto edge devices on the Raspberry Pi device. This
process accelerates the model deployment speed and ensures the efficient operation of
the models in resource-constrained environments. The rapid deployment of the features
enables the system to quickly change the production environment and promptly update the
models in response to new production demands, thereby enhancing the system’s flexibility
and adaptability. The experiment results prove the successful application of multi-object
recognition and grasping using the UR5 robotic arm with various sensors and TinyML
technology for intelligent control. The average model recognition time was 7.6 s, with an
accuracy close to 100%. Each grasping action takes 14.6 s, demonstrating the stability of the
robotic arm. The results in this research highlight the potential of TinyML technology in
enhancing the intelligence and operational efficiency of robotic arms. The system provides
a basis for the intelligent upgrade of the manufacturing process. The feasibility of machine
learning models for application in low-power edge devices was verified, laying a practi-
cal foundation for further integration of machine learning and automation technologies.
Through the application of these technologies, more flexible and efficient production sys-
tems can be developed, advancing the manufacturing industry towards greater intelligence
and automation.
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