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Abstract: - Control of Objects from a remote distance became an important factor for mankind about decades ago. Since then there has
been a tremendous amount of improvements in the field of remote control. Once the “Internet of Things(IoT)” had been introduced,
remote control technology across various applications has also opted for this method of data transmission from device to device over the
internet. Through this work, a new way of controlling a robotic arm that can mimic/repeat human hand gestures and operate in a remote
location through the use of 10T technology is proposed. The robotic arm design involves generative designing for weight reduction over
a five end-effector model for cost and weight reduction purposes, also for the cause of hand gesture recognition a Neural Network has
been trained and implemented behind an application that has been completely programmed in python. As compared to traditional methods
of controlling a robotic arm the proposed method provides better cost efficiency, data transmission, data collection, and accessibility due
to the abundant availability of computers, and adaptability towards the growing technology.

Keywords: Remote control; Hand gesture recognition; Internet of Things; Robotic arm control; generative designing,
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I.  INTRODUCTION

Remaote control of robots through hand gestures has garnered significant attention in recent years due to its
potential applications in various fields [1-3]. This research aims to develop a novel method for remotely
controlling robots using simple hand gestures, focusing on a five end-effector right-hand robotic arm as a
demonstration model. This study integrates elements such as neural networks [4], deep learning (DL) methods
[5,6], Python programming [7], Internet of Things (IoT) [8-10], machine learning (ML) [11], graphical user
interface (GUI) [12], computer vision (CV), and Fusion 360 (integrated 3D modeling, CAD, CAM, CAE
software). All the code developed for this research are stored in the GitHub repository [13].

The goals of this research encompass both the user end and the receiver end. At the user end, the goal is to collect
a substantial amount of data being different hand positions and use it for transfer learning on a Neural Network
(NN). This NN is trained to recognize hand positions and integrated into a Python program with a GUI, helping
live predictions using computer vision techniques [14]. The predictions are then transmitted over the internet
via Firebase Real-Time Database, a cloud-hosted NoSQL DBMS by Google. At the receiver end, the goal is to
retrieve the transmitted data and employ it to control the robotic arm remotely. Additionally, weight reduction
of the robotic arm model is pursued through generative designing using Fusion 360.

This research draws upon a diverse range of prior studies and resources. 10T-based robotic arm designs
[15], gesture-controlled robotic arms [16], project-based learning examples [17], and image processing
techniques [18] contribute to the foundation of this work. Additionally, machine learning algorithms for big
data analytics [19], and 10T applications in robotic arm control [20] inform the method. The use of Python
programming [21], deep learning methodologies [22], and Fusion 360 for generative design [23] are essential
components of this research. These references, along with others cited in later sections, collectively support the
development and execution of the proposed method for remote robotic arm control.
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Il. RESEARCH METHODOLOGY
The proposed research work undergoes the following chronological order:
1. Training Neural Network
2. Dedicated Software and Remote Data Transmission
3. Design of Robotic Arm
4.  Data Retrieval and Robotic Arm Control

Initially collection of numerous data is required and pre-processing need s to be done. Then the neural network
should be trained and tested with the collected train and test dataset. After completion of proper training testing
of the neural network model, the proposed model is applied for live predictions. The GUI application will be
created with the designed neural network model in the background. Then the predictions need to be uploaded
to the internet. After successful completion of uploading the predictions, it needs to be retrieved from the internet
in a remote location. The data retrieval can be successful completed by building a prototype, i.e a robotic arm
with proper hand gesture control needs to be designed. The robotic arm can be 3D printed. The weight reduction
on solid parts of the robotic arm needs to be considered for effective outcome. Finally proper control system
needs to be designed for the designed and developed prototype.

I1l. DESIGN OF DEDICATED SOFTWARE MODELL FOR THE PROPOSED SYSTEM

Initially, data is collected and the training process for a Convolutional Neural Network (CNN) tailored
specifically for hand gesture recognition.

A. Data Collection and Pre-processing

The dataset used for training includes 30,000 grayscale images, each measuring 224 x 224 pixels, and being 20
distinct hand gesture classes. Pre-processing steps were applied to enhance feature extraction. These steps
included converting RGB images to grayscale, applying Gaussian blur to reduce noise, flipping images for
orientation differentiation, denoising, sharpening, and precise cropping to focus solely on the hand region.
Figure 1 illustrates this process with great accuracy.

DATA COLLECTION AND
PRE-PROCESSING

Figure 1. Collected Data and Classes

To predict all the hand gesture positions, there were 20 classes created and each class represents one hand
gesture position. The classes with their corresponding class numbers are depicted in Table 1.
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Table 1. Class Names and its associated Class Numbers

Class Class Name Class Class Name
Number Number
1 Hand_Closed 11 Thumb_Index
2 Index 12 Thumb_Little
3 Middle 13 Index_Middle_Ring
4 Ring 14 Middle_Ring_Little
5 Little 15 Thumb_Index_Little
6 Thumb 16 Thumb_Index_Middle
7 Index_Little 17 Index_Middle_Ring_Little
8 Index_Middle 18 Thumb_Index_Middle_Ring
9 Middle_Ring 19 Hand_Open
10 Ring_Little 20 Partial

As discussed earlier each class depicted above is populated with 1,500 data points(images) resulting in a total
amount of 30,000 images forming the whole train data set, and every image in the data set went through the
processing techniques. Figure 1 represents one data point from each class distributed over the whole data set.
The nomenclature used in this work represents a data point through the words “Index, Little, Middle, Ring,
Thumb, Hand_Closed, Hand Open, Partial”. The index, little, middle, ring, and thumb correlate to one finger
in our hand and represent its position as open; this can be viewed in Fig. 1 under category 1, a combination of
this with a “ ” is used to indicate different hand positions. Then the hand open(corresponds to category 5) and
hand closed(corresponds to category 0) correlate that either all the fingers are open or closed, and
partial(corresponds to category 6) is a particular case in which all the fingers are partially closed. Also,
throughout this work, a generalized indication ie. from 0 to 6 is used as categories to differentiate the number
of fingers in the open position, where 0 means no fingers are open to 5 means all fingers are open with 6 being
a particular case.

B. Training

Training used Google's Teachable Machine platform, employing transfer learning techniques with the
MobileNetV2 architecture. Due to computational constraints, the dataset was divided into two batches for
training. Each batch underwent separate training sessions to refine the model's ability to classify hand gestures
accurately.

C. Testing and Evaluation

Manual testing involved predicting hand gesture classes for 400 pre-processed images. Predictions were
organized into lists, showing the likelihood of belonging to specific classes. Evaluation of the model’s
performance is undertaken by analyzing the produced confusion matrix, additionally accuracy and loss of the
model over the course of learning is also used to understand its performance development.
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The Fig. 2 depicts the step involved in training the Neural Network with the acquired data while the Fig. 3,
represents the confusion matrix and Figure. 4 and 5 represents the Neural network and its performance over the
learning.

A confusion matrix is taken over 226 samples from each class to determine the performance of this classification
algorithm. Since MobileNetV2 is already pre-trained with a large data set it shows maximum performance,
other important predictive analytics such as accuracy, specificity, and precision are further calculated with the
True Positives(TP), False Positives(FP), True Negatives(TN), False Negatives(FN) that are obtained from the
confusion matrix.

/

T

T

I

I

(1.0.0.0.0,0.0.0.0, 0, T 0.0.0.0.0. CL 0,0]

?
i
]

-

(5]
E
H
H
H
H

Hll

PREDICTIONS AND ITS
RESPECTIVE POSITIONS

|

|
v

|

|

)

NN TRAINING AND
OUTCOMES /

\ | %
Figure. 2. Neural Network Training Process and Outcomes

One epoch is when the whole data set is passed forward and backward through the NN once, increasing the
number of epochs gradually increases the accuracy of the model yet leading to Overfitting, thus an optimal
number of epochs ie. 50 is used, and the accuracy per epoch is represented in Fig. 4, from 0 being minimum to
1 being maximum accuracy.

Loss in NN refers to the “Prediction Error”, and the method used to calculate the loss is called the “Loss
Function”, there are various optimization techniques used to reduce loss, here every time one epoch is performed
the loss reduces by a significant amount 12, this is represented in Fig. 5, as initiated by the first epoch the loss
dropped from 0.025 to near 0 which is negligible, hence further epochs also tends to reduce the loss while
increasing the performance by a very small amount.

The classes Hand_Closed and Index are considered, observing the values present in the confusion matrix, the
TP and TN for these classes are 226 and 226 meanwhile, the FP and FN are found to be 0 and 0, hence
calculating the accuracy using the below formula, the accuracy obtained is 1.0 which is considered as the best
accuracy.
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D. Dedicated Software and Remote Data Transmission

This section delineates the functionalities of dedicated software designed for real-time hand gesture recognition,
including the process of remote data transmission.
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1. Real-time Predictions

A Python-based program, empowered by the OpenCV library, orchestrates the capture of live video footage at
a smooth rate of 30 frames per second (fps). This footage undergoes meticulous processing, with each frame
subjected to the same pre-processing methods outlined earlier. The resulting frames, akin to data points in the
dataset, are aggregated and presented as a coherent video stream for user visualization.

2. Data Transfer

Following the real-time prediction phase, the next step involves uploading these predictions to an online
Database Management System (DBMS). Leveraging Google's Firebase DB real-time database, the predictions
are seamlessly transmitted to a remote location. Firebase DB eases data storage and synchronization between
publishers and subscribers, ensuring real-time access to the transmitted data.

To optimize data transfer efficiency, predictions are uploaded with a slight delay of 1 second. This delay
accounts for upload constraints between Firebase DB and the local machine, as well as the response time
required for downstream processes. Each prediction is uploaded in string format, optimizing storage efficiency,
with the size of each prediction estimated at 90 Bytes or approximately 8.6e” (-05) Megabytes.

3. Graphical User Interface (GUI)

To enhance user experience and accessibility, a Graphical User Interface (GUI) encapsulates the functionalities
of the real-time prediction system. Fig. 6 illustrates the graphical representation of the GUI, showcasing its
intuitive design and user-friendly interface.

RTMC-HG

AUTOMATE
(prev.)

INSIGHT

Figure. 6. Dedicated Software for real time prediction

The GUI comprises five intuitive buttons:

START (1): Initiates the live video capture, processing, prediction, and upload process, providing users with
real-time visualization of the video stream.

AUTOMATE (2): Replicates the prediction upload process at a predefined interval, leveraging internally stored
predictions generated during the live session.

AUTOMATE (prev.) (3): Like AUTOMATE, but utilizes predictions stored in a log.csv file for upload,
automating the process based on previously generated predictions.

INSIGHT (4): Generates a cluster map to visualize the intensity of each class in the predictions stored in the
log.csv file, aiding in identifying outliers and false predictions as shown in Fig. 7.
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STOP (5): Halts all running processes, including the application itself, and optionally creates a log.csv file from
internally stored predictions when used in conjunction with the START button.
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Figure. 7. Cluster map of the predictions

Additionally, the GUI incorporates visual indicators (6-8) to provide real-time feedback on the status of various
processes, including camera status, prediction upload status, and row number for prediction logging.

IVV. DESIGN OF ROBOTIC ARM

Designing and manipulating objects is a complex task that requires a high level of dexterity and precision. For
humanoid robots, this capability is particularly crucial as they are expected to safely interact with the
environment, including humans. To achieve this, significant efforts have been devoted to developing robot
hands or mechanisms that can emulate the dexterity and precision of human hands. However, successful design
and manipulation control also depend on the availability of suitable contact and force feedback. To address this
challenge, a robotic arm can be employed from a reliable source such as "InMoov", which has undergone weight
reduction to enhance its responsiveness to predicted hand gestures.

A. Optimization of Robot Weight

Based on the research, it is identified that an opportunity to optimize the design by reducing excess material on
solid objects. However, achieving this optimization manually can be quite challenging, especially without an
in-depth understanding of material properties, structural rigidity, and shape. To overcome this challenge, the
work is turned to Autodesk's Fusion 360 and its innovative tool, "Generative Design". By leveraging the power
of Al, machine learning, and cloud computing, Generative Design has enabled us to streamline the weight
reduction process while ensuring the structural integrity of the model is preserved.

B. Implementation of Generative Design

Executing generative design within Fusion 360 requires the initialization of several key components over the
model. These components are crucial for the process and include "Obstacle Geometry," "Preserve Geometry,"
"Loads," "Constraints," "Material and Manufacturing method," and optionally, "Starting Shape."
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<« Obstacle Geometry

Preserve Geometry

Figure. 8. Input Geometries and Generative Outcome

Obstacle Geometry is highlighted in "Red" and is assigned to objects within the model. These objects are
considered real-life constraints, guiding the Al's iterative design process to exclude these constrained models
from its modifications. Preserve Geometry, indicated in "Green," instructs the Al to optimize the design process
to always include this specific object in the final outcome, ensuring its presence and characteristics are
maintained throughout the iterations.

Loads are visually represented by blue arrows, and their direction signifies the direction in which loads are
applied to the model. Each arrow is associated with a magnitude, representing the amount of load applied to the
object.

Constraints, denoted by a lock symbol, serve to lock specific areas of the object, indicating that the object is
anchored or held in place within that particular region. There exists a relationship between loads and constraints,
with loads tending to deform the body while constraints work to maintain the object's position. Additionally,
the "Starting Shape," marked in "Yellow," is initialized. This serves as a foundational model from which the Al
commences its design process. The Starting Shape provides a basis for the Al to begin iterating and refining,
ultimately leading to the generation of the final optimized design.

Once all the above constants are initialized the Al starts its iterative design process and provides an n-number
of outcomes as shown in Fig. 8. Each outcome as shown in Fig. 9 is different from one another, among those
outcomes one or more suitable outcomes can be chosen for the further research purpose.

come 1 Structural Study 2 - Outcome 8
ged

3

s
Structural Study 1- Outcome 1 Structural Study 1- Outcome 8 Structural Study 2 - Outco Structural Study 2 - Outcome 8

Properties Properties Properties Properties

Figure. 9. Multiple generative design outcome
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Although Generative outcome has its perks to its finest, the output model is still not that suitable for
manufacturing since it has rough edges, uneven geometry, and a very organic design that are hard to
manufacture, hence the outcome of Generative design is used as a reference and optimized the existing model

in such way that it uses all the structural integrity data present in the outcome and reduces the excess material
wherever necessary as shown in Fig. 10.

8

Actual Generative
Outcome

Optimized Outcomes ]

Figure.10. Optimized Outcomes

When creating the final model, it is important to define both the material utilized and the type of manufacturing

process employed. In this instance, the "Additive Manufacturing” process is chosen for its capacity to deliver a
highly optimized outcome.

V. DESIGN OF DATA RETRIEVAL AND ROBOTIC ARM CONTROL

To control an Arduino Mega 2560 microcontroller, it is necessary to have a communication bridge between the
module that transmits the data and the one receiving it. Considering latency aspects, the approach to this problem
is to use two computers that send and receive the data over the internet, and then communicate the input data to
the microcontroller. The "pyserial," is used to send instructions and data to the Arduino Board. This allows the
microcontroller to process commands and efficiently handle incoming predictions with reliability.

@&

EY

ERIAL

Figure.11. Data Flow
A. Retrieval of Data

After transmitting data to the Firebase database, the next step involves receiving the data on the other end and
processing it for use by the recipient machine as shown in Fig. 11. However, since the data is transmitted as a
string, characters such as "[", "]", and "," are also considered elements of the predictions. To find which class
has a "1" in each prediction in the current state, it is necessary to parse the received predictions.
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To perfect the received data, unnecessary elements in the string are removed, and a new array is created having
only the useful values. This optimized array allows for faster and more efficient data processing, along with
improved data organization.

B. Design of Control System

Once the predictions have been pre-processed and are ready to be used, the next step involves building a control
system capable of effectively controlling the servo motors of the robotic arm using these predictions. To achieve
this, a circuitry that connects all the motors to a microcontroller is set up. The microcontroller is then supplied
with distinct functions that correspond to each received hand gesture prediction.

Figure. 13. Final circuitry for Arm control of the proposed system

To control the robotic arm, a circuit diagram, as shown in Fig. 12, is employed. In this setup, all the servo motors
are connected appropriately to the circuitry. Each signal input for the motors is then linked to specific PWM
ports (i.e., 8, 9, 10, 11, and 12) on the Arduino Board as seen in Fig. 13. This configuration ensures that the
microcontroller commands the signals to accurately control the robotic arm's servo motors after data processing.

Upon receiving a gesture prediction, the microcontroller instantly triggers the PWM signals for every servo
motor to perform the desired hand movement, ensuring seamless and precise manipulation of the robotic arm
movements.

To ensure that the servo motors perform the right tasks for different hand gestures, they are grouped based on
their functions. Each group of servos handles specific movements that collectively achieve the desired actions
for the hand gestures. The proposed overall data flow is represented in Fig. 14.
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Figure.14. Representation of proposed Overall data flow

For example, let us consider the task of performing the "index finger" operation. In this scenario, the motors
connected to the prosthetic fingers, except the index finger servo, should perform a 180-degree rotation to close,
while the index finger servo still is at a 0-degree position to keep the index finger open. This grouping and
coordination of servo movements allow for precise control of the hand gestures.

This principle applies to all other hand gestures as well. Each gesture has a corresponding group of servos that
are programmed to move in a synchronized manner to achieve the intended action. By organizing the servos
into functional groups and defining their specific movements for each hand gesture, the robotic arm can
accurately replicate a wide range of human hand movements.

VI. RESULTS & DISCUSSION

The final working model of the proposed system is shown below in Fig. 15. This prototype was finally
developed incorporating the software and hardware designs as discussed above. The robotic arm are 3D printed.
Once, the data is transmitted to the FireBase DB, the next step is to receive the data on the opposite receiving
end and to process the data so that the receiving machine can make use of it. Once the received data is parsed
the unnecessary elements in the string are removed, and a new array is created with the useful values in it which
can be used to process data faster and more efficiently, additionally having a better data organization in it.

e

= P
REMOTE \ REMOTE ACTIONS
PREDICTIONS

o

Figure. 15. Final Working Model
To provide commands to the Arduino Mega 2560 microcontroller which can process base C++ programming
language with special methods and functions (Arduino Language) while getting the predictions over the internet
using Python.

Hence, there is a necessity for communication between these two languages, hence the “pyserial” library is used
which encapsulates the access for serial ports in Arduino boards from python which can be essentially used for
communication.
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The research culminated in the successful development and deployment of a neural network (NN) model
capable of real-time hand gesture recognition. Leveraging the power of convolutional neural networks (CNNSs)
and transfer learning techniques, the model exhibited high accuracy in predicting hand gestures from live video
footage. The integration of a graphical user interface (GUI) facilitated seamless interaction and visualization of
the prediction process.

Furthermore, the implementation of Firebase DB facilitated the remote transmission of live predictions over the
internet. The efficient transfer of prediction data enabled real-time communication between the sender
(prediction system) and the receiver (robotic arm control system), the final working model is depicted in Figure
15 for visualization.

VIl. CONCLUSION

This study proposes an innovative process of remote control that uses the latest available technology, providing
distinct advantages over traditional robot control methods. The system is easily upgradeable, has low latency with
10T, utilizes MobileNetV2 for enhanced accuracy and robustness, and includes a GUI application for manual
correction of predictions and better visualization. This work has elaborated the process of remote control through
the latest technology available, also the proposed method shows its advantages when compared to traditional robot
control methods that are available. The key attributes of the proposed system are as follows; they can be easily
upgradeable meaning better adaptability towards future technologies. Due to the presence of 10T, the latency is
greatly reduced, hence providing a better response from the system, also making the system truly wireless. The
usage of MobileNetV2 which excels at computer vision problems makes the resultant application more accurate
and robust. Due to the GUI application, there is a possibility of a manual correction in the predictions that are being
uploaded, and also gives better visualization of the whole process. The future scope of this work is to make the end
robot mobile from stationary thus adding some additional functionalities to the application, such as not only
uploading pre- dictions of the hand gestures but also uploading other forms of inputs such as keypress in the laptop,
etc., Also, there is a need for better optimization of the application which requires additional time and resources to
make it more efficient, and reliable. Alternate systems can also be developed with the understanding of this system
that functions with the aid of a smartphone containing all the functionality of this proposed system making it easily
accessible as well as affordable to all. Future developments aim to enhance mobility, perfect efficiency, and broaden
accessibility to users.
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