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1. Introduction

Significant advancements have been achieved in
the development of anthropomorphic hands over
the past twenty vyears, leveraging new
technologies for both robotic and prosthetic uses.
Presently, various anthropomorphic hands are
available on the market.

Drawing inspiration from the human hand,
compliance and sensors have been incorporated
into robotic hands using multiple technological
approaches to enhance robustness by absorbing
external impacts and improving object grasping
and manipulation capabilities.

Elastic actuation has been implemented through
methods such as series elastic tendons,
compliant links made from steel layers, and
elastic joints, including both flexure-based and
spring-based designs [1-6].

Although the grasping abilities of robotic hands
are continuously improving and nearing human
performance, there remain gaps, particularly in
the dexterity of in-hand manipulation, especially
when dealing with deformable objects.
Enhanced in-hand manipulation enhances the
accuracy and efficiency of upper-limb functions,
as evident in human hands.

Recently developed fully-actuated hands, such
as the Shadow Dexterous Hand, the KITECH
hand, and the BCL-13, have shown some level
of in-hand manipulation dexterity thanks to
independently driven finger joints. However,
designing a fully-actuated hand is challenging,
primarily due to the complexity of integrating
numerous actuators.

Additionally, controlling such hands in
prosthetic applications is difficult given the
limited bandwidth of bio-signal interfaces
available for control.

Due to these challenges, researchers are shifting
their focus toward designing underactuated
hands, where fewer degrees of actuation are used
to control a greater number of degrees of
freedom (DOFs). Recent advancements have
demonstrated efficient grasping [4] and in-hand
manipulation by leveraging the elasticity of
underactuated fingers [7,8], thereby enhancing
the functionality of these hands.
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Notable examples of robotic hands with in-hand
manipulation capabilities include the iRobot-
Harvard-Yale (iHY) hand [5], the GR2 gripper
[25], the caging manipulation gripper, and the
Pisa/lIT SoftHand 2 [26].

The current paper aims to present a low-cost
design of hand prosthesis that works by EMG
signal, and it is controlled by an adaptive neuro
controller to have superior performance.

2. Material and methods

The present robotic hand prosthesis which is
called PARS includes 19 joints and is powered
by three motors. The assembled robotic hand is
shown in Fig. 1. In Fig.1(a), the connection of
tendons to the joints are illustrated. Each finger
(shown in  Fig. 2) includes three
flexion/extension joints made of compliant
rolling joints. The thumb is equipped with one
rotation joint, while the other fingers have one
abduction/adduction joint, all designed as
revolute joints.

The finger flexion joints use a curved shaped
contact surfaces held together by elastic
elements which is elastic string.

Each joint comprises a base link, a distal link,
two ligaments, and a tendon. The elastic
ligaments, which are attached to both the base
and distal links, along with the tendon, made
from the same elastic string, create the joint’s
multidirectional compliance.

By pulling the tendon, the distal link rolls on the
curved surface of the base link, when the tendon
is released, the elastic ligaments return the distal
link to its extended position, akin to a torsional
spring in a conventional pin joint.

This allows the joint to accommodate various
disarticulations, including backward and
sideways bends, twists, and dislocations.
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Fig. 1. (a) Robotic Hand PARS and its elements, (b)
EMG signal card, (c) Servomotor’s connections to the
Arduino

An Arduino Uno board is used as a controller,
and an EMG signal acquisition card is applied to
gather muscle signals. They are unveiled in Fig.
1(b) and Fig. 1(c), respectively.

2.1. Mathematical model

To present position of the finger’s tip, we need a
mathematical model. Refer to Fig. 2, the
coordinates of the endpoint of the fingertip is
computable by the following equation:

x = lycosB, + 1, cos(0; + 6;) + I3 cos(6; +

6, + 63) 1)
y = llsinel + lz Sin(Gl + 92) + l3 Sin(Gl +
6, + 63) (2)

Fig. 2. Tendon driven finger (first joint active, but
second and third joint are passive)

The free-body diagram of a robotic finger is
shown in Fig. 2. Each link of the robotic finger
phalanx can be considered as a pendulum model
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which is unveiled in Fig. 3 via one degree of
freedom.

Fig. 3. Single DOF pendulum model for exoskeleton

The Lagrangian formulation is stated below to
acquire a dynamic model:

Li=Ew —Ep

_d dLL-)
T = dt (déi

Where Ex and E, represent kinematic energy and
potential energy, respectively. They can be
calculated as follows:

3)

_dL;
de;

(4)

1\.2 1, 1
Eyi = (Eli) O +omirg + (G M),

Epi = gygim; + Mgy (5)

1 . 2 1 . 1 .
Eki = (Ell) 91' +5mil(2;i912 +5Mili2912
E,; = gcost;(lgim; + Ml;) (6)

Thus, the dynamic torque can be reached as:
Ti = (milGZ + Mlllz + 11)91 + b91 + (liMi
+ lGl-.ml-)gsinHi

The transfer function obtained in Laplace is as:

0its) _ !

Ts) g2+ B
(il + M7 +1)

G(s) =

(M Hgimy)g
(milg "+ M;I7+1)

()
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8:(s) = 7(s) X G(s) = 7(s) X —— (8)
By considering torque as the tension of string
“F” multiplied by the motor shaft radius of
revolution “r”’, we have:

1
52+4296.955+261.48

0;(s) = F(s)r x 9)

By considering bellow:
b = 2{w, =0.0083

(=05, w, =mglsinb

0=6.61

The required values of Eq. (7) are considered
from [22]. Thus, the relationship between
phalanx angle and actuated force by tendons is
obtained. The parameters are listed in table 1.

Table 1. List of parameters

PARAMETERS VALUE
B \ 0.0083
' \ 05
C \ 295.95
K \ 261.48

2.2. Controller design and simulation

Whereas robotic hand prosthesis is exposed to
many types of disturbances, an adaptive
controller is required to provide robustness and
stability with high accuracy [9 and 10]. To have
an adaptive controller that can change its
parameters regarding inputs and disturbances, a
neural network is selected due to its potential for
adaptability with various input signals and
disturbances.

Neural network controllers are particularly
beneficial in scenarios where traditional
controllers may struggle [11-13], such as
systems with complex, nonlinear dynamics or
systems with significant uncertainties.

Artificial neural networks (ANNS) are inspired
by the human brain's architecture, consisting of
interconnected neurons or nodes. Each neuron
processes input information and passes it to the
next layer, ultimately generating an output. The
basic structure of an ANN includes:

e Input Layer: The initial data input.
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o Hidden Layers: Intermediate layers that
perform calculations.
e Output Layer: The final output.

The ANN learns by adjusting the weights of the
connections between neurons using training
algorithms, typically through backpropagation,
to minimize the error between the predicted and
actual output [14].

Each neuron j receives input signals x; and
generates an output yi. The input to the neuron is
a weighted sum of the inputs plus a bias b;.

The neuron applies an activation function ¢ to
this input to produce the output:

yi = o) (11)
Common activation functions include the
sigmoid function, hyperbolic tangent (tanh), and
ReLU (Rectified Linear Unit). In this controller,
the hyperbolic tangent is used:
¢ (u) = tanh(u) (12)
A feedforward neural network with one hidden
layer can be represented as:

Yk = e Xjwjk 40(2 xijwji + bj) +by) (13)

Here:

wi;i and wy; are weights for the input-to-hidden
and hidden-to-output layers, respectively.

bj and by are biases for the hidden and output
layers, respectively.

2.2.1. Neural network controller

In the context of control systems, a neural
network controller aims to determine the control
input u(t) to drive a system's state x(t) to a
desired state xq(t) The neural network can
approximate the control law u(t) based on the
system's state and possibly its derivatives.

2.2.2. Control law

The control input u(t) is generated by the neural
network as follows [15 and 16]:

u(t) = e(Wop(Wyx(t) + by) + by)
Where

(14)
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X(t) is the state vector of the system.

Wi and W, are the weight matrices for the input-
to-hidden and  hidden-to-output  layers,
respectively.

b1 and b, are the bias vectors for the hidden and
output layers, respectively. ¢ is the activation
function.

2.2.3. Training the neural network

The neural network controller is trained using a
dataset of input-output pairs. The training
involves adjusting the weights and biases to
minimize a cost function J, typically the mean
squared error (MSE) between the desired output
ug and the network output u:

J =+ 2 (ug (D) — u(@®)? (15)
The backpropagation algorithm is commonly
used for training, which involves calculating the
gradient of J with respect to the weights and
biases and updating them iteratively:

a
Wji «— Wji -n aW]]’l’ (16)
9]

where n is the learning rate. The training step
should be done by proper samples in number and
validity [17].

Regards to stated benefits of the neuro
controller, the neural network with feed-forward
back propagation configuration is trained by an
error signal and control signal which is derived
from the PID controller. It includes 6 hidden
layers and 10 neurons in each layer (Fig. 4).
After the training process, it is used in Simulink
Software for evaluations (Fig. 5). The input of
neuro controller is error signal which is error
between output position and desired position.
The PD controller coefficients which are used in
training are K,=50000 and Kq=500. The primary
coefficients of PD controller are reached by
Ziegler- Nichols method, then neuro controller is
trained by that via offline technique.
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Fig. 5. The ANN used as a controller for the Hand
exoskeleton (a), the structure of used NN (b)

Results show that the Neuro controller is stable
when input is sawtooth signal (Fig. 6) or Sine
signal (Fig. 8). In Fig. 7, it can be seen its
accuracy to reach the desired value is higher than
PID.
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Fig. 8. Responses of the system by Sine wave

Moreover, Fig. 9 illustrates that the performance
of the ANN controller is higher than PID when
the system is exposed to the square signal. Fig.
10 shows it by zoom.
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Thus, this Neuro controller which is evaluated
by simulation assessment is implemented on the
experimental testbed.

3. Results and discussion

The fabricated robotic hand prosthesis and EMG
signal recorder are connected to the Arduino
board same as other efforts [18-20]. The
hardware  components—including  sensors,
microcontrollers, and actuators—were carefully
selected based on three key criteria: cost-
effectiveness, energy efficiency, andease of
implementation. This section outlines the
systematic integration process, covering:

Signal  Acquisition: High-sensitivity EMG
sensors capture muscle activity with minimal
noise.

Data Processing: Microcontrollers (Arduino
Nano) filter and amplify signals in real time.
Actuation Control: Precision motors translate
processed signals into mechanical outputs.

The workflow ensures low-latency conversion
(<50 ms) of neuromuscular signals to functional
movements, validated through bench testing.
These parts were selected based on their
reliability, availibility, and suitability for the
proposed application, forming the foundation of
an effective and responsive system.

. Arduino Uno: main controller for
processing EMG signals and leading motor
actuation.

. BlTalino (r)evolution Board: Captures
muscle activity by three electrodes

. Servo Motor SG90: Controls finger
actuations

. External 12 V Power Supply: Powers
the system and motors.

. Programmer USB-serial:  Facilitates

Arduino programming.

The EMG signal is processed by a code in the
Arduino card. The RHP is tested by a camera
recorder. The recorded movie is post-processed
by Kinovea Software. A pixel is marked on the
human fingertip and another one is marked on an
RHP fingertip. It is demonstrated in Fig. 11.
The position, speed, and velocity of RHP
fingertip and human fingertip are measured
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during flexion and extension. As can be seen in
Fig. 12, there is good convergence between RHP
and human fingertip in vertical position.

Also, a little bit of delay can be observed in this
movement. It shows the selected mathematical
model [21] is properly fitted.

1 —
(d)

Fig. 11. Tracking of flexion and extension of PARS

controlled by EMG signal at marked pixel; (a)

extension, (b) flexion, (c) extension, and (d) EMG

Signals in three electrodes installed on the wrist
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Fig. 12. Vertical position in RHP fingertip and human
fingertip

Furthermore, the total displacement of both
marked pixels is measured by software and is
unveiled in Fig. 13. The closeness between
values is high, and the trend of motion is in
common. Additionally, the speed and
acceleration of the marked point (pixel) are
measured at the human fingertip and RHP
fingertip and exploited in Fig. 14 and 15,
respectively.

As can be observed, the speed of RHP movement
is very close to the human fingertip. This issue is
reported in the other studies also [22-24].
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Fig. 13. Displacement in RHP fingertip and human
fingertip (a), speed (b), and acceleration of fingertip
at marked point (c)
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Fig. 14. Speed of fingertip at marked point: (a)
human, (b) RHP
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Fig. 15. Acceleration of fingertip at marked point: (a)
human, (b) RHP

The results of experimental tests show that the
response times of prosthesis is reasonable while
in other assessment this kind of video
measurements for evaluations were not used [22-
24]. In fact, they focused to force sensor
measurement of fingers and kinematic responses
are ignored [18 and 19], but current research is
studying accuracy in terms of motion
parameters.

4. Conclusions

In this study, the effectiveness of a lightweight,
simple, portable, and wearable cable-driven
hand robot was assessed. Initially, a
mathematical model was considered for PARS,
and Neuro controller was analyzed, and
fabricated. The PARS functionality was then
verified using a simulation.

The pilot simulation study demonstrated that the
suggested Neuro controller performance is
suitable for this application, capable of tracking
various desired joint trajectories.

Moreover, the experimental assessment shows
that the response time and trajectory of PARS
are common to the human hand. Besides, the
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speed and acceleration of PARS are fast as much
as the human hand in flexion and extension of
the finger. This research aimed to prove the
practicality of developing real tools for
assistance for disabled persons.

However, further modifications are needed to
enhance practicality. One crucial aspect is
ensuring creating a force sensor for that.
Nevertheless, a more advanced design could
potentially make all the hardware more compact.
Additionally, the system's control software could
be improved to offer more functionality. While
the Neuro control strategy presented here might
be effective for practical applications,
developing simultaneous position and active
force control methods could enhance the
system's performance in more complex tasks.
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