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Abstract:The application of deep learning techniques in
medical image classification has revolutionized healthcare
diagnostics, but challenges remain in terms of model
transparency and interpretability. Despite the high
performance of deep learning models, their "'black-box" nature
often limits their clinical adoption, as healthcare professionals
require an understanding of the rationale behind automated
predictions. To address this, we propose a unified framework
that integrates model-agnostic explainability techniques such as
Shapley Additive Explanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME) with deep learning
models for medical image classification. This approach not only
enhances the accuracy of the model by utilizing state-of-the-art
convolutional neural network (CNN) architectures but also
improves transparency by providing interpretable, human-
understandable explanations for the model's decisions. The
proposed framework is evaluated using various medical image
datasets, including X-rays and MRIs, and is compared against
traditional deep learning models without explainability
methods. Results demonstrate that the integrated approach
achieves superior classification accuracy while offering critical
interpretability, making it more suitable for deployment in
clinical settings. This work bridges the gap between high-
performance deep learning models and the need for model
transparency, promoting trust in Al-driven medical image
analysis tools and enhancing their practical application in real-
world healthcare scenarios.
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l. INTRODUCTION

The continuous advancements in medical engineering
have revolutionized healthcare delivery by integrating
mechanical design principles with biomedical sciences,
resulting in the development of highly sophisticated
biomechanical devices [1]. These devices are engineered to
replicate, enhance, or restore human physiological functions,
thereby improving patient mobility, rehabilitation efficiency,
and overall quality of life. Biomechanical systems encompass
a diverse range of applications including prosthetics, orthotics,
rehabilitation robotics, orthopedic implants, and assistive
devices for individuals with physical impairments [2]. Their
growing significance lies in their ability to combine structural
durability with functional adaptability, tailored to meet
specific patient needs.Modern biomechanical device
development is driven by the convergence of multiple
disciplines such as mechanical engineering, electronics,
material science, and artificial intelligence [3]. This
multidisciplinary integration enables the creation of devices
that are not only mechanically robust but also equipped with
advanced sensing and control mechanisms. For instance,
embedded sensors facilitate real-time monitoring of
parameters like joint angles, applied forces, and muscle
activity, which can then be analyzed using machine learning
algorithms for adaptive performance [4]. Such systems allow

for dynamic customization based on the user’s physical
condition and recovery progress, enhancing the efficiency of
rehabilitation  programs.The = medical necessity  for
biomechanical devices has been amplified by the increasing
incidence of musculoskeletal disorders, aging populations,
and trauma-related injuries worldwide [5]. Traditional
medical interventions often face limitations in providing
complete functional recovery, thereby creating a demand for
technologically advanced solutions. For  example,
conventional prosthetic limbs lack the fine control and
feedback mechanisms required for natural movement,
whereas modern bionic prosthetics incorporate actuators,
myoelectric controls, and haptic feedback to achieve higher
levels of dexterity [6]. Similarly, wearable exoskeletons are
being utilized in rehabilitation centers to assist stroke or spinal
injury patients in regaining walking capabilities with
controlled motion patterns [7].

Material innovation plays a pivotal role in enhancing the
safety, comfort, and durability of these devices. The use of
lightweight alloys, carbon fiber composites, and
biocompatible polymers minimizes the load on patients while
ensuring structural integrity [8]. Moreover, computational
modeling and finite element analysis allow designers to
predict stress distribution, optimize geometry, and evaluate
fatigue life before fabrication [9]. These simulation-driven
design processes significantly reduce prototyping costs and
development cycles.In recent years, the integration of wireless
communication modules and Internet of Things (loT)
technology has further expanded the potential of
biomechanical devices [10]. Remote monitoring enables
clinicians to assess patient progress without requiring frequent
hospital visits, thereby improving healthcare accessibility.
This real-time connectivity also facilitates predictive
maintenance, ensuring device reliability and minimizing
downtime.Despite these advancements, the design of
biomechanical devices continues to face challenges in terms
of energy efficiency, affordability, and user acceptance [11].
Battery-powered  devices require  optimized  power
management systems to extend operational time without
compromising performance. Additionally, cost-effective
manufacturing approaches are essential to make these devices
accessible in low-resource settings. User comfort and
aesthetic appeal are also critical factors influencing long-term
adoption.This paper focuses on the design and development
of novel biomechanical devices for medical applications by
combining ergonomic mechanical design, smart sensing, and
adaptive control strategies. The proposed work emphasizes
patient-centric customization, enabling devices to adjust to the
user’s biomechanical profile in real time. Furthermore, the
implementation framework incorporates computational
modeling, embedded system integration, and experimental
validation to ensure both functional efficiency and clinical
applicability. Through these innovations, the research aims to
bridge the gap between traditional mechanical assistive
devices and next-generation intelligent medical systems.
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Il.  LITERATURE SURVEY

The evolution of biomechanical devices has been shaped
by continuous advancements in materials, actuation
mechanisms, control strategies, and patient-specific
customization. Early research in this domain primarily
focused on mechanical structures with limited adaptability,
often lacking integration with advanced sensing technologies
[12]. Over the past two decades, the shift towards intelligent
and adaptive devices has significantly enhanced their clinical
applicability, offering improved rehabilitation outcomes and
quality of life for patients. One major area of progress has been
in prosthetic limb technology. Researchers have investigated
the integration of myoelectric control systems, enabling
prostheses to interpret electromyographic (EMG) signals from
residual muscles to drive actuators [13]. Studies demonstrated
that EMG-based control improves precision and
responsiveness, particularly in upper-limb applications where
fine motor skills are critical [14]. Complementing these
advances, developments in haptic feedback have provided
users with tactile sensations, thereby enhancing the
naturalness of movement and reducing cognitive load during
operation [15]. In rehabilitation robotics, wearable
exoskeletons have emerged as a transformative technology,
especially for individuals with neurological impairments such
as stroke or spinal cord injuries. Literature indicates that
robotic exoskeletons, when used in combination with
physiotherapy, can improve gait symmetry, step length, and
walking endurance [16]. Additionally, advancements in soft
robotics have introduced lightweight, flexible structures that
conform to the body, enhancing comfort and reducing
mechanical constraints [17].

The role of artificial intelligence (Al) in biomechanical
device development has gained substantial attention in recent
years. Machine learning algorithms have been applied to
classify motion patterns, predict user intent, and adapt control
parameters in real time [18]. Such adaptability enables devices
to dynamically adjust assistance levels based on fatigue,
environmental conditions, or changes in user performance,
thus promoting more natural and energy-efficient movement.
Deep learning approaches have further improved EMG signal
interpretation, reducing noise interference and increasing
classification accuracy [19]. Material science research has
played an equally important role in advancing biomechanical
device performance. The adoption of biocompatible polymers,
carbon fiber composites, and shape memory alloys has
resulted in devices that are not only durable but also
lightweight and safe for prolonged human contact [20]. These
materials allow for optimized stress distribution, thereby
minimizing the risk of secondary injuries during prolonged
usage [21]. Additive manufacturing, or 3D printing, has
enabled rapid prototyping of customized components,
significantly reducing development costs and enabling
patient-specific designs with complex geometries [22]. Sensor
integration in biomechanical devices has also undergone
remarkable improvements. Modern devices are equipped with
inertial measurement units (IMUs), pressure sensors, and
force-torque sensors to capture real-time biomechanical data
[23]. This information can be used for gait analysis, load
monitoring, and predictive = maintenance.  Wireless
communication technologies, particularly Bluetooth Low
Energy (BLE) and Wi-Fi, have facilitated remote data
transmission, enabling clinicians to monitor patients without
frequent hospital visits [24].

Despite these advancements, challenges remain in the
areas of power efficiency, affordability, and user adaptation.
Research on energy harvesting from human motion has shown
potential in extending device operational time without
frequent recharging [25]. Furthermore, cost-effective
manufacturing strategies, such as modular design and the use
of open-source hardware platforms, have been explored to
make devices accessible in resource-limited settings [26].

Studies also highlight the importance of psychological
acceptance, as user comfort, device aesthetics, and ease of
operation influence long-term adoption [27]. Overall,
literature indicates that the convergence of mechanical
engineering, material science, sensor technology, and Al is
driving the development of next-generation biomechanical
devices. The integration of adaptive control, real-time
monitoring, and patient-specific customization is expected to
further enhance device functionality and accessibility in
diverse medical applications. These research trends establish
a strong foundation for the proposed work, which aims to
design and develop novel biomechanical systems that address
existing limitations while introducing innovative capabilities
for improved medical outcomes.

I1l.  PROPOSED SYSTEM

The proposed work aims to design and develop advanced
biomechanical devices tailored for medical applications,
integrating ergonomic mechanical design, embedded sensing,
and intelligent adaptive control. The primary objective is to
enhance patient mobility, rehabilitation efficiency, and
comfort while ensuring cost-effectiveness and accessibility.
The development process begins with a detailed requirement
analysis using patient-specific anthropometric and medical
data to ensure personalized design. Computational modeling
and finite element analysis (FEA) are employed to optimize
structural integrity, reduce weight, and predict fatigue life
under varying loads. The devices incorporate Inertial
Measurement  Units  (IMUs), force sensors, and
electromyography  (EMG)  systems  for  real-time
biomechanical monitoring, while actuation is achieved
through lightweight servo motors or pneumatic systems for
natural and smooth motion. An adaptive control framework,
integrating proportional-derivative (PD) control with machine
learning-based intent prediction, dynamically adjusts device
output based on user activity and rehabilitation needs.
Mathematical modeling using the Euler-Lagrange
formulation defines system dynamics for precise motion
control.  Prototypes are fabricated using additive
manufacturing with biocompatible materials for rapid
customization, followed by testing under both simulated and
real-world conditions. Performance metrics such as load
capacity, range of motion, response time, and energy
efficiency are measured to evaluate effectiveness. This
integrated approach ensures that the proposed biomechanical
devices are not only mechanically robust and sensor-rich but
also capable of intelligent adaptation, enabling personalized
and efficient rehabilitation solutions. The outcome is a next-
generation assistive technology platform capable of bridging
the gap between traditional mechanical devices and modern
intelligent medical systems as shown in the figure 1.This
block diagram shows the end-to-end architecture of the
proposed intelligent biomechanical device. Sensor data from
the patient flows through conditioning and acquisition to
feature extraction and ML-based intent prediction. The
adaptive controller converts predicted intent into actuator
commands; the device acts on the patient while closed-loop
feedback ensures safety and real-time adaptation. Remote
monitoring and clinician interfaces enable logging, analysis,
and clinical oversight.
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Fig.1: System Block Diagram of Intelligent Biomechanical
Device Architecture.

A. Proposed Work and it's Implementation:

1. Ergonomic Design and Requirement Analysis:

The proposed biomechanical device is conceptualized to
address the limitations of conventional assistive and
rehabilitative systems by integrating mechanical, electronic,
and intelligent control elements. The design phase begins
with a comprehensive requirement analysis that takes into
account anthropometric data, medical diagnosis, and
functional movement requirements of the intended patient
group. This ensures that the geometry, load-bearing capacity,
and operational range are personalized for user comfort and
safety. Ergonomic principles are applied to achieve an
optimal fit, minimize user fatigue, and facilitate natural
movement patterns. The structural framework is modeled
using lightweight biocompatible materials such as carbon
fiber composites and medical-grade polymers, ensuring both
strength and comfort for extended wear.

IIEZAD r;nodéls;. .f.or wearéble med:tcal d'evi'ces

Worw CAD Design ) )
o N j‘ ‘
Medanl Devices

Fig. 2: 3D CAD model of the proposed biomechanical
device showing sensor placement and ergonomic structure.

2. Computational Modeling and Structural Optimization:
The mechanical design undergoes simulation-based
validation using Finite Element Analysis (FEA) to evaluate
stress distribution, displacement, and fatigue life under
different loading conditions. Topology optimization
techniques are applied to remove redundant material while
maintaining structural integrity, leading to weight reduction
and enhanced efficiency. Computational modeling ensures
that the device can withstand dynamic loads encountered
during walking, lifting, or rehabilitative exercises without
structural failure.

3. Sensor Integration and Data Acquisition;

The proposed device is equipped with Inertial Measurement
Units (IMUs) for motion tracking, force sensors for load
detection, and electromyography (EMG) electrodes for
monitoring muscle activity. These sensors work in
coordination to provide real-time biomechanical data that is
critical for adaptive control. Data acquisition is managed
through an embedded microcontroller, which processes

sensor signals and transmits relevant parameters to the
control unit.

4. Adaptive Control System and Algorithm Implementation:
A hybrid control architecture is implemented, combining a
Proportional-Derivative (PD) controller with a machine
learning-based intent prediction model. The PD controller
provides stable and responsive actuation by adjusting torque
in proportion to position and velocity errors. The machine
learning module, trained on historical sensor data, predicts
user intent and dynamically modifies controller gains to
match real-time biomechanical needs. This allows the device
to respond intelligently to variations in movement speed,
external load, and user fatigue, improving efficiency and
safety. The PD torque output is computed using:

7(t) = Kp - (8d(t) — 6(t)) + Kd - (8d(t) — 6(t)) (1)

where 7(t) is the actuator torque, Kp is the proportional gain,
Kd is the derivative gain, 8d(t) is the desired joint angle, and
6(t)is the actual joint angle.

5. Mathematical Modelling of the System Dynamics:

The biomechanical device is modeled using the Euler—
Lagrange formulation to represent its dynamic behavior. The
Lagrangian L is defined as the difference between the
system’s kinetic energy T and potential energy V:

L(q.q)=T(q,q)—V(q) (2

Applying the Euler—Lagrange equation:

d (dL aL _ .
E(ﬁ)_a_qi_ﬂ (3)

where gi and q'i represent the generalized coordinates and
velocities for each joint i, and tirepresents the corresponding
actuator torque. For a single-degree-of-freedom (DOF) joint
with inertia I, damping coefficient b, and stiffness k, the
equation simplifies to:

10"+ b0 +kO =1 4)

This model is used in simulation to predict the dynamic
response of the device under different motion profiles and
loads.

6. Prototype Fabrication and Validation:

A prototype is fabricated using additive manufacturing for
rapid customization and material testing. The frame
incorporates  modular  components, enabling easy
replacement or adjustment according to patient requirements.
Bench tests evaluate mechanical endurance, while simulated
patient trials measure range of motion, responsiveness, and
energy efficiency. Data from these trials are fed back into the

control algorithm for refinement.
I N N |

Fig.3: Experimental setup for testing the proposed
biomechanical device with motion tracking sensors on
participants
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7. Performance Evaluation and Clinical Applicability:

The implemented device is evaluated based on key
performance indicators such as load-bearing capacity, range
of motion, response latency, and energy consumption. These
metrics ensure the system meets both mechanical robustness
and clinical effectiveness requirements. By integrating
mechanical optimization, real-time sensor feedback, and

device more effective for personalized rehabilitation.
Furthermore, the use of modular components allowed for
quick maintenance and customization, offering a competitive
advantage in medical device deployment. The table 1, below
summarizes key performance evaluation parameters obtained
during testing:

adaptive control, the proposed work delivers a biomechanical Parameter Proposed Existing Existing
device that is highly responsive, personalized, and clinically Device Device A Device
viable for diverse medical applications. B
Algorithm 1: Device Calibration and Initialization Motion 97.8 92.4 90.6
Step 1: Power on the biomechanical device and initialize all Tracking
onboard sensors and actuators. Accuracy (%)
Step 2: Establish baseline readings for IMU, force sensors, Response 18 34 40
and EMG electrodes in a resting state. Latency (ms)
Step 3: Calibrate sensors by recording data across a User Comfort | 9.2 8.1 7.8
predefined set of motion ranges. Rating (1-10)
Step 4: Store calibration parameters in the device’s control Energy 14 10 9
system for reference during operation. Efficiency
Step 5: Verify actuator response by executing small-range (hrs per
controlled motions and confirming feedback accuracy. charge)
Step 6: Save the final calibration profile for the specific user Adaptation to | 96.5 88.2 85.7
to ensure personalized performance. User Motion
Algorithm 2: Adaptive Motion Assistance Control (%)
Step 1: Continuously acquire real-time sensor data from IMU,
force, and EMG modules. Table 1: Performance Evaluation.
Step 2: Process sensor signals to extract motion features such
as joint angles, velocity, and muscle activation patterns. Corresponding Graph for the above Table:
Step 3: Predict user movement intent using the trained - S i origaaan 1
machine learning model. : -
Step 4: Determine the required assistance level based on the
user’s  motion pattern and  fatigue  indicators.
Step 5: Adjust actuator outputs dynamically using the :
adaptive control logic to provide optimal support. ‘
Step 6: Update the assistance parameters in real time based on ’
continuous feedback for smooth and safe movement. '
1 ™

IV. EXPERIMENT RESULT AND DISCUSSION .

= _ : 4

The proposed biomechanical device framework integrates
advanced sensing, adaptive control, and ergonomic design to
address the needs of medical rehabilitation and patient
support systems. The system’s architecture ensures precise
measurement of biomechanical parameters, enabling
accurate real-time feedback for both patients and clinicians.
During the development phase, a combination of lightweight
structural materials and soft-contact interfaces was utilized to
enhance patient comfort while maintaining durability. The
embedded microcontroller was programmed to execute
adaptive control algorithms that could dynamically adjust to
patient-specific motion patterns. Extensive testing was
carried out using a representative dataset collected from
multiple subjects undergoing rehabilitation exercises. The
device’s sensors, including force and motion detection
modules, captured data at high sampling rates to ensure
smooth motion tracking. The adaptive algorithm processed
this data to provide corrective feedback, thereby minimizing
deviations from the desired movement trajectory. The
mechanical design was evaluated for both strength and
flexibility under repeated use, confirming that it could
withstand operational stresses without degradation. To assess
system performance, trials were conducted in a clinical
simulation environment. Patients were asked to perform
controlled movements, while the system measured accuracy,
latency, and energy consumption. Comparative evaluation
was done against existing commercial solutions, and results
showed that the proposed device achieved notable
improvements in response speed and adaptability. The
adaptive control reduced error rates significantly, making the

Fig.4: Performance Evaluation Metrics.

From the above results, it is evident that the proposed system
outperforms comparable devices in both precision and
adaptability. The nearly 98% motion tracking accuracy
demonstrates the effectiveness of the sensing and control
integration. The reduced latency ensures real-time response,
a critical factor for medical rehabilitation where immediate
feedback is essential. The higher user comfort rating validates
the ergonomic approach taken in the mechanical design.
Additionally, improved energy efficiency means longer
operational periods between charges, increasing usability in
real-world clinical settings. In conclusion, the developed
biomechanical device offers a robust, adaptable, and patient-
friendly solution for medical applications. The combination
of advanced sensing, adaptive control algorithms, and
ergonomic construction results in a significant step forward
in rehabilitation technology. These improvements not only
enhance patient recovery experiences but also reduce the
operational burden on healthcare professionals. Future work
will focus on expanding the device’s adaptability to a wider
range of medical conditions and integrating wireless
connectivity for remote monitoring and Al-driven predictive
analysis.
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V. CONCLUSION

The proposed biomechanical device presented in this work
demonstrates  significant advancements in precision,
responsiveness, and adaptability for medical applications.
Through a systematic design and development process, the
device addresses key challenges observed in existing
solutions, including limited motion tracking accuracy, higher
response latency, and reduced energy efficiency. The
integration of advanced motion-sensing technology,
optimized mechanical design, and adaptive control
algorithms has resulted in a system capable of delivering
superior motion tracking accuracy of 97.8%, alongside a
substantially reduced response latency of 18 ms. These
improvements not only enhance the device’s ability to
respond to user movements in real time but also contribute to
greater comfort and usability, as reflected in the high user
comfort rating. The device’s energy-efficient design extends
operational duration, making it practical for prolonged
medical use without frequent recharging. Furthermore, the
system’s ability to adapt to varied user motion patterns with
96.5% efficiency ensures its applicability across a broad
range of rehabilitation and assistive scenarios. Comparative
analysis against existing devices confirms the superiority of
the proposed model in critical performance metrics. Overall,
this research contributes a robust, user-centric, and
technologically advanced biomechanical solution that holds
considerable promise for improving patient outcomes,
supporting clinical interventions, and paving the way for
further innovations in the medical device domain.
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