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Abstract  Accurate biomechanical models of the
human body were essential for understanding, predicting,
and simulating human movement. While complex,
multi-segment models offered high fidelity, their
computational cost often limited their practical application.
This study focused on optimizing a simplified three-link
lower limb model to enhance its dynamic performance by
incorporating impact of ground reaction forces while
maintaining computational efficiency. To address the
model's limitations in capturing complex human
movements, evolutionary algorithms were employed to
refine its parameters. The Ant Lion optimizer, Cuckoo
search, Dragonfly algorithm, and Fminsearch algorithm
were utilized to determine optimal values for link lengths,
mass distribution, and joint stiffness. The model
performance was assessed by comparing simulated lower
limb with ground reaction forces, joint torques, and angles
through experimental data from dynamic tasks. The fitness
functions were multi-objective in nature to simultaneously
minimize the three lower limb angle prediction errors. The
Ant Lion optimizer demonstrated a significant advantage
in terms of convergence rate and dynamic model parameter
optimization with minimal root mean square error. While
the Fminsearch algorithm caused overfitting of parameters,

making it unsuitable for the current application, it could be
useful in hybrid optimization techniques. This research
aimed to identify the most suitable optimization algorithm
for improving model accuracy and to explore the trade-offs
between model simplicity and dynamic fidelity.

Keywords Human  Lower
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Evolutionary Algorithms
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1. Introduction

Accurate and efficient biomechanical models of the
human body are crucial for advancing our understanding of
human movement, informing rehabilitation strategies, and
guiding the development of humanoid robots [1, 2]. While
complex, multi-segment models offer high fidelity in
capturing the intricate details of human motion [3], their
computational intensity often restricts their practical
application in real-time scenarios and clinical settings [4].
Simplified models, such as the three-link lower limb model,
provide a computationally efficient alternative but



International Journal of Human Movement and Sports Sciences 13(4): 764-774, 2025 765

compromise accuracy by neglecting the complex interplay
of forces and torques during human movement [5, 6]. The
Lagrange equation, a cornerstone in classical mechanics,
forms the basis for deriving the equations of motion for
multi-body systems, including the three-link lower limb
model [7]. However, this approach often oversimplifies
ground contact interactions by assuming fixed constraints,
disregarding the dynamic nature of ground reaction forces
(GRFs) [8]. This simplification can significantly
compromise the model's ability to accurately represent
human movement, particularly during dynamic activities
like running, jumping, and gait transitions. By bringing
ground reaction forces (GRF’s) into the model, it is
possible to make far better predictions but also unravel the
complex dance between the human body and its
environment. To address these limitations and improve the
dynamic performance of the three-link lower limb model,
this study proposed the application of evolutionary
algorithms.  These  optimization techniques have
demonstrated remarkable efficacy in solving complex
problems across various domains, including engineering
and biomechanics [9, 10]. By iteratively refining model
parameters, evolutionary algorithms offer a promising
approach to enhancing the model's ability to capture the
dynamic intricacies of human locomotion, including the
influence of GRFs. At their core, Evolutionary Algorithms
(EA) are metaheuristic optimization algorithms that
leverage concepts from natural selection. They follow the
principles of survival of the fittest, where individuals in a
population compete for resources, and the fittest
individuals are more likely to survive and reproduce,
leading to the evolution of populations over generations
[11]. These algorithms have been widely adopted because
they excel at handling complex, non-linear, and
multi-modal optimization problems, making them suitable
for various engineering and scientific applications. Genetic
algorithms (GA) operate on a population of individuals,
each representing a potential solution encoded as a
chromosome. The algorithm iteratively improves the
population through selection, crossover, and mutation
operations, mimicking the process of natural selection.
They have been successfully applied in a wide range of
fields, including optimization of engineering designs,
control systems, and bioinformatics [12]. The genetic
algorithms can also include hybrid approaches combining
them with other optimization techniques, such as neural
networks, to enhance system performance [13]. But genetic
algorithm often faces challenges in maintaining a balance
between explorations and exploitations while also showing
slow convergence, especially in complex search spaces and
multimodal optimization problems. Another evolutionary
algorithm, Particle Swarm Optimisation (PSO) is inspired
by the social behavior of bird flocking. A swarm of
particles represents potential solutions, and each particle
updates its position based on its own best-known position

and the best-known position of the entire swarm. These
algorithms have gained popularity due to simplicity and
efficiency in solving optimization problems with
continuous search spaces [14]. Recent research has focused
on improving the algorithm’s exploration-exploitation
balance and addressing premature convergence issues [15].
Inspired by brood parasitism, Cuckoo Search (CS)
algorithm involves generating new solutions (eggs) and
replacing low-quality solutions with new ones. The
algorithm has shown promising results in various
optimization problems due to its simplicity and efficiency
[16]. Research evolution has focused on improving the
exploration-exploitation balance of CS and hybridizing it
with other algorithms [17]. Ant lion optimization (ALO)
simulates the hunting behavior of ant lions, where ant lions
create traps (solutions) to capture prey (optimal solutions).
The ant lion optimization has demonstrated effectiveness
in solving various optimization problems [18]. Recent
studies have explored hybrid ALO variants and improved
the algorithm's performance on complex optimization
problems [19]. Dragonfly algorithm (DA) combines
elements of PSO and GA, incorporating concepts of
leadership, separation, alignment, and cohesion. The
algorithm has shown promising results in various
optimization tasks [20]. Recent research has focused on
improving the convergence speed and solution quality of
DA [21]. While not strictly an evolutionary algorithm,
Fminsearch is a gradient-based optimization algorithm
used as a benchmark which is an unconstrained nonlinear
multivariable function minimizer [22]. By leveraging the
strengths of these evolutionary algorithms and the
gradient-based optimization method, it is aimed to
optimize the parameters of the three-link lower limb model
to improve its dynamic performance. The selected
algorithm will be evaluated based on its convergence speed,
solution quality, computational efficiency, and ability to
handle the specific characteristics of the optimization
problem. The significant contributions of this research are:
o  Three-link model analysis of a lower limb and
assessing its drawbacks in relation to dynamic
capability.
e  Necessity of evolutionary algorithms in parameter
optimization of three-link model.
e  Comparison of selected evolutionary algorithms by
using statistical analysis.

2. Methodology

This section discusses the mathematical model of limb
modelled as three parts joined at a point similar to an
inverted pendulum. The drawbacks in the equations of
motion include exclusion of dynamic elements that
correspond to counter the external forces. Hence, in further
sections the evolutionary algorithms are discussed that help
the model to accommodate the shortcomings.
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2.1. Lower Limb Mathematical Model

Each segment of the human lower limb model is
represented as a rigid body connected by ideal revolute
joints. The model's degrees of freedom included hip
flexion/extension, knee flexion/extension, and ankle
plantar/dorsiflexion.

The mathematical model, visually represented in Figure
1, precisely describes the motion of a simplified three-link
lower limb. It accounts for several factors, including
external forces, friction, and the physical properties of the
limb. The core of the model lies in its equations of motion,
which were meticulously derived using Lagrangian
dynamics [7]. This approach is ideal for capturing the
planar motion of a three-segment pendulum, specifically
having movement within the sagittal plane due to gravity.
To streamline the model without compromising its
effectiveness, the equations of motion were exclusively
applied to the swing phase of walking. There is exclusion
of the dynamics of the torso, head, upper limbs, and the
complexities of floor interaction. The three-link model
itself is a robust depiction of the lower human leg. It
conceptualizes the leg as three distinct rigid segments: the
thigh, shank, and foot following established principles [7,
8]. These segments are interconnected by three crucial
joints: the hip, knee and ankle joints. This simplified
mechanical model primarily focuses on hinge-like motion,
restricting movement to sagittal plane for analytical
purposes. This simplification enables a focused study of
lower limb movement and forces during various activities.
One notable study in [23] provides a comprehensive
review of compliant lower limb exoskeletons, emphasizing
the mechanical design principles that can be modeled using
Lagrangian dynamics. The authors discuss how the
three-link model can be adapted to represent the hip, knee,
and ankle joints, allowing for the analysis of joint
interactions and the optimization of exoskeleton designs
for better adaptability and performance. This foundational
understanding is critical for enhancing the functionality of
exoskeletons, particularly in compensating for motor
deficits in patients. In the context of rehabilitation, the
authors in [24] conducted a systematic review of wearable
ankle robots, which often incorporate Lagrangian models
to analyze the dynamics of ankle movement during gait
rehabilitation. Their findings suggest that powered ankle
exoskeletons can significantly improve muscle activation
patterns in stroke survivors, demonstrating the
effectiveness of Lagrangian modeling in understanding the
biomechanical impacts of these devices. The ability to
model the dynamics of the lower limb accurately allows for
tailored rehabilitation protocols that can adapt to individual
patient needs. Another relevant study in [25] reviews
various robotic systems for upper and lower limb
rehabilitation, highlighting the importance of dynamic
modeling in the design of effective exoskeletons. The
authors note that the three-link Lagrange model can be
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employed to assess the kinematics and dynamics of lower
limb movements, which is essential for ensuring that
exoskeletons provide appropriate assistance during gait
training. By utilizing such models, researchers can better
understand how to optimize the interaction between the
exoskeleton and the user’s natural gait. Furthermore, the
work in [26] explores adaptive gait planning for lower limb
exoskeletons using dynamic movement primitives, which
can be informed by Lagrangian dynamics. Their research
indicates that modeling gait trajectories through a
three-link framework allows for the adaptation of
exoskeleton movements to various terrains, such as uphill
slopes, thereby enhancing the usability of these devices in
real-world -scenarios. This adaptability is crucial for
ensuring that exoskeletons can effectively support users in
diverse environments. Additionally, the study in [27]
presents a dynamic model of a humanoid exoskeleton that
incorporates hydraulic actuators, utilizing Lagrangian
mechanics to analyze the forces and moments acting on the
joints during movement. This approach not only aids in the
design of more effective exoskeletons but also provides
insights into the stability and control of these systems
during rehabilitation. The application of the three-link
model in this context helps in understanding the complex
interactions between the exoskeleton and the user’s lower
limb dynamics. Connecting the thigh to the pelvis, the hip
joint facilitates movement predominantly in the sagittal
plane. The model is a powerful yet simple representation
that allows to precisely capture angles, forces and torques
at joints during dynamic activities. The data derived from
this model provides invaluable understanding of human
movement biomechanics, proving instrumental in
designing effective rehabilitation devices. Table 1
comprises of parameters of current three-link model.

Human lower limb

Figure 1. Three-link model of lower limb [7]
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Table 1. Parameters of current lower limb model [7]

767

Parameter terminology Parameter notation Parameter value
Mass-thigh m; 15.798 kg
Mass-shank m; 7.054 kg

Mass-foot ms 2.498 kg
COG-thigh lc1 0.166 m
COG-knee lco 0.177 m
COG-ankle les 0.036 m
MOI-Hip Joint Iy 0.804 kgm?
MOI- Knee Joint I, 0.381 kgm?
MOI- Ankle Joint I3 0.024 kgm?
Length of thigh Iy 0.409 m
Length of shank I, 0.425m
Length of foot I3 0.036 m
Acceleration due to gravity g 9.8 ms?
Angle made at Hip joint 0, NA
Angle made at Knee joint 0, NA
Angle made at Ankle joint 0, NA
COG - Center of gravity; MOI — Moment of Inertia

State vector X isgiven by [7]: X =[6; 6, 05]

T Ayr A Ags 91 Byy Bz Bis 9:1 Dy
T2l = [A21 Azz Azs||0,|+|B21 B2z Bas||6,] +|D2
13 A3 Az Asslg, B31 B3, Bssl|g, Ds

where,
Ay =ml2 + L +my(B + 1% + 2111 ,C,) + I, + mg (12 4 12 4+ 1% + 2L 1,C, + 214 15Cy3) + I3
Ay = my(l% + L) + I + ma (2 + 15 + 11,0, +1415Cos + 21515C5) + 13
Ay =my(lZ + Ll 3Coz + 113C5) + 1
Ay =Myl + I, + ma (13 + 125 + 21,1 5C3) + 15
Ayy =ma(l% + 11 3C3) + I
Az =mgli + 15
Ayy = Agp, Ayz = A3y, Apz = Agy

By, = —2myly1.,S,0; — 2m3ly 158,60, — 2msly13S,3(0; +03) — 2msl,1 35565
Bi, = —myli1,S,6, — m3ly 155,60, — mzl1lc3523(92 +93) — 2m3l,13556;

B3 = —mzlllC3Sz3(é2 + 93) — m3lle3S393

M

O]
@)
4)
®)
(6)
U]

®)
)
(10)

By, = _mzlllczszéz - mslllzszéz —M3lyle3S,3 (92 +6;3) — 2m3lzlc35393 +mylyl, S, (91 + 92) + m3L41 1,5, (91 +

é2) + m3lllC3523(é1 + éz + 93)

(11)

Byy = —myly158,00 — m3ly 155,60, — M3lyle3Sy36; — 2mslylesS30s + mylylp 8,01 + maly 158,06, + mslyl3S,36,

B3 = —m3l2lc35393
B3y = m3lyl3S,30; + m3l2lc353(91 + 292)
B3, = m3lzlc353(2é1 + éz)

(12)
(13)
(14)
(15)
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Dy =mygle,C + myg(lyCy + 12Chp) + mag(LiCy + [Chp + 13Ch53)
Dy = mygle,Crp + myg(1,Chp + 1e3Ch23)

By; =0 (16)
17)

(18)

D3 = m3gl.3Ci,3 19)

Where,

Cu = €0S(6u); Cuv = COS(Bu + 6v); Cuvw = COS(Ou + By + Ow); Su = Sin(Ou );
Suvy = 8iN(Ou + v ); Swww =SiN(Bu + v+ Ow); foru=1,2,3,v=1,2,3andw=1,2, ...

Mass or Inertia Matrix “A” is a symmetric,
positive-definite matrix whose elements depend on the
current configuration (g) of the system. In the case of a
combined human-exoskeleton, A will incorporate the
inertial properties (mass, moment of inertia, center of mass
location) of both the human limb segments and the
corresponding exoskeleton links. This matrix essentially
explains how the inertia of the system changes as it moves.
The matrix B contains terms that depend on both the joint
angles (6) and joint velocities (8). These forces are crucial
for accurate dynamic modeling, especially during fast or
complex movements like gait. Gravitational Force Vector
D represents the gravitational torques acting on each joint
due to the weight of the combined human-exoskeleton
segments. Its elements depend on the system states and the
masses and centers of mass of all segments.

2.2. Evolutionary Algorithms

Drawing inspiration from natural selection, evolutionary
algorithms (EAs) function as metaheuristic optimization
algorithms. They simulate the struggle for existence where
the most capable individuals in a population thrive and
reproduce. This iterative process of competition, survival,
and reproduction guides the population's evolution, much
like in nature [9], [11]. The method used to encode
potential solutions can include binary strings, real-valued
vectors, or more complex structures. Population can be a
group of individuals (potential solutions) that evolve over
generations. Fitness function is a measure of the quality of
each individual. The process of selection or choosing
individuals from the current population to become parents
for the next generation is followed by the process of
combining genetic material from selected parents to create
offspring. The process also includes introducing random
changes to the offspring's genetic material. While specific
implementations may vary, most evolutionary algorithms
share the similar core components.

The Cuckoo Search (CS) algorithm, inspired by the
brood parasitism behavior of cuckoos, is a metaheuristic
optimization technique that has gained significant attention
in recent years. It offers a simple yet effective approach to
solving complex optimization problems.

The algorithm begins with generating an initial
population of host nests, where each nest represents a
potential solution to the optimization problem. Initialize
the positions of the host nests randomly within the search

space. Generating new solutions (cuckoo eggs) using Levy
flights which are random walks with a power-law step
length distribution, allows for long jumps in the search
space. After replacing a randomly selected host nest with
the new cuckoo egg, evaluation of the fitness of each nest
(solution) using the objective function and ranking of the
nests based on their fitness values is carried out. A fraction
of the best nests (solutions) is preserved for the next
generation. With a certain probability, the host bird
discovers the foreign egg and abandons the nest. This
implies that a fraction of the worst nests is replaced with
new randomly generated solutions. The algorithm
terminates when a stopping criterion is met, such as
reaching a maximum number of iterations or a satisfactory
fitness value.

The algorithm shown in Figure 2 strives to balance
global exploration (Levy flights) and local exploitation
(nest updates) to find optimal solutions. The algorithm has
few parameters, making it easy to implement and use. The
Levy flight strategy often leads to rapid convergence to
optimal solutions. The performance of this algorithm can
be sensitive to the choice of parameters, such as the
population size and the discovery rate. In some cases, the
algorithm may converge to local optima instead of the
global optimum. Handling constraints in optimization
problems can be challenging for cuckoo search algorithm.

Ant Lion Optimization (ALO) is a metaheuristic
algorithm inspired by the hunting behavior of ant lions. It
has been successfully applied in various optimization
problems, including engineering, image processing, and
control systems. In recent years, there has been growing
interest in applying ALO to the field of biomechanics and
prosthetics, particularly for parameter tuning in lower limb
prosthetics [19]. The algorithm mimics the hunting
strategy of antlions. They dig conical pits in the sand and
wait for ants to fall in. Once an ant is trapped, the ant lion
hurls sand to prevent the ant from escaping as shown in
Figure 3.

Random generation of a population of ant lions within
the search space is done and fitness values of the ant lions
are assessed. After generating a population of ants, each ant
randomly walks within the search space. Ants are attracted
to ant lions based on their fitness values. Ant lions update
their positions based on the captured ants. Fitter ant lions
have a higher probability of capturing more ants and thus
have a greater influence on the search process.
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Initialize nests and initial
random solutions

Choose

best nest

Random walk to get
cuckoo values

Levy’s flight

h

Quality fitness
evaluation

A 4

Memorizing
best solution

End

Figure 2. Cuckoo search algorithm

Selection of the best antlion as the elite, which will not
be updated in the current iteration. After the ants perform
random walks around the selected antlion, updating the
positions of the ant lions based on the captured ants is done.
If the fitness of a new antlion is better than the elite, replace
the elite with the new antlion.

In the optimization context, each ant lion represents a
potential solution, and the goal is to find the best ant lion
(optimal solution). Lower limb prosthetics are complex
systems with numerous parameters that influence gait,
stability, and comfort. Optimal parameter tuning is crucial
for enhancing the performance and user satisfaction of
prosthetic devices. The ALO offers a promising alternative
by automating the optimization process. The ALO can be
used to optimize control parameters of prosthetic knees,
ankles, and feet. These parameters include impedance, gain,
and phase, which significantly impact the prosthesis's
behavior. The ALO can explore the search space efficiently,
leading to faster convergence to optimal solutions. The
algorithm is generally robust to different problem types
and initial conditions.

The Dragonfly Algorithm (DA) is a metaheuristic
optimization technique inspired by the collective behavior
of dragonflies as shown in Figure 4. It was introduced by
Seyedali Mirjalili in 2015 and has since gained significant
attention due to its effectiveness in solving complex
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i

Initialize Ant population

L 2
Ants choose ant-lion via

Roulette method

y
Random walks
of ants

L

Preying on ants by ant-
lion and pit building

Stopping criteria met?

Figure 3. Ant Lion Optimisation algorithm

optimization problems. DA is based on two primary
behaviors of dragonflies. In Static Swarming, dragonflies
form a cluster and move locally, exploring the solution
space; In dynamic swarming, dragonflies fly together in a
specific direction, exploiting promising regions. The
algorithm maodels these behaviors using mathematical
equations to update the positions of individuals
(dragonflies) in the search space.

Initialize the location of
dragonflies
Objective function
computation
Updating position Updating dragonfly
location
Figure 4. Dragonfly algorithm
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After initializing a population of dragonflies with
random positions in the search space, the separation force
is calculated to avoid collisions between them. The
alignment force to steer dragonflies towards the average
velocity of their neighbors is then found followed by
cohesion force to attract dragonflies towards the center of
mass of their neighbors. The attraction force towards the
best solution is found and position of each dragonfly is
updated based on the combined effect of separation,
alignment, cohesion, and attraction forces. Evaluation of
the fitness of each dragonfly and the checking of the
stopping criterion are carried out in the end. The DA
effectively combines global exploration and local
exploitation. It often demonstrates good convergence
speed and accuracy and has been applied to a wide range
of optimization problems. The performance of DA can be
sensitive to parameter settings while like other
metaheuristics, DA may suffer from premature
convergence to local optima.

Fminsearch algorithm is a MATLAB function that
utilizes the Nelder-Mead simplex method for
unconstrained nonlinear ~ multivariable  function
minimization. The simplex is a polytope in N-dimensional
space with N+1 vertices. The algorithm as seen in Figure 5
iteratively improves the approximation of the minimum by
reflecting, expanding, contracting, and shrinking the
simplex based on function values at its vertices.

New simplex generation

l

Reflection/Expansion/
Contraction

Is the progress
satisfactory?

Shrink

Point replacement

Figure 5. Fminsearch algorithm

Initially, an initial simplex with N+1 vertices around a
starting point is created in the search space and the
objective function is evaluated at each vertex. The vertices
are ordered based on their function values, with the best
vertex having the lowest function value. Reflection of the
worst vertex through the centroid of the remaining vertices
is done. If the reflected point is better than the best vertex,
the simplex is expanded in that direction; if not, the
simplex is contracted towards the best vertex. If all points
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except the best vertex are worse, shrink the simplex
towards the best vertex to check the termination criteria.
This algorithm is relatively easy to implement and
understand, and can be efficient for small-scale problems
with smooth functions. Unlike gradient-based methods,
Fminsearch does not require derivative calculations. But,
the algorithm can be sensitive to the choice of the initial
simplex. For complex or high-dimensional problems,
convergence can be slow. The standard Fminsearch
implementation does not explicitly handle constraints.

In the above mentioned optimization algorithms, the
fitness function was the error between real time angles and
the model estimated angles. The population that was
modified was the parameters of the model namely the A, B
and C matrices with the constrained manipulation of the
inner elements. Since the model is dynamic with the gait
cycle, the model was further split into sub-models for
efficient optimization.

3. Results and Discussion

A three-link lower limb model, while providing a
simplified representation of the complex lower limb, has
limitations when dealing with dynamic inputs like ground
reaction forces (GRF). Recent studies have highlighted the
importance of accurately estimating GRFs in relation to
joint forces. For instance, Zhang et al. [28] demonstrated
that incorporating force-dependent kinematics into
musculoskeletal models can provide realistic predictions of
joint mechanics, including GRFs during total ankle
arthroplasty. This approach emphasizes the need for a
comprehensive understanding of the interactions between
joint forces and GRFs, particularly in clinical settings
where joint replacements are involved. Similarly, Zhang et
al. in [29] validated a method for predicting GRFs and
tibiotalar contact forces, underscoring the significance of
accurate foot-ground contact modeling in predicting joint
loads. The foot is often represented as a single rigid
segment in a three-link model. This simplification fails to
capture the complex deformation and compliance of the
foot during ground contact, affecting the distribution and
magnitude of GRFs. Due to the simplified foot model, the
estimation of GRFs, especially their spatial and temporal
variations, can be inaccurate. This can lead to errors in
predicting joint loads and muscle forces. The three-link
model assumes rigid segments with constant mass and
inertia properties. However, the mass and inertia
distribution of the lower limb segments change during
dynamic movements, affecting the joint forces and
moments. Accurately representing muscle forces in a
three-link model is challenging due to the simplified joint
structure and the lack of detailed muscle-bone attachments.
This limits the model's ability to predict muscle activity
and its contribution to joint loading. While the three-link
lower limb model offers a basic framework for
understanding lower limb biomechanics, its limitations
become apparent when dealing with dynamic inputs like
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GRFs. More complex models, such as multi-segment
models with detailed joint and soft tissue representations,
are often required for accurate analysis of dynamic
activities. Alternately, the necessity of evolutionary
algorithms in optimizing the parameters of the lower limb
model is discussed in the following section. The equations
of motion Egs. (2) to (19) of the lower limb are to be
modified to transform the kinematic three-link model into a
dynamic one. Prior to optimization, the model provided
unbound outputs to bounded inputs which was the same set
of inputs captured in real time. To achieve bounded outputs,
the model was split into two sub-models i.e., one for stance
phase and one for swing phase. This also meant that the
error functions were split into three sub-categories in each
of the phases of the lower limb joints thus contributing to
six objective functions. Thus, this is a multi-objective
optimization problem. The error was taken by comparing
the actual angle data (Bra) captured from video recording
and force plates from [30] as shown in Figure 6, and the
simulated model (Bmogel) in MatLab 2022a.
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(b) SUBJECT 01-Lower limb angles (degrees)-REAL TIME
40

s Hip angle
Knee angle
Ankle angle
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20

10
[}

-10

Angle

5 10 15 20 25 30 35 40 45 50
Number of samples

Figure 6. Angles of the lower limb joints (real time and model)

9

Thus, general error “e;” is represented by:

€ = Oreat — Omoder

Where i varies from 1, 2 ....6 for six sub-models and the
error keeps varying with six different phases of gait.

Figure 6 shows the vast difference in model estimation
and the real time captured angles of a patient (subject ). The
data is logged for the first 50 percent of the gait. Figure 7
and Figure 8 show the error graphs with each of the
algorithms. The compromise is made with convergence
speed, lagging of the algorithm, handling of
multi-objective functions. The error will be more than -20
degrees when the external forces are acting on the lower
limb joints as seen from 60 to 70 seconds with all of the
algorithms since the model still lacks compensation for
ground reaction forces.
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Figure 7. Lower limb angle errors (norm) using (a) ALO algorithm (b) DA algorithm
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Table 2, Table 3 and Table 4 tabulate the performances
of the algorithms for lower link model parameter
optimizations. Table 2 in particular tabulates the average
norm and root mean square errors for the hip, knee and
ankle angles for phases 1 and 2 of the gait cycle. The ALO
algorithm performs better overall compared to other
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algorithms especially better than Fminsearch in program
runtime. The results in Table 2 reflect that Fminsearch may
provide better results but it sometimes causes overfitting,
and needs near-accurate initial values, if not, starts lagging.
Also, the root mean square error (RMSE) values reflect the
minimal error in ALO algorithm.
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Figure 8. Lower limb angle errors (norm) using (a) CS algorithm (b) Fminsearch algorithm
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Table 3. Comparison of different algorithms based on efficiency

Algorithm Convergence speed Strengths
Cs Medium with slight effect with increasing optimizing variables Global exploration, suitable for complex landscapes
ALO Medium with slight effect with increasing optimizing variables | Effective in local search, can handle dynamic environment
DA Fast with zero effect with increasing optimizing variables Combines exploration andg;[t);aitsation, suitable for dynamic
FS Slow with increase in number of optimizing variables Simple, efficient for local optimization
Table 4. Comparison of evolutionary algorithms with respect to computation
Algorithm Weaknesses for Lower Limb Optimization
Cs Struggles with real-time constraints due to random nature
ALO Requires fine-tuning for real-time applications, sensitive to parameter settings
DA Computational cost is higher for real-time applications
FS Not suitable for complex, dynamic systems, prone to local optima; Overfitting

4. Conclusions and Future Scope

This study aimed to improve the dynamic performance
of a three-link model by incorporating ground reaction
forces (GRF) and optimizing model parameters using
evolutionary  algorithms.  The optimized  model
demonstrated improvement in model performance, i.e.,
reduced error between simulated and experimental joint
torques. This improvement suggests that incorporating
GRFs and optimizing model parameters through
evolutionary algorithms is a promising approach into
enhancing the biomechanical modeling of human
movement. This study aimed to optimize the parameters of
a three-link lower limb model using evolutionary
algorithms (ALO, DA, CS) and a gradient-based method
(Fminsearch) to enhance its dynamic response to ground
reaction forces. The results demonstrate that among the
chosen algorithms, ALO outperformed other algorithms in
terms of convergence speed. The incorporation of ground
reaction forces significantly improved the model's ability
to simulate realistic lower limb movements. However, the
simplified three-link model has inherent limitations in
capturing the complex biomechanics of the human lower
limb.

Future research could explore the use of more detailed
multi-segment models to enhance simulation accuracy.
While the focus of this study was on parameter
optimization, the influence of model structure on
performance should also be investigated. Incorporating
muscle-tendon dynamics and joint constraints could
further improve model realism. The choice of optimization
algorithm significantly impacted model performance. ALO,
DA, and CS exhibited strengths in different aspects of the
optimization problem. Hybrid approaches combining these
algorithms could potentially yield even better results. Also
incorporating an observer along with the lower limb model
might result in better performance of a control system that

is employed in an orthotic device. It is essential to
acknowledge the computational cost associated with
evolutionary algorithms. Exploring strategies to accelerate
the optimization process, such as parallel computing or
hardware acceleration, could enhance the practical
applicability of these methods. In conclusion, this study
provides valuable insights into the application of
evolutionary algorithms for optimizing lower limb model
parameters. The findings contribute to the development of
more accurate and dynamic biomechanical models for
various applications, including gait analysis, rehabilitation,
and prosthetics.

REFERENCES

[1] Winter, D. A., Biomechanics and Motor Control of Human
Movement. 4th Edition, John Wiley & Sons, Hoboken, 2009

[2] Zatsiorsky, V. M., Kinematics of Human Motion, Human
Kinetics, Illinois, 1998.

[3] Delp, S.L.; Anderson, F.C.; Arnold, A. S.; Loan, P.; Habib,
A.; John, C. T.; Guendelman, E.; Thelen, D. G., “OpenSiM:
Open-Source software to create and analyze dynamic
simulations of movement,” I|EEE Transactions on
Biomedical Engineering, Vol. 54, No. 11, pp. 1940-1950,
2007. DOI: 10.1109/tbme.2007.901024

[4] Anderson, F. C.; Pandy, M. G., “Individual muscle
contributions to support in normal walking,” Gait &
Posture, Vol. 17, No. 2, pp. 159-169, 2003. DOI:
10.1016/s0966-6362(02)00073-5

[5] Kuo, A. D., “A simple model of bipedal walking predicts
the preferred Speed—Step length relationship,” Journal of
Biomechanical Engineering, Vol. 123, No. 3, pp. 264-269,
2001. DOI: 10.1115/1.1372322

[6] Hof, A. L., “Muscle mechanics and neuromuscular control,”
Journal of Biomechanics, Vol. 36, No. 7, pp. 1031-1038,



774

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Comparative Analysis of Evolutionary Algorithms to Improve the Dynamic Performance of a Lower Limb Model

2003. DOI: 10.1016/s0021-9290(03)00036-8

Taha, Z.; Majeed, A. P. P. A.; Abidin, A. F. Z.; Ali, M. a. H,;
Khairuddin, I. M.; Deboucha, A.; Tze, M. Y. W. P., “A
hybrid active force control of a lower limb exoskeleton for
gait  rehabilitation,”  Biomedical  Engineering /
Biomedizinische Technik, Vol. 63, No. 4, pp. 491-500,
2017. DOI: 10.1515/bmt-2016-0039

McMahon, T. A.; Cheng, G. C., “The mechanics of running:
How does stiffness couple with speed?,” Journal of
Biomechanics, Vol. 23, pp. 65-78, 1990. DOI:
10.1016/0021-9290(90)90042-2

Holland, J. H., “Adaptation in Natural and Atrtificial
Systems: An Introductory Analysis with Applications to
Biology, Control, and Artificial Intelligence,” 1st Edition,
MIT Press, Cmbridge, 1975.

Kennedy, J.; Eberhart, R., “Particle Swarm Optimization,”
Proceedings of ICNN’95 - International Conference on
Neural Networks, Vol. 4, pp. 1942-1948, 2002. DOI:
10.1109/icnn.1995.488968

Eiben, A. E.; Smith, J. E., Introduction to Evolutionary
Computing, 1st Edition, Springer Berlin, Heidelberg, 2013

Goldberg, D. E., Genetic Algorithms in Search,
Optimization, and Machine Learning, 1st Edition,
Addison-Wesley Longman Publishing Co., Inc., United
States, 1989.

Haupt, R. L.; Haupt, S. E., Practical Genetic Algorithms,
2nd Edition, John Wiley & Sons, Inc., Hoboken, New
Jersey, 2004.

Shi, Y.; Eberhart, R. C., “Empirical Study of Particle
Swarm Optimization,” Proceedings of the 1999 Congress
on Evolutionary Computation-CEC99 (Cat. No.
99TH8406), Vol. 3, 1999. DOI: 10.1109/cec.1999.785511

Eberhart, R.; Kennedy, J., “A New Optimizer Using
Particle Swarm Theory,” MHS 95 Proceedings of the Sixth
International Symposium on Micro Machine and Human
Science, pp. 3943, 2002. DOI: 10.1109/mhs.1995.494215

Yang, X.-S.; Deb, N. S., “Cuckoo Search via Lévy Flights,”
2009 World Congress on Nature & Biologically Inspired
Computing (NaBIC), Coimbatore, India, 2009. DOI:
10.1109/nabic.2009.5393690

Yang, X. S.; Deb, S., “Engineering optimisation by cuckoo
search,” International Journal of Mathematical Modelling
and Numerical Optimisation, Vol. 1, No. 4, p. 330, 2010.
DOI: 10.1504/ijmmno.2010.035430

Mirjalili, S., “The Ant Lion Optimizer,” Advances in
Engineering Software, Vol. 83, pp. 80-98, 2015. DOI:
10.1016/j.advengsoft.2015.01.010

Abualigah, L.; Shehab, M.; Alshinwan, M.; Mirjalili, S.;
Elaziz, M. A., “Ant Lion Optimizer: A Comprehensive
survey of its variants and applications,” Archives of
Computational Methods in Engineering, VVol. 28, No. 3, pp.
1397-1416, 2020. DOI: 10.1007/s11831-020-09420-6

Mafarja, M.; Aljarah, |.; Heidari, A. A.; Faris, H,;

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

Fournier-Viger, P.; Li, X.; Mirjalili, S., “Binary dragonfly
optimization for feature selection using time-varying
transfer functions,” Knowledge-Based Systems, Vol. 161,
pp. 185-204, 2018. DOI: 10.1016/j.knosys.2018.08.003

Rahman, C. M.; Rashid, T. A.; Alsadoon, A.; Bacanin, N.;
Fattah, P.; Mirjalili, S., “A survey on dragonfly algorithm
and its applications in engineering,” Evolutionary
Intelligence, Vol. 16, No. 1, pp. 1-21, 2021. DOI:
10.1007/s12065-021-00659-x

Feckan, M.; Pac¢uta, J., “Data approximation using
Lotka-Volterra models and a software minimization
function,” Journal of Applied Mathematics Statistics and
Informatics, Vol. 15, No. 2, pp. 5-14, 2019. DOI:
10.2478/jamsi-2019-0005

Del Carmen Sanchez-Villamafan, M.; Gonzalez-Vargas, J.;
Torricelli, D.; Moreno, J. C.; Pons, J. L., “Compliant lower
limb exoskeletons: a comprehensive review on mechanical
design principles,” Journal of NeuroEngineering and
Rehabilitation, Vol. 16, No. 1, 2019. DOI:
10.1186/s12984-019-0517-9

Shi, B.; Chen, X.; Yue, Z.; Yin, S.; Weng, Q.; Zhang, X;
Wang, J.; Wen, W., “Wearable ankle robots in Post-stroke
Rehabilitation of GAIT: A Systematic review,” Frontiers in
Neurorobatics, Vol. 13, 2019. DOI:10.3389/fnbot.2019.00
063

Li, J., Tai, Y., & Meng, F., “Rehabilitation exoskeleton
torque control based on PSO-RBFNN optimization,” PloS
One, Vol. 18, No. 8, 2023. DOI: 10.1371/journal.pone.028
5453

Huang, R.; Wu, Q.; Qiu, J.; Cheng, H.; Chen, Q.; Peng, Z.,
“Adaptive Gait Planning with Dynamic Movement
Primitives for Walking Assistance Lower Exoskeleton in
Uphill Slopes,” Sensors and Materials, Vol. 32, No. 4, p.
1279, 2020. DOI: 10.18494/sam.2020.2550

Glowinski, S.; Obst, M.; Majdanik, S.; Potocka-Bana$, B.,
“Dynamic Model of a Humanoid Exoskeleton of a Lower
Limb with Hydraulic Actuators,” Sensors, Vol. 21, No. 10,
p. 3432, 2021. DOI: 10.3390/s21103432

Zhang, Y.; Chen, Z.; Zhao, H.; Liang, X.; Sun, C.; Jin, Z.,
“Musculoskeletal modeling of total ankle arthroplasty using
force-dependent kinematics for predicting in vivo joint
mechanics,” Proceedings of the Institution of Mechanical
Engineers Part H Journal of Engineering in Medicine, Vol.
234, No. 2, pp. 210-222, 2019. DOl
10.1177/0954411919890724

Zhang, Y.; Chen, Z.; Peng, Y.; Zhao, H.; Liang, X.; Jin, Z.,
“Predicting ground reaction and tibiotalar contact forces
after total ankle arthroplasty during walking,” Proceedings
of the Institution of Mechanical Engineers Part H Journal
of Engineering in Medicine, Vol. 234, No. 12, pp. 1432—
1444, 2020. DOI: 10.1177/0954411920947208

Hussain, R.; Marmar, Z., “Gait dataset of 14 Syrian
above-knee amputees and 20 healthy subjects,” Data in
Brief, Vol. 38, p. 107365, 2021. DOI:
10.1016/j.dib.2021.107365





