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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 Limb Model, 

Biomechanics, Dynamic Performance, Optimization, 

Evolutionary Algorithms 

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 
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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: 

● Three-link model analysis of a lower limb and 

assessing its drawbacks in relation to dynamic 

capability. 

● Necessity of evolutionary algorithms in parameter 

optimization of three-link model. 

● 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 

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. 

 

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

Parameter terminology Parameter notation Parameter value 

Mass-thigh m1 15.798 kg 

Mass-shank m2 7.054 kg 

Mass-foot m3 2.498 kg 

COG-thigh lC1 0.166 m 

COG-knee lC2 0.177 m 

COG-ankle lC3 0.036 m 

MOI-Hip Joint I1 0.804 kgm2 

MOI- Knee Joint I2 0.381 kgm2 

MOI- Ankle Joint I3 0.024 kgm2 

Length of thigh l1 0.409 m 

Length of shank l2 0.425 m 

Length of foot l3 0.036 m 

Acceleration due to gravity g 9.8 ms-2 

Angle made at Hip joint 𝜃1 NA 

Angle made at Knee joint 𝜃2 NA 

Angle made at Ankle joint 𝜃3 NA 

COG - Center of gravity; MOI – Moment of Inertia 

State vector X is given by [7]: 𝑋 = [𝜃1 𝜃2 𝜃3] 

{[

𝜏1

𝜏2

𝜏3

] = [

𝐴11 𝐴12 𝐴13

𝐴21 𝐴22 𝐴23

𝐴31 𝐴32 𝐴33

] [

𝜃̈1

𝜃̈2

𝜃̈3

] + [

𝐵11 𝐵12 𝐵13

𝐵21 𝐵22 𝐵23

𝐵31 𝐵32 𝐵33

] [

𝜃̇1

𝜃̇2

𝜃̇3

] + [
𝐷1

𝐷2

𝐷3

]                        (1) 

where, 

𝐴11 = 𝑚1𝑙𝑐1
2 + 𝐼1 + 𝑚2(𝑙1

2 + 𝑙𝑐2
2 + 2𝑙1𝑙𝑐2𝐶2) + 𝐼2 + 𝑚3(𝑙1

2 + 𝑙2
2 + 𝑙𝑐3

2 + 2𝑙1𝑙2𝐶2 + 2𝑙1𝑙𝑐3𝐶23) + 𝐼3       (2) 

𝐴12 = 𝑚2(𝑙𝑐2
2 + 𝑙1𝑙𝑐2𝐶2) + 𝐼2 + 𝑚3(𝑙2

2 + 𝑙𝑐3
2 + 𝑙1𝑙2𝐶2 +𝑙1𝑙𝑐3𝐶23 + 2𝑙2𝑙𝑐3𝐶3) + 𝐼3               (3) 

𝐴13 = 𝑚3(𝑙𝑐3
2 + 𝑙1𝑙𝑐3𝐶23 + 𝑙2𝑙𝑐3𝐶3) + 𝐼3                                   (4) 

𝐴22 = 𝑚2𝑙𝑐2
2 + 𝐼2 + 𝑚3(𝑙2

2 + 𝑙𝑐3
2 + 2𝑙2𝑙𝑐3𝐶3) + 𝐼3                              (5) 

𝐴23 = 𝑚3(𝑙𝑐3
2 + 𝑙2𝑙𝑐3𝐶3) + 𝐼3                                          (6) 

𝐴33 = 𝑚3𝑙𝑐3
2 + 𝐼3                                               (7) 

𝐴21 = 𝐴12, 𝐴13 = 𝐴31, 𝐴23 = 𝐴32 

𝐵11 = −2𝑚2𝑙1𝑙𝑐2𝑆2𝜃̇2 − 2𝑚3𝑙1𝑙2𝑆2𝜃̇2 − 2𝑚3𝑙1𝑙𝑐3𝑆23(𝜃̇2 +𝜃3) − 2𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3              (8) 

𝐵12 = −𝑚2𝑙1𝑙𝑐2𝑆2𝜃̇2 − 𝑚3𝑙1𝑙2𝑆2𝜃̇2 − 𝑚2𝑙1𝑙𝑐3𝑆23(𝜃̇2 +𝜃̇3) − 2𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3               (9) 

𝐵13 = −𝑚2𝑙1𝑙𝑐3𝑆23(𝜃̇2 + 𝜃̇3) − 𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3                              (10) 

𝐵21 = −𝑚2𝑙1𝑙𝑐2𝑆2𝜃̇2 − 𝑚3𝑙1𝑙2𝑆2𝜃̇2 − 𝑚3𝑙1𝑙𝑐3𝑆23(𝜃̇2 + 𝜃3) − 2𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3 + 𝑚2𝑙1𝑙𝑐2𝑆2(𝜃̇1 + 𝜃̇2) + 𝑚3𝑙1𝑙2𝑆2(𝜃̇1 +

𝜃̇2) + 𝑚3𝑙1𝑙𝑐3𝑆23(𝜃̇1 + 𝜃̇2 + 𝜃̇3)                                      (11) 

𝐵22 = −𝑚2𝑙1𝑙𝑐2𝑆2𝜃̇1 − 𝑚3𝑙1𝑙2𝑆2𝜃̇1 − 𝑚3𝑙1𝑙𝑐3𝑆23𝜃̇1 − 2𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3 + 𝑚2𝑙1𝑙𝑐2𝑆2𝜃̇1 + 𝑚3𝑙1𝑙2𝑆2𝜃̇1 + 𝑚3𝑙1𝑙𝑐3𝑆23𝜃̇1   

(12) 

𝐵23 = −𝑚3𝑙2𝑙𝑐3𝑆3𝜃̇3                                          (13) 

𝐵31 = 𝑚3𝑙1𝑙𝑐3𝑆23𝜃̇1 + 𝑚3𝑙2𝑙𝑐3𝑆3(𝜃̇1 + 2𝜃̇2)                                (14) 

 𝐵32 = 𝑚3𝑙2𝑙𝑐3𝑆3(2𝜃̇1 + 𝜃̇2)                                        (15) 
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𝐵33 = 0                                                     (16) 

𝐷1 = 𝑚1𝑔𝑙𝑐1𝐶1 + 𝑚2𝑔(𝑙1𝐶1 + 𝑙𝑐2𝐶12) + 𝑚3𝑔(𝑙1𝐶1 + 𝑙2𝐶12 + 𝑙𝑐3𝐶123)                  (17) 

𝐷2 = 𝑚2𝑔𝑙𝑐2𝐶12 + 𝑚3𝑔(𝑙2𝐶12 + 𝑙𝑐3𝐶123)                                   (18) 

𝐷3 = 𝑚3𝑔𝑙𝑐3𝐶123                                               (19) 

Where, 

𝐶𝑢 = cos(𝜃𝑢); 𝐶𝑢𝑣 = cos(𝜃𝑢 + 𝜃𝑣); 𝐶𝑢𝑣𝑤 = cos(𝜃𝑢 + 𝜃𝑣 + 𝜃𝑤); 𝑆𝑢 = sin(𝜃𝑢 );  

𝑆𝑢𝑣 = sin(𝜃𝑢 + 𝜃𝑣 ); 𝑆𝑢𝑣𝑤 = sin(𝜃𝑢 + 𝜃𝑣 + 𝜃𝑤); for u = 1, 2, 3, v = 1, 2, 3 and w = 1, 2, … 

Mass or Inertia Matrix “A” is a symmetric, 

positive-definite matrix whose elements depend on the 

current configuration (q) 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 (𝜃) and joint velocities (𝜃̇). 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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Figure 2.  Cuckoo search algorithm                            Figure 3.  Ant Lion Optimisation 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 

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 models these behaviors using mathematical 

equations to update the positions of individuals 

(dragonflies) in the search space. 

 

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. 

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 

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 Eqs. (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 (θreal) captured from video recording 

and force plates from [30] as shown in Figure 6, and the 

simulated model (θmodel) in MatLab 2022a. 

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

Thus, general error “ei” is represented by: 

𝑒𝑖 = 𝜃𝑟𝑒𝑎𝑙 − 𝜃𝑚𝑜𝑑𝑒𝑙

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. 

(a)                                                                          (b) 

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 

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. 

(a)                                                                         (b) 

Figure 8.  Lower limb angle errors (norm) using (a) CS algorithm (b) Fminsearch algorithm 

Table 2.  Comparison of performance of optimization algorithms 
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Where 1 corresponds to stance phase; 2 corresponds to swing phase 
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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 and exploitation, suitable for dynamic 

systems 

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. 
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