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Abstract - Researchers increasingly employ evolutionary algorithms to tackle complex
robotics problems due to their ability to handle nonlinear dynamics. Robust solutions that
remain stable despite variations in design parameters are essential for decision-makers.
This study investigates Type I and Type II robustness approaches within constrained
many-objective optimization (MaOO) frameworks, which are rarely explored in humanoid
robotics. It focuses on optimizing the gait cycle of a 25 DOF NAO humanoid robot during
single- and double-support phases. The NSGA-III algorithm is employed to address
four conflicting objectives, such as minimizing power consumption, maximizing stability,
minimizing torque fluctuations, and reducing gait cycle time. A detailed comparative
analysis highlights the superiority of Type II robustness, offering better-distributed and
more convergent solutions in real-world scenarios with several constraints and variables.
Furthermore, the study examines the influence of gait parameters on objectives, enhancing
the understanding of humanoid robot dynamics and presenting a robust methodology for
similar complex challenges.
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1. Introduction

Humanoid robots have garnered significant attention in the research community due to their remark-
able similarity to human movement patterns, offering the potential for versatile assistance in everyday
environments [1]. Bipedal locomotion poses complex challenges due to its nonlinear dynamics and the
coordination of numerous degrees of freedom, making traditional optimization methods inadequate for
achieving stable and efficient gaits. The evolutionary multi-objective optimization (EMO) algorithms
have emerged as powerful tools for addressing these challenges in humanoid robots and other robotic
systems. EMO algorithms enable humanoid robots to achieve efficient movement, characterized by
low power consumption [2,3], improved stability [23], better trajectory optimization [4-6], path plan-
ning [7,8], and gait planning [2,/9,|10] on uneven terrains, thereby enhancing overall performance.
While existing research has made significant progress in multi-objective optimization for humanoid
locomotion, most of the studies focus on optimizing a limited set of two to three objectives, such
as power [3,5,11-17] and stability [3,4,/14,/17,/18], speed [9,/18], motor cost [18], minimum torque
changes [11], and jerk minimization [19] highlighting the necessity for a comprehensive optimization
approach that simultaneously considers more than three objectives. Since bipedal locomotion inher-
ently involves more than three competing objectives, it naturally falls into many-objective optimization
problems (MaOPs). These MaOPs introduce new challenges in algorithm design, visualization, and
practical implementation. Despite recent advances in humanoid robot locomotion, the application of
evolutionary many-objective optimization (EMaO) algorithms in this field remains largely unexplored.
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This research addresses this gap by solving an MaOP for the gait cycle of a 25 DOF NAO humanoid
robot using EMaO algorithms.

Emerging trends in EMO and EMaO algorithms have revolutionized complex problem-solving
in the field of robotics. These algorithms identify multiple non-dominated (ND) solutions, forming
a Pareto-front (PF) that balances conflicting objectives and offers decision-makers (DMs) diverse,
preference-driven options. However, when implementing these solutions to optimize robotics problems,
challenges arise. Small variations in design parameters like electrical component tolerances, external
forces, and motor control uncertainties can lead to unexpected results. DMs now seek robust solution
sets that remain stable even when minor changes occur in the decision variables. Researchers focusing
on these algorithms have mainly explored two types of robustness approaches, known as Type I and
Type II, to tackle the problems with multi- and many-objectives [20]. Robustness is essential in
these algorithms, as DMs require solutions that perform reliably despite uncertainties and parameter
variations, beyond just achieving an optimal PF. However, the use of these approaches in real-world
situations, particularly those with many objectives and several constraints, has been less explored.
This study integrates the Types I and II robustness methodologies into MaOPs and compares them
to advancing humanoid robot locomotion. This study prioritizes the robustness to ensure reliable
solutions to handle real-world uncertainties.

In addressing the challenges of many-objective robust optimization (MaORO) for humanoid loco-
motion, the current study focuses on the 25-DOF NAO humanoid robot, which has garnered significant
attention from researchers [16,21-26] due to its compact size, affordability, and software development
capabilities. The present investigation tackles a constrained MaOP that simultaneously addresses four
critical objectives: minimizing power consumption, maximizing stability, minimizing torque fluctua-
tions, and minimizing gait cycle time using the non-dominated sorting genetic algorithm IIT (NSGA-
III) [27-29]. The optimization process separately analyzes the single support phase (SSP) and double
support phase (DSP), incorporating arm movements to assess their impact on dynamic stability and
achieve a balanced gait. The aim is to prioritize robustness, evaluating Type I and Type II robustness
approaches to ensure that the solutions remain effective under parameter variations and uncertain-
ties. This study demonstrates NSGA-III’s efficacy in solving practical MaOPs, while equipping DMs
with insights into solution robustness for reliable performance. Furthermore, the selected optimiza-
tion problem serves as a challenging benchmark, similar to other complex engineering problems. As
a result, the proposed methodology can be readily applied to practical scenarios with comparable or
even greater complexity. This study not only contributes to advances in EMaO techniques, but also
provides valuable insight into the complex relationships between gait parameters and objectives.

The rest of the article is organized in the following manner: Section [2] presents a comprehensive
review of related work in bipedal locomotion, MaOO, and robustness in humanoid robotics. The
mathematical formulation of the gait generation problem is presented in Section [3| while the MaOP for
both phases is detailed in Section [4] respectively. Section [5] elaborates on the optimization approaches,
and Section [6] discusses the methodology employed to analyze Type I and II robustness. The results
are discussed in Section [7] Lastly, Section [8| provides concluding remarks.

2. Literature Survey

This section reviews studies on evolutionary computation and robustness in humanoid robotics. It
concludes by identifying research gaps and outlining the contributions of the present study.

2.1. Evolutionary Computation-based Studies

The application of EMO algorithms in bipedal locomotion has shown remarkable progress over the
past decades, particularly in addressing the challenges of energy efficiency and stability. Several
researchers have highlighted the utility of EMO algorithms in discovering energy-efficient trajectories
and stable bipedal gait cycles [2-4,/14,[17,30-32]. Gupta et al. [17] applied EMO algorithm to optimize
the gait cycle of a 25-DOF NAO humanoid robot, focusing on two conflicting objectives: power
consumption and dynamic stability. They modified the NSGA-II employing angle- and utility-based
methods to identify "knee” solutions within the Pareto front, aiding decision-making by reducing the



trade-off space to the most efficient solutions. Rajendra and Pratihar [2] addressed the challenge of
planning the leg movement of a biped robot on staircases while balancing the goals of reducing power
consumption and increasing the dynamic stability margin. Raj et al. [3] explored the trade-off between
dynamic stability and energy consumption to enhance the NAO robot’s gait cycle. Uno et al. [11]
observed minimal torque changes along with low energy consumption and found that, while energy-
efficient walking cycles closely resemble human motion, those with minimal torque changes exhibited
enhanced stability. Sanprasit [19] compared the effectiveness of four EMO algorithms in achieving the
desired trade-off between stability and jerk minimization for the robot’s walking path design. EMO
algorithms were employed in an optimal fuzzy tracking control approach to achieve stable walking
in bipedal robots [4]. Leng et al. |[18] addressed the intricate balance between speed, stability, and
motor cost, revealing inherent conflicts among these objectives. Similarly, Kulvanit et al. [9] applied
an EMO algorithm to accelerate the locomotion of bipedal robots, while Muni et al. [31] utilized the
EMO algorithm to refine the NAO robot’s navigational capabilities. The contributions of Vikas et
al. [16] and Maafi et al. [5] have been pivotal in advancing path planning and trajectory tracking,
focusing on coordination, obstacle avoidance, and energy efficiency. Liu et al. [33] contributed to the
development of multi-locomotion robots using an EMO algorithm. Researchers have utilized a diverse
range of EMO algorithms to address the dynamic performance in robotics.

It is clear from previous discussions that past research had primarily focused on optimizing two
to three objectives at the same time. Only a few studies have attempted to optimize more than
three objectives simultaneously in robotics applications. Russo et al. [34] considered four objectives to
determine the ideal geometrical proportions for the links of a 3-UPR parallel mechanism. Kiyokawa et
al. [35] developed a many-objective optimized semi-automated robotic disassembly sequences algorithm
based on NSGA-III for optimizing disassembly operations. They designed four objective functions
related to difficulty, efficiency, prioritization, and allocability, each aiming to minimize specific aspects
of the disassembly process. The research has shown that EMaO algorithms are effective in solving
complex MaOP in robotics. They have great potential for wider use in humanoid robotics. However,
their use in bipedal locomotion remains limited despite the remarkable versatility and effectiveness of
these approaches.

2.2. Robustness-based Studies

There is a growing interest among researchers in contributing to the development of various robotic
systems with the aim of enhancing their robustness to handle real-world uncertainties. This effort is
part of a broader research initiative dedicated to creating autonomous systems that are capable of
navigating and performing tasks amidst the unpredictable and complex conditions of the real world.
Recent advancements in robotics research have led to significant progress in areas such as robust
humanoid robot walking [36-45], robustness in search and rescue operations [46,/47], enhancing the
robustness of human-robot collaboration [48}49], robust trajectory optimization [41,50-54], robust
localization and mapping [55], robust analysis for the mechanism of a virtual monopedal [56], ro-
bust control for a robot [57-59], robust solutions for robotic task from optimization algorithms [60],
and robust task priorities [61]. These studies have focused on enhancing the robustness of robots
to perform reliably under various uncertainties, including sudden disturbances [40,/59], uncertain and
perceptually-degraded environments [47], motion classification noises [49|, variations in floor proper-
ties [36], complex and uneven terrain [37,38,43,48,|51], modeling errors [42,50,61], indoor and outdoor
industrial environments [55], real-world imperfections on performance [56], uncertain dynamic en-
vironment [53}|57], model discrepancies [42,/60], and inaccurate modeling of the robot-environment
interaction [524/58].

Researchers have developed diverse approaches to enhance robustness in bipedal locomotion. Ito
and Hasegawa [36] addressed the challenge of optimizing bipedal gait without relying on sensors, using
simulated annealing to account for random variations in floor properties and enabling stable walking
even with delayed actuator or sensor responses. Collette et al. [37] proposed an optimization-based
framework for humanoid posture control that considers both grasp and friction, handling external
disturbances and non-coplanar contacts to improve stability in challenging scenarios like climbing.
Yeganegi et al. [41,42] addressed the challenges of model predictive control under uncertainties, propos-



ing a two-level model predictive control framework with Bayesian optimization to determine optimal
cost weights for robust performance. Furthermore, [43] highlighted the importance of accurate state es-
timation, particularly velocity and height maps, in ensuring robust control of humanoid robots through
learning-based policies. These studies collectively demonstrate the significant progress in enhancing
the robustness of humanoid robots walking under various uncertainties. Gasparri et al. [48] addressed
the robustness of robot compliance in scenarios where interaction with the environment or humans
is unpredictable. They utilized robust optimization to determine the optimal level of compliance for
robots performing tasks under uncertain conditions.

The research on robust trajectory optimization has also seen significant advancements. Luo and
Hauser [50] tackled the challenge of robot trajectory optimization in the face of modeling errors,
introducing a method that combines robust optimization with parameter learning to manage uncer-
tainties in friction estimates, contact points, and actuator noise. Their robust time-scaling approach
calculates a dynamically-feasible, minimum-cost trajectory under frictional contact, ensuring efficient
task execution even with large modeling errors. Building upon this, Luke Drnach and Ye Zhao [51]
presented a risk-sensitive method for optimizing contact-implicit trajectories in unpredictable terrains.
They employed probability distributions to model terrain uncertainties and developed an Expected
Residual Minimization (ERM) cost approach. This led to the creation of trajectories that are resilient
to changes in the terrain, encouraging actions such as short and fast sliding movements or higher steps
to maintain distance from the uncertain terrain. The effectiveness of the ERM strategy is shown to
surpass that of the robust worst-case solution, as it yields control trajectories with inherent robustness.
Gkikakis and Featherstone [56] introduced a robust analysis method for optimizing the mechanisms
and behaviors of a virtual monopedal robot. Their approach accounts for real-world imperfections
by considering realistic models and modeling uncertainties as statistical distributions. This prevents
over-optimization and leads to robot designs that perform consistently and meet design expectations
despite real-world variations.

Jorgensen et al. [60] explored the use of optimization algorithms to find robust solutions for robotic
tasks, emphasizing the importance of parameterization and objective score selection. They highlighted
the RBFopt algorithm’s efficiency and its ability to focus the search in regions that generally yield
robust solutions. On the other hand, Char et al. [61] concentrated on optimizing task priorities
for whole-body control of humanoid robots through domain randomization. This technique ensures
that optimized solutions are viable in diverse working conditions, facilitating a successful transfer from
simulation to real-world application. These studies highlight the critical role of robustness in achieving
reliable humanoid robot performance under real-world conditions.

2.3. Research Gaps and Contributions

The literature review reveals several critical gaps in current approaches to bipedal locomotion opti-
mization. While DSP [2.|3,/62] is integral to maintaining steady locomotion, particularly at moderate
speeds [63], it has often been neglected in favor of SSP [64/68|, due to the transient nature of DSP
within the gait cycle. However, this research delves into both SSP and DSP of bipedal locomotion, due
to the different power and stability calculations inherent to each phase. Traditionally, DSP modeled
as a simple inverted pendulum [62]; such simplifications overlook the intricate kinematic structure of
humanoid robots. By analyzing DSP as two separate SSPs, this study offers a more detailed analysis
of the impact of multi-dynamic bodies on power consumption and stability, thereby providing a more
holistic understanding of each phase in the NAO robot’s locomotion. While previous research had
investigated diverse approaches to optimize bipedal robot gait patterns, the inclusion of lateral move-
ments in these studies has remained limited [2,[13,|68]. In contrast, this study explicitly incorporates
lateral movements into the gait planning process. Previous studies on NAO robots had predominantly
focused on maintaining a constant hip height [3]. However, this research expands the scope by exam-
ining hip height variations across three dimensions. While several studies had focused on maintaining
a constant hip height [3,/69] and constant velocity [69], only a few had investigated how changes in
forward velocity impact energy consumption [70]. In contrast, this study specifically investigates the
impact of transition velocities on power and stability, providing a more comprehensive understanding
of their influences on bipedal locomotion. Previous research had frequently neglected the role of arm



movements in gait motion, with only a few studies |12,40] examining arm movement during gait op-
timization across various walking phases. The comprehensive impact of arm movement on stability
remains underexplored. This study, however, addresses this oversight by examining the influence of
arm movements on dynamic stability. While numerous studies had concentrated on humanoid robots
with 7 DOF [65,/67,/68,/71], this study expands the scope by considering a humanoid robot with 25
DOF, providing a more detailed analysis of the robot’s dynamic behavior.

It is evident from the earlier discussion that there have also been limited studies on real-world
problems to demonstrate the robustness of MaOP in the gait cycle of humanoid robots. Therefore, to
bridge this research gap, a real-world problem focusing on gait generation for bipedal locomotion in
NAO humanoid robots has been considered. Studies of robust solutions that address highly constrained
MaOPs of humanoid locomotion are scarce. Moreover, building upon the foundational work of Gupta
et al. [21], which focused on power optimization for the NAO robot, this study adopts a holistic
approach by simultaneously optimizing many conflicting objectives. This research paves the way for
more robust and practical enhancements to NAO robot performance by optimizing these objectives
simultaneously, rather than treating them as secondary constraints.

3. Mathematical Formulation of Gait Generation Problem

The bipedal locomotion in humanoid robots involves synchronized leg movements, including SSP
and DSP [21] (refer to Figs. and [3). Both of these phases are mathematically formulated in
this section. The NAO robot is equipped with 25 DOF, and for the purposes of this study, all 25
associated lumped masses, as specified on the official website [72], have been taken into account
for the analysis of both the SSP and DSP. The lumped masses have a distribution of six per leg
and five per arm [73]. The last three lumped masses are allocated to the torso, neck, and head
parts. It is postulated that the friction during both the SSP and DSP is adequate to avert any
slippage. The Denavit-Hartenberg (DH) parameters [74] are utilized to assign coordinate frames to the
robot’s joints, facilitating the study of its motion. Prior research on the NAO robot has investigated
diverse methodologies [75-80] to solve the Inverse Kinematics (IK) challenge. The present study
employed IK solutions developed by Nikolaos et al. [75]. The field of inverse dynamics is concerned
with determining the joint torques necessary to produce a desired motion trajectory for the known joint
angles. Researchers had applied various methodologies to study the inverse dynamics [77,81-87]. The
Lagrange-Euler formulation [83],184)/88] is adopted to precisely compute the torques required at each
joint (7;) [89], using the equation 7; = S| Dicte + Som, S0 hicadepa + Ci for the NAO humanoid
robot, to facilitate the desired motion. Here, D;. denotes the inertia matrix, h;.q the coriolis forces,
and C; the gravitational forces. é; and qb,, represent the angular velocity and acceleration of the joint,
respectively. The terms @ and qbl represent the angular velocity and acceleration at the ith joint,
respectively.

The concept of the Zero Moment Point (ZMP) [90] is utilized to ensure dynamic stability as the
robot moves. The movements in the forward, lateral, and vertical directions are analyzed along the ,
y, and z axes, respectively. The ZMP must consistently be located within the boundary of the support
polygon to maintain the NAO robot’s dynamic stability. The ZMP is defined as the particular ground
point about which the sum of the moments due to forces becomes zero. The expressions for ZMP on
the = and y axes are given in Egs. and . Each symbol is used in accordance with its standard
definition [88].
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3.1. Single Support Phase (SSP) Scenario

Figs. |1| and a) depict the actual and kinematic representations of the NAO humanoid robot
in the SSP. The stride length is determined by the initial and final positions of the swinging ankle
symbolized by z; and xy. The stride length being the distance between these two points set at 0.12
meters. The maximum swing height, represented as S;"**, is achieved at the midpoint of the stride.
The step length is denoted as St,, while the hip height is defined by the parameter Zg. For the analysis
of SSP, the robot is conceptualized as a serial manipulator, initiating from the left foot and sequentially
integrating the seven distinct segments of the robot, ending at the right foot. The determination of the
ground reaction force’s magnitude and position is an important factor in bipedal locomotion analysis.

The robot’s combined Center of Mass (CoM) is computed using
the formula C' = Zi? mip; | Zzi? m;. where m; represents the
mass and p; € R3*! signifies the position of the CoM for the i-th
lumped mass. The rate of change of the CoM, C",‘ is obtained by
differentiating C, resulting in C' = S°\=7 m;p; /> it mi. The to-
tal momentum of the robot, denoted as P’, is equal to Z;ZL miP;.
The translational motion of the NAO robot is characterized by the
equation P’, which is defined as P’ = Y=V myp; = >t fi. Here,
fi represents the three-dimensional force vector acting on the i-th
lumped mass. The total external force exerted on the NAO robot,
symbolized as F, is the sum of all individual forces (3'=" f;). This
total force F' comprises two components: the gravitational force
(Mg) and ground reaction force (f), where M is the total mass
in kilograms and f € R3*! has components along the z, y, and z
axes. The force’s magnitude is indicated by R, and its direction is
illustrated in Fig. [2[(a). The point of application of this force deter-
mines the ZMP, depicted in Fig. [2|(b). The robot’s foot dimensions,
which provide context for its shape and size, are presented in Fig.
(¢). The ZMP’s minimum and maximum values are displayed in
Fig. 2 (d). Fig. 1. Single Support Phase

The Dynamic Balance Margin (DBM) [92], a positive metric, measures the minimum distance
between the ZMP and the boundary of the ground contact polygon. The computation of DBM,
which depends on the foot position and ZMP, is detailed in Egs. and @ for the = and y axes,
correspondingly.

(Xi+0.1)— Xzmp, if Xzymp € [Xi, Xi +0.1]

Xpem = § Xzmp — (X3 —0.05), if Xzpp € [X; —0.05, X;) (3)
0, otherwise
(Y; +0.04) — Yzup, if Yzup € [V, Y; +0.04]

Ypem = { Yzup — (Y; —0.04), if Yyup € [Vi — 0.04,;) (4)
0, otherwise

The trajectories of the hip, swinging leg, and arms are essential during the robot’s movement. These
trajectories are formulated through a series of cubic polynomial equations that outline the intended
motion patterns for the movements of the ankle, hip, and arms. The cubic polynomial equations and
their associated boundary conditions are detailed in Table (Sr. No. 1-7) during SSP. The boundary
conditions are used in determining the cubic equations’ unknown coefficients, which are crucial for
the precise planning and regulation of the robot’s movements in the ankle, hip, and arms during the
SSP phase. Figure 2| (a) illustrates the symbols employed in Table [l The IK process is then used to
determine the joint angles.
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Fig. 2. (a) A line diagram illustrating the trajectory of the Hip and Swing leg and the ground reaction
force R during the SSP. (b) ZMP and DBM Definitions (¢) Dimensions of the NAO robot’s foot. (d)
ZMP bounds during SSP: upper and lower limits denoted by superscripts H and L, respectively.
[X;,Y;] denotes the foot coordinates. (e) A schematic representation of the DSP, divided into two
SSPs, showcasing the ground forces exerted during each SSP. The combined ZMP is depicted within
the support polygon during DSP. (f) Minimum Xppys and Yppas values based on coordinates from
both feet and the ZMP. [X;, Y]] and [X,, Y,] represent the left and right foot coordinates, respectively.



The role of the humanoid robot’s arms is crucial in preserving dynamic balance throughout its move-
ment. Alterations in the configuration of the arms can significantly influence the robot’s overall
dynamic stability as it walks. Additionally, these changes can modify the torque demands on the
arms. This study takes into account the effects of arm configuration variations on dynamic stability
and torque requirements. This comprehensive approach ensures a thorough understanding of the in-
fluence that different arm configurations have on the robot’s movement, as well as their subsequent
effects on dynamic stability and torque demands. The Shoulder Roll angles are fixed at 0.26 rad for
the left arm and —0.26 rad for the right arm, while the Elbow Yaw angles are kept fixed at 1.5 rad
for the left arm and —1.5 rad for the right arm. The Wrist Yaw angles for both arms are maintained
at zero. To assess the impact of the arms on dynamic stability, the trajectories for the Shoulder Pitch
(4°P) and Elbow Roll (¢*7) joints are examined. These trajectories are defined by cubic polynomials.
Table [1| (Sr No. 6-7) details the four boundary conditions necessary to find the coefficients for the
arm trajectories.

3.2. Double Support Phase (DSP) Scenario

Fig. [3] shows the NAO humanoid robot during the DSP, character-
ized by both legs being grounded and offering stability to the robot.
In this stage, the right leg, which was previously in motion, touches
down, allowing the robot’s torso to shift its weight from the left to
the right leg. Fig. (e) presents the kinematic model of the NAO
humanoid robot throughout the DSP.

The analysis of the DSP was initially conceptualized by Rajen-
dra and Pratihar [2] as a combination of two SSPs. Their study
faced challenges in computing the combined ZMP for the entire
humanoid robot under concurrent ground forces from both SSPs,
which led to the introduction of the Virtual ZMP concept. This re-
search incorporates the methodology proposed by Gupta et al. ,
effectively resolving these challenges.

In this approach, the DSP is treated as two distinct SSPs.
Within the sagittal plane, X; and Xp denote the distances from
the vertical projection of the torso mass to the left and right foot,
respectively. Correspondingly, Y7, and YR represent these distances
within the lateral plane. The NAO robot is represented as a simpli-
fied model comprising 23 point masses, which includes six masses
for each leg, five for each arm, and one mass for the torso that also encompasses the neck and head
masses. The robot’s movements and dynamic stability are considered in both the sagittal and lateral
planes, with the robot achieving stability by distributing its weight across both legs during the DSP.
The first SSP includes the left leg, left arm, and torso, while the second SSP comprises the right leg,
right arm, and torso, allowing for an exhaustive analysis of the robot’s dynamics and stability during
the DSP.

The torso mass, mrorso, is divided between the lateral and sagittal planes, apportioned as mrorso, =
MTorsoY L, / (Y, +YR) for the left leg and mrorsop = MTorsoYR / (Y +YR) for the right leg. The external
force vector F' acting on the NAO robot is expressed as F' = [F, Fy, F. L)%, calculated similarly to the
SSP. The force components in the x, y, and z directions are depicted in Fig. (e). The force f,
ascertained during the SSP, is denoted by fr and fr for the left and right legs, respectively, with fr,
and fr having components [fz,, fr,. fr.]7 and [fr,, fr,. fr.]", respectively.

For ZMP calculations, where n is set to 12 (refer to Egs. and ), the value of myy.s is adjusted
based on the leg being analyzed m7,,s0, for the left leg and mzo 50, for the right leg. The ZMP’s
position (point p) for the entire model during DSP is determined by setting the x and y moment
components about point p = [py, py, p.]T to zero , resulting in p, = (pr, fr. + pszRz)/(sz +

fr.) and py = (pr, fr. + PR, fR.)/(fL. + [R.), With pp, = [pr,,pL,.PL.]" and pr = [pRr,, PR, PRr.]"
representing the positions of the ZMP. On flat ground, the p, component of p is considered to be zero

due to the absence of vertical displacement. The DBM during DSP is computed by determining the

Fig. 3. Double Support Phase



shortest distance between the ZMP and the boundary of the ground contact polygon in the z and y
planes, ensuring adequate dynamic stability. Fig. [2| (f) visually conveys the minimum DBM values
in the sagittal and lateral planes. Joint movements for both arms’ 1/°% and ¥ are planned into the
joint space during DSP analysis, with the remaining arm joints held constant as specified for the SSP.
The hip, swing leg, and arm trajectories are characterized by cubic polynomials, with the boundary
conditions for these trajectories detailed in Table [I| (Sr. No. 8-12).

4. Many-Objective Optimization Formulation

This section presents the objective functions and constraints involved during the SSP and DSP prob-
lems of the humanoid robots.

4.1. Objective Functions
4.1.1. Objective 1: Minimizing the average power consumption

The average power consumption (Payg), as a first objective function f;(x), for the j* joint over a cycle
time Tgqir is computed by multiplying the motor torque (7j(x)) with the angular velocity (¢;(x)), as
expressed in Eq. . Additionally, a value of K = 0.025 is assumed to account for heat loss [94].

L [ (0] + Kye?) a 5)

fi(x) = Zm

where x € X C R* is an x-dimensional decision vector with x = 13 for SSP and x = 12 for DSP.
These decision variables are described in detail in Sections [4.3] and including their respective lower
and upper bounds.

4.1.2. Objective 2: Maximizing the dynamic stability margin

In previous sections, the mathematical formulations have been explored for both the SSP and DSP,
along with various approaches for calculating the DBM (Xppgas(x)). Building upon the results, the
aim is to optimize the DBM to enhance stability during both SSP and DSP. The second objective is
expressed in Eq. (6). X

" Xppu(x)

f2(x) (6)

4.1.3. Objective 3: Minimizing the Fluctuation on Torque

The symbol A7/7*(x) signifies the torque fluctuations for the ith joint within the j** interval and is
considered as the third objective function, denoted by f3(x). A substantial value of f3(x) indicates
abrupt torque demands, which could potentially disrupt motion and risk motor failure. Contrary to
previous studies that have treated the maximum torque fluctuation for individual joint angles as a
constraint [2], this study observes that such fluctuations often occur at specific instances for certain
joint sets rather than uniformly across all joints. To mitigate this, the present study computes the
mean torque fluctuation across all joint angles within a cycle. By minimizing f3(x), the aim is to
reduce torque variations and prevent abrupt changes in torque, which are critical for the longevity
and reliability of the motors. A higher value of this objective could lead to motor overload due to
sudden torque demands. The objective function (f3(x)), as formulated in Eq. (7)), represents the
fluctuation of torque (771°).

falx) = mean(Ar (x)). (7)

4.1.4. Objective 4: Minimizing the Gait Cycle Time

Speed is a critical factor in humanoid robot locomotion. By maximizing speed, the robot ensures swift
movement while adhering to all constraints. Given that the step length remains fixed at 0.06 meters,
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minimizing the gait cycle time directly translates to faster locomotion. When the robot completes
its gait cycle in a shorter duration, it indicates an increase in pace. The fourth objective (fs1(x)) is
expressed in Eq. . The gait cycle time (7gait(x)) represents the duration required to complete one
phase. The hip, swing leg, and arm trajectories are defined using cubic polynomial equations, ensuring
smooth and synchronized motion, as detailed in Table [T} Specifically, the hip movement is governed
by Xg(t), Yu(t), and Zg(t), while the arm movements are controlled through ¢sp(t) and ¢rgr(t).
The initial and final times (¢; and ¢;) define the gait cycle duration, making 7gai; a direct function of
these parameters.

fa(x) = Tgait (x). (8)
4.2. Constraint Functions
This section outlines seven critical constraints that are integral to the robot’s functional performance.
Violation of these constraints could lead to undesirable robotic movements.
4.2.1. Constraint on Joint Violation Limit

It is imperative that the joint movements remain within their designated ranges to facilitate proper
locomotion. Constraints labeled as g1(x) and ga2(x) ensure that joint movements do not exceed these
limits.

g1(x) = ¢ (x) — ¢, >0, (9)
92(%) = Phue — ¢ (x) > 0, (10)
where ¢/ = —[1.14,0.38, 1.53, 0.09, 1.19, 0.39, 0.79, 1.53, 0.10, 1.18, 0.76 ], and

qﬁ%ax =[0.74,0.79, 0.48, 2.11, 0.92, 0.76, 0.38, 0.48, 2.12, 0.93, 0.39 17
Here, ¢/ . and ¢/naes denote the minimum and maximum joint rotations, respectively, for the j joint,
expressed in radians. The sequence begins with HipYawPitch and continues through the joints from
the hip to the ankle for both legs, as per specifications from the official website .

4.2.2. Constraint on Minimum Balance

The robot’s motion must exhibit dynamic balance in the
x and y planes throughout its walking cycle. A positive
DBM is required in both directions for each phase to pre-
vent instability. The constraints gs(x) and g4(x) enforce a
minimum DBM of 0.001 m in both planes, as given in Eqs.

and (12)).

93(x) = min(Xh g (x)) — 0.001 m > 0, (11)
91(x) = min(Yp gy (x)) — 0.001 m > 0. (12)

4.2.3. Constraints on Arms Movement

The optimization of arm movements is a critical factor in
enhancing the stability of humanoid robots. The 7 and
&R angles for both arms are considered during the opti-
mization process. Figure[d depicts these angles. Four decision variables are employed to control these
angles precisely. The design of the arms facilitates a coordinated movement that serves to counter-
balance the robot’s motion. During the SSP, the right arm is programmed to swing in the opposite
direction as the right leg moves forward. This action counteracts the central motion of the robot’s
body. Concurrently, the left arm is synchronized to move in the same direction as the swinging right
leg, creating a harmonious balance in the robot’s movements. To increase the dynamic stability mar-
gin, two more constraint functions have been added to ensure the correct movement in the desired
direction. These constraints denoted as gs(x) and gg(x) in Equations and (14), are designed

=

Fig. 4. Arms Movement
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to synchronize the arm movements with the leg movements, thereby enhancing the robot’s overall
stability. Violating these constraints could result in misalignment between the arm movements and
the swing leg, potentially compromising the robot’s dynamic balance.

_ inal initial

g5 (X> = gb?gf?oulderPiiEch(X) - (bll%l‘i:gulderpitch(x) Z 07 (13)
_ inal initial

96(x) = O ivnsrion (%) = B ron () = 0. (14)

4.2.4. Constraint on Average Dynamic Balance Margin

The average DBM in the y direction, denoted by g7(x), is crucial for maintaining a stability margin
of 0.02 m during SSP and 0.05 m during DSP. This constraint ensures dynamic stability is preserved
throughout the robot’s motion.

g7(x) = mngg%\/[ m — Ygg%/[(x) > 0. (15)

4.3. Single Support Phase (SSP) Scenario

The MaOP for the SSP is presented below. The objective functions and constraints have been defined
in the previous section.

Tér;énﬁlzge Pave ( refer to Eq. ),

1
minimize refer to Eq.
XGXQR13 XDBM ( q @ ) Y

minimize 71 ( refer to Eq. ),

XEXCRI13

minimize Tgqir ( refer to Eq. ,

xeXCRI3 8 ( @)

subject to Constraints g¢;(x) through gg(x) given in Eqs. (9) through (14)),

97(x) =0.02 m — Ygg%(x) >0, (16)

with zF = [ 0.20, -0.05, -0.05, 0.001, 0.001, -0.2, -0.2, 0.015, 0.4, 0, 1, 0.04, 0.2]7, and
2V =[0.31, 0.05, 0.05, 0.2, 0.2, 0.2, 0.2, 0.030, 4, 7/2, 2, 0.5, 1.5]7,

There are a total of 13 decision parameters in this scenario. x; represents the hip height, which
directly influences the robot’s stability and stride length. x5 and x3 correspond to the start and
end velocities associated with the hip height. These parameters control how smoothly the robot
transitions between different phases of the gait cycle. x4 and x5 denote the start and end sagittal
velocities, affecting forward and backward movements. These velocities impact the robot’s overall
speed and efficiency. xg and x7 represent the start and end lateral velocities, influencing side-to-side
movements. Proper lateral motion ensures balance during walking and turning. xg and zg are critical
for the robot’s swing phase. S;"**, the maximum swing height, determines how high the robot’s foot
lifts during each step. The duration spent in the SSP is controlled by zg. Additionally, the left arm’s
motion is captured by z19 and x11, representing the initial and final ¢5F angles. These angles dictate
the arm’s position during the gait cycle. Lastly, 212 and z13 denote the initial and final ¥*? angles
for the left arm. These angles influence the arm’s orientation and movement.
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4.4. Double Support Phase (DSP) Scenario
The MaOP is presented for the double support phase, as given below.

minimize {Pavg, 1/XDBM,Tﬁu°,’Tgait} ( refer to Eqgs. to ),
xEXCRI2

subject to the constraints g (x) through gg(x) given in Egs. (9) through (14)),
gs(x) = 0.05 m — Y18, (x) > 0, (17)

ol <z <4V,

with ' = [ 0.20, -0.05, -0.05, 0.001, 0.001, -0.2, -0.2, 0.2, 0, 1, -0.50, -1.50 |7, and

¥ =10.31, 0.05, 0.05, 0.2, 0.2, 0.2, 0.2, 2, 7/2, 2, -0.04, -0.2 ] .

In this DSP scenario, there are 12 decision parameters. Except for the maximum swing height, the
first seven and last five decision parameters remain consistent with those in the SSP scenario.

5. The Proposed Optimization Approach

The EMaO methodology, specifically the NSGA-III algorithm, has been employed to solve the SSP
and DSP problems of the NAO humanoid robot for four conflicting objectives: minimizing Pay,,
maximizing Xppgys, minimizing 78, and minimizing Tgait- Solving MaOPs using EMaO algorithms
necessitates achieving ND solutions that exhibit two crucial goals: 1) obtain ND solutions with high
convergence and 2) preserve a diverse set of solutions with a uniform distribution that covers dif-
ferent regions of the solution space. However, maintaining diversity alongside securing a converged
Pareto-optimal (PO) front becomes increasingly difficult in high-dimensional problems. The NSGA-III
algorithm [27] outperforms its predecessor, NSGA-II, in MaOPs by effectively preserving diversity and
ensuring convergence |20]. This enhancement stems from using uniformly distributed reference points.
NSGA-IIT enhances the offspring creation process by selecting ND solutions near reference vectors in
each generation. This facilitates a more diverse solution set. NSGA-III's adaptability to constrained
MaOPs was extended in [28]. Five independent runs of the NSGA-IIT algorithm are conducted to
ensure high confidence in the optimality of the solutions obtained. For both SSP and DSP, distinct
MaOPs have been formulated to optimize all four objectives simultaneously. However, before optimiz-
ing these objectives simultaneously, ensuring that they contradict each other is essential. Therefore,
initially, a single-objective optimization (SOO) of these four objectives, taken one objective at a time,
was performed using a real parameter Genetic Algorithm (GA). The trade-off among these objectives
is visible, as presented in Table

Optimizing a single objective at a time for a robot’s gait could lead to trade-offs that may not
be desirable. For instance, a robot walking at a slower speed with the higher hip height and lower
swing height would consume less power. However, a lower hip height with a negative slope and higher
swing height could improve stability. When power consumption was reduced, arm movements were
not significant, but they moved significantly to increase stability. To maintain the higher stabil-
ity, the torque fluctuation was very high, leading to increased power consumption. Although power
consumption changes with torque fluctuations, when torque fluctuations were minimized, the power
consumption was slightly higher, with the moderate stability. When power was minimized, the torque
fluctuations were moderate, but stability was poor as the robot walked very slowly. Similarly, when
the gait cycle time was minimized, the torque fluctuations were moderate, but power consumption
was higher, as the robot was walking at a high speed. These observations indicate that the objectives
of power consumption, DBM (stability), torque fluctuation, and gait cycle time were contradictory to
each other. Optimizing one objective at a time might lead to undesirable trade-offs in the other objec-
tives. Therefore, it is essential to consider these four objectives simultaneously in a MaOO framework
rather than optimizing them as separate single-objective functions. This approach would ensure a
more balanced and efficient solution.
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Table 2: Single-objective optimization results using a GA.

Decision

Variables Gait Parameters Unit
h 0.31 0.24 021  0.20 m
vZ —0.002 —0.042  0.499 0.004 m/sec
vZ 0.002 —0.049  0.029 0.023 m/sec
vX 0.002  0.043  0.020 0.199 m/sec
VX 0.007  0.109  0.055 0.001 m/sec
748 0.022  0.087  0.087 0.193 m/sec
VY —0.027 —0.200 —0.089 —0.19 m/sec
Smaz 0.015  0.018  0.015 0.019 m

g houlderPitch 1.56  0.587  1.027  1.18 rad
g houlder Pitch 1.58 121 1.038  1.57 rad

qulbowRoll 0.30 045 0211 028 rad
qflbowa’” 0.31 0.47 0221  0.57 rad
Pave 1.14 6.47 5.0  9.38 w
1/XpBM 16.51  12.16 1490 16.36 m™*
fiue 0.069 023 0.064 011 N-m
Tsait 4 2.20 1.27 0.83 sec

6. Methodology for Robustness Analysis

In contrast to single objective optimization problems (SOPs) that aim for a singular optimal solution,
EMO methods strive to identify a collection of PO solutions for multi-objective optimization problems
(MOPs) [95]. These PO solutions represent the globally superior options within the viable decision
space. On the PF, enhancing one objective necessitates the compromise of at least one other objective.
A key challenge with many EMO approaches is that the PO solutions might be highly susceptible to
minor changes in the decision variable vectors. Even small changes in the values of the decision
variables could significantly alter the performance of one or more objectives for a PO solution, making
the solutions less robust and reliable in practical applications. The primary aim of EMO algorithms
has been to acquire a set of PO solutions that are both diverse and well-distributed [95,96]. While
these ND solutions are considered the best from a theoretical standpoint in optimization, they might
be highly susceptible to minor changes in the vicinity of the decision variables for one or more PO
solutions. In practice, the PO solutions could not be directly adopted due to the unpredictability
associated with executing and applying these solutions in their intended forms. A slight deviation in
implementing a desired solution could result in an objective vector that diverged from the original
goal. These small perturbations in the solution might make it suboptimal, infeasible, improved, or
remain ND, when solving multi- and MaOPs. Thus, practitioners typically seek a collection of robust
solutions that demonstrate reduced sensitivity to small changes in the neighborhood of the solution
space.

Figure [5| graphically depicts the sensitivity of two decision vectors, A and B, within the objective
space. It is evident that a slight perturbation at decision vector B leads to a significant alteration in
the objective values, whereas a similar perturbation at decision vector A results in a minimal change.
Therefore, solution A is said to be more robust than solution B. In multi-objective optimization
(MOO), robustness is defined differently from SOO due to the presence of two or more objectives
and a set of ND solutions. This understanding of robustness is essential for developing optimization
strategies that are resilient to variations and uncertainties in the decision-making process. Robustness
is a concept that has been interpreted in various ways by different researchers. It is a principle that
had been extensively explored and applied within the realms of both SOPs and MOPs. Branke [97]
identified that robust solutions necessitate a substantial increase in computational complexity due to
the need for evaluating a larger number of solutions. Subsequently, he [98] proposed modifications
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Fig. 5. Comparative Sensitivity Analysis of Decision Vectors A and B in Multi-Objective Optimiza-
tion Space.

to the EMO formulation that efficiently integrated robustness without a substantial increase in com-
putational complexity. The SOP was reformulated as an MOP with the aim of minimizing both the
objective function and the robustness measure to identify the robust optimal solution [99]. Tsutsui
and Ghosh [100] introduced a robust solution-searching scheme within genetic algorithms to assess
robust solutions in SOPs.

In [101], the ranking method used to determine the selection probabilities for identifying robust
solutions had been redefined for both SOPs and MOPs. Deb and Gupta [102] introduced a pair of
methodologies for determining the robust frontier across four test scenarios, utilizing the NSGA-II
algorithm [103]. The first method focused on minimizing the average effective function rather than
the original function, while the second method introduced a robustness constraint into the restructured
MOP. Furthermore, these methods had also been adapted to accommodate constraints [104]. Zhou
et al. [105] introduced an approach to robustness in the context of the MOP that utilized a Gaussian
process model, aiming to lessen the computational load in the presence of interval uncertainty. The
efficacy of proposed algorithms was evaluated by examining their convergence, the extent of their
coverage, and the frequency of successfully achieving robust solutions, as produced by robust multi-
objective algorithms [106]. Mirjalili and Lewis [107},108| examined the prevalent issues in test problems
and introduced a methodology for creating robust multi-objective test problems, which allowed for
the adjustment of various characteristics and levels of complexity. Yadav et al. [20] incorporated
uncertainty handling through the use of NSGA-III. However, the test problems they employed did not
include any functional constraints.

The robustness for MaOP using NSGA-IIT was implemented in [20] for different test problems. The
NSGA-IIT algorithm, with its enhanced selection scheme, association operator, and niche preservation
mechanism, significantly advanced the convergence and coverage of MaOPs. These improvements
render NSGA-III particularly adept at tackling MaORO problems, ensuring robust solutions that
are well-adapted to a variety of uncertain conditions. This makes NSGA-III the preferred choice for
obtaining reliable and high-quality solutions in complex optimization scenarios. Yadav et al. [20] con-
ducted a comparative analysis of PO solutions for a five-objective MaOP, such as the river pollution
problem, using NSGA-II and NSGA-III. Their findings revealed that NSGA-III yielded the superior
performance, with ND solutions demonstrating enhanced distribution. While the literature features
numerous robust optimization studies for MOPs, research on robustness within MaOO, particularly
involving more than three objectives to address the gait cycle challenges of humanoid robots, remains
scarce. The innovative aspect of this research lies in its application of NSGA-III to manage uncertainty
in MaOOQ, incorporating multiple constraints. This approach effectively handles parameter uncertain-
ties while solving constrained MaOPs. In the context of MOPs, robust optimization was first explored
in [102]. The MOP is formulated, as shown in Eq. (18):
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m)zn{fl(x)7f2(x)7'--an(X)}7 (18)
subject to x € X

where X denotes the feasible search space. A solution x is termed robust if the corresponding objective
vector f(x) remains relatively unaffected, or is only minimally sensitive, to small perturbations within
the vicinity of x. In the realm of robust SOO, two prevalent methodologies are cited in the literature
[98]. These methodologies had been adapted to establish a robust PF in MOO scenarios [102]. The
adaptations of Robust Solutions of Type I and Type II for MOO as defined in [102]| are presented as
follows:

Robust Solution of Type I: This approach optimizes the mean effective objective function (f°f)
instead of the original one. Within an « -neighborhood (U, (x)) , a solution x* is deemed a Type I
multi-objective robust solution, if it stands as a globally feasible PO solution to the multi-objective
minimization problem defined as:

min { fi (), £57 ()., i ()} (19)

subject to x € X,

where fflcf is defined as follows:

eff _ 1 .
5= 0 ]y, B0 (20)

Type II Robust Solution: Here, the focus is on the normalized difference between the perturbed and
the original objective functions, using it as a constraint for more precise robust solution control. A
solution x* is recognized as a Type II robust solution in MOO, when it is a globally feasible PO
solution according to the following multi-objective minimization criteria:

min { f1(x), f2(%), .., fur(x)},
subject to
£ (x) = £,
Fel - °
x e X.

(21)

The effective objective function corresponding to x is determined by averaging N original objective
functions, each assessed from N distinct solutions within the a-vicinity of x given in . On the
other hand, the formulation described by optimizes the original multi-objective function within
the feasible decision space X while incorporating an additional constraint. This constraint considers
only those solutions that satisfy a normalized change in the objective vector below a user-defined
threshold e. Alongside the constraint handling strategy, alternative forms of the constraint specified
in had been proposed and implemented, as documented in [104]. The f°f is computed using N
neighboring solutions within the a-neighborhood of each reference point in NSGA-III. This fff can
be incorporated into the robustness definitions for Type I and Type II, as defined by and ,
respectively. In the subsequent section, NSGA-III has been implemented to solve the 25-DOF NAO
robot’s gait generation problem.

7. Results and Discussion

The selection of NSGA-III for analyzing SSP and DSP scenarios is preceded by a comprehensive
comparative analysis against three state-of-the-art EMaQO algorithms: the multi-objective evolutionary
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algorithm based on decomposition (MOEA/D) [109], the strength Pareto evolutionary algorithm 2
(SPEA2) [110], and the hypervolume-based evolutionary algorithm (HypE) [111]. These algorithms
are evaluated using the PlatEMO platform [112], where they are referred to as DCNSGA-III (Dynamic
Constrained NSGA-IIT), C-MOEA/D (Constrained MOEA /D), HypE, and SPEA2. Each algorithm
is applied separately to address the gait generation problem during SSP and DSP. The comparison is
performed during SSP for the variable z;. Perturbations are considered at 10% or greater than the
lower and upper bounds of the decision variables’ ranges. A perturbation of 10% demonstrates that
even with uncertainties approaching this threshold, including modeling errors, the optimal solutions
exhibit minimal variance. The applied perturbations for the ith decision variables are as follows:
a; = 0.02 for i = 1,4,5; oy = 0.01 for ¢ = 2,3; oy = 0.04 for ¢ = 6,7; o; = 0.002 for ¢ = §;
a; = 0.2 for i =9,10,11; o; = 0.1 for ¢ = 12; and o; = 0.15 for 4 = 13. The « value depends on the
real-time tolerance and how much control is available on one decision variable. To compute the feff,
N = 16 solutions are generated in the vicinity of a solution. The neighboring solutions are created
using the Taguchi array method, which employs 2 levels and 13 factors. Similarly, comparisons are
conducted for the DSP. The perturbation parameters «; for the initial seven and final five variables
are maintained identically to those in the SSP. This happens because the eighth variable, representing
the swing height, is exclusive to the SSP and thus, is not applicable within the DSP context. Type I1
robustness, on the other hand, considers an inequality constraint on the normalized difference between
the original solution and the f*f solution by introducing the parameter e. In this study, a value of
e = 0.25 is used.

The comparative assessment is conducted for both robustness types (Type I and Type II) in SSP
and DSP scenarios, with each algorithm evaluated using two performance indicators: hypervolume
(HV) |113] and constraint violation percentage, as shown in Table |3| All objective values are nor-
malized between 0 and 1, and the reference point for HV computation is set to [1,1,1, 1], with HV
calculations performed using the Pymoo library [114]. To ensure reliability, each configuration is
executed twice, and the average values are used for analysis.

In the Type I robustness evaluation, constraint violation computations exclude the arm movement
constraints (gs(x) and gg(x)), since all algorithms struggle to satisfy them. While these constraints
are essential for synchronizing arm and leg movements to achieve a human-like motion pattern, their
violation does not significantly impact fundamental locomotion. Consequently, constraint violation
percentages are computed based on the decision variable vectors obtained in the final generation,
omitting these specific constraints. However, in the Type II robustness evaluation, all constraints,
including g5(x) and g¢(x), are considered in the computation. This decision is based on the observa-
tion that Type II exhibits better constraint-handling capabilities, a point further elaborated in the
subsequent discussion.

In the SSP Type I scenario, NSGA-IIT demonstrates strong performance, achieving an average HV
of 0.583, while maintaining a moderate constraint violation of 21.25%. Its performance improves in
SSP Type II, where all constraints are considered, resulting in an increased average HV of 0.607, after
satisfying all constraints (0% violation). The algorithm exhibits even better results in DSP scenarios,
attaining high HV values of 0.707 in Type I and 0.778 in Type II. Notably, in DSP Type II, NSGA-III
demonstrates exceptional performance by satisfying all constraints while securing the second-highest
HV among all evaluated algorithms. In contrast, MOEA /D demonstrates excellent constraint-handling
capabilities, achieving 0% violations in multiple scenarios. However, it consistently yields lower HV
values than NSGA-III.

SPEA2 achieves notably high average HV values (reaching 0.825 in DSP Type II), but its solutions
are predominantly infeasible due to severe constraint handling issues. In SSP scenarios, SPEA2
exhibits 100% constraint violations for both Type I and II, indicating that none of its solutions satisfy
the problem constraints despite the high HV values. While its constraint handling improves slightly
in DSP Type I (around 34% violations), it deteriorates significantly in DSP Type II with violations
exceeding 90%. Similarly, HypE demonstrates substantial constraint handling deficiencies, with 100%
violations in SSP scenarios and over 90% violations in DSP Type II. Its HV values are generally lower
than those of other algorithms and show high variability between the runs (e.g., ranging from 0.346
to 0.654 in DSP Type II), making it the least reliable choice among all evaluated algorithms.
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NSGA-IIT’s consistent performance across all test scenarios, along with its ability to balance HV
maximization and constraint satisfaction, justifies its selection for a detailed SSP and DSP analy-
sis. The algorithm demonstrates particular strength in Type II scenarios, where it achieves perfect
constraint satisfaction after maintaining competitive HV values. This balanced performance across
both evaluation criteria establishes NSGA-III as a reliable choice for addressing the complexity and
constraints inherent in SSP and DSP optimization problems.

Table 3: Comparative Performance of Algorithms Across Robustness Types and Scenarios

. Robustness . Constraints
Scenario Type Algorithm  Run  Hypervolume Violation (in %)

Run 1 0.490 19.17

NSGA-HI Run 2 0.675 23.33

Run 1 0.137 7.50

Type 1 MOEA/D Run 2 0.163 16.67
Run 1 0.668 100

SPEA2 Run 2 0.617 100

Run 1 0.349 100

SSp PE - pun o 0.543 100
Run 1 0.596 0.00

NSGA-HI Run 2 0.617 0.00

Run 1 0.571 0.00

Type 11 MOEA/D Run 2 0.528 0.00
Run 1 0.737 100

SPEA2 Run 2 0.655 100

Run 1 0.455 100

HyPE  pin o 0.407 100

Run 1 0.700 10.84

NSGA-II Run 2 0.713 15.03

Run 1 0.522 0.00

Type I MOEA/D Run 2 0.547 0.00
Run 1 0.727 36.33

SPEA2 Run 2 0.760 32.33

HyvoE Run 1 0.397 41.33

DSP PR Run2 0.448 31.67
Run 1 0.793 0.00

NSGA-II Run 2 0.763 0.00

Run 1 0.586 0.00

Type 11 MOEA/D Run 2 0.589 0.00
Run 1 0.819 91.67

SPEA2 Run 2 0.831 94.00

Hoop ~ Runl 0.346 99.33

yp Run 2 0.654 94.00

Therefore, the NSGA-III algorithm is employed to investigate the MaOO of the gait cycle for a
25-DOF NAO robot. The results obtained from NSGA-III are presented separately for SSP and DSP
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to highlight the distinct characteristics and performance metrics of each phase. Type I and Type II
robust fronts are determined using parameters («, N, €) within the NSGA-III framework. Initially,
the algorithm is tested with various population sizes and generations using a trial-and-error approach,
revealing that a population of 200 and 200 generations yields satisfactory results. This selection aligns
with the settings used in prior studies . Subsequently, NSGA-III is executed five times with
200 generations and a population size of 200. Constraints in NSGA-III are handled as proposed by
Jiao , which proves to be more effective in managing constraints. Reference directions are generated
using an incremental lattice design strategy, as proposed by Takagi [117].

Simulations are executed during SSP and DSP using the platEMO platform. The PF obtained
from the simulations corresponds to different types of robustness, namely Type I and Type II, along
with the original PF (PF°®). Figure |§| presents a parallel coordinate plot (PCP) depicting these
fronts.
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Fig. 6. Parallel coordinate plot showing objective space for original fronts along with Type I and II
robust fronts during (a) Single Support Phase. (b) Double Support Phase.

The PF°"8 represents the ND solutions obtained without any perturbation, combined from multiple
runs. For Type I robustness, the optimization considers the f°f. The obtained ND solutions are used
to find the actual objective values, which are then plotted in the figure. During the implementation of
Type I robustness, after introducing perturbations, all IV solutions are checked for constraint violations
before optimizing the ff. However, after finding the actual objective values, it is discovered that some
solutions did not satisfy all the constraints, with approximately 90% of the ND solutions failing to
satisfy the arms movements in the correct order constraint. This issue can arise because the fef are
optimized, and the direction suggested by the NSGA-IIIT algorithm is optimal for the ff but not
necessarily for the actual objective functions, leading to constraint violations. Meanwhile, Type II
robustness is found to satisfy all the constraints, including those that are not satisfied during the
implementation of Type I robustness. The combined results are plotted in Figures[6a] for the SSP and
for the DSP objective spaces, as the PCPs. In these PCPs, the four objectives (f; to f4) are plotted
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on four parallel axes, with an additional axis showing the different types of fronts: Original, Type I,
and Type II. The first objective, f1, represents the P,ye; the second objective, fo, is the Xppas; the
third objective, f3, is the 7%°; and the fourth objective, f4, is the Tgait-

During the SSP, in the case of Type I and Type II robustness, the robust fronts got shifted
away from the original ND front and moved inside the objective space. This indicates a trade-off
between robustness and optimality. The robust fronts prioritized solutions that are less sensitive to
perturbations, whereas the original front represents optimal solutions. Objective fo exhibited two
regions of stability: one with the higher stability at high power consumption and a faster pace,
and another region corresponding to moderate to poor stability. However, neither Type I nor Type II
robustness could find solutions near the first region, as a slight perturbation could result in an inefficient
solution or a solution that violates the constraint functions. The maximum and minimum ranges of
all the objectives have been reduced in the Type I and Type II fronts, except that Type I is able to
find a different region of faster locomotion with moderate power but at higher torque fluctuation. The
fa objective also has two regions: one corresponds to the faster locomotion (consuming around 0.4
seconds), and another consists of moderate speed to slow speed (from 1 to 4 seconds).
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Fig. 7. Parallel coordinate plot showing decision space with original, Type I and Type II robustness
solutions during (a) Single Support Phase. (b) Double Support Phase.

Again, neither Type I nor Type II robustness could find solutions near the first region of faster
locomotion. When the gait cycle time is minimized as an SOO, and other objectives had their worst
values (refer to Table , Type II robustness found solutions that are slightly slower (taking 0.4
seconds extra) but kept the other objectives in line, achieving comparatively good stability with low
power consumption and torque fluctuations. The range of the f4 objective has been considerably
reduced during Type II robustness compared to other fronts. During DSP, a portion of the robust
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front coincides with the PF°¢ particularly for objectives f1 to f3. However, the range of the fy4
objective has been considerably reduced in the Type II robust front. This overlapping is attributed
to the fact that during the DSP, the robot has a larger support polygon, enabling it to produce
different trajectories that can satisfy constraints and identify solutions that are more robust while
maintaining reasonable objective values. The Type II robustness approach seems to provide a better
trade-off between robustness and optimality, as it not only considers the ff but also incorporates an
additional constraint to ensure that the solutions remain within a specified tolerance of the original
objective functions. This approach helps find solutions that are both robust to perturbations and
sacrifice some optimality in the objective values.

Figure[7|shows the PCP between the gait parameter solutions responsible for producing the robust
front in the objective space. Figures|7a] and [7b|depict the PCPs for the SSP and DSP, respectively. It
can be observed that there are more different hip height options available during the SSP compared
to the DSP because a higher hip height with a straight trajectory is found to help in reducing power
consumption. However, in the case of the SSP, the support polygon is much smaller than in the
DSP, and to satisfy all the constraints, a variety of different hip heights are required. Not only are
there more different hip heights, but there are also more diverse hip trajectory types, such as positive
slope, negative slope, and straight trajectories, available during the SSP than in the DSP. The DSP
consists of fewer nodes for hip trajectories, mostly comprising positive slope trajectories, as they help
in reducing power consumption. This happens due to the shorter distance traveled during the DSP
compared to the SSP.

The initial and final sagittal velocities in each phase are very limited in the case of robust solutions
compared to the original front. The robust end sagittal velocities during the DSP are significantly
lower than the original ND solutions because this velocity would be transferred to the SSP, and a
low velocity during transition helps in reducing the impact and fluctuation of torque. The end lateral
velocity during the SSP is much higher compared to DSP for Type II robust solutions because this
would be the initial lateral velocity during the DSP, and as both legs are on the ground, it can take
a higher velocity while satisfying all the constraints. Type I, Type II, and the original fronts have
mostly found ND solutions with very low swing heights. However, Type II robust solutions contained
a few solutions offering the higher swing heights. This can be used to negotiate obstacle. The only
issue is that the arm movements are not in the correct order, but this can be neglected because it
has a very less effect on stability. The 157 and *® arm joints have much higher values during the
SSP compared to the DSP, because the arms are mostly moving in the sagittal plane, and the robot
is primarily moving in the lateral plane during the DSP. In the next section, a deeper understanding
of how the gait parameters can affect the objective values will be gained.

7.1. Single Support Phase

Figure[§shows the scatter plot of the objective space without perturbation for the SSP. A global Pareto
set is considered by running the NSGA-IIT algorithm multiple times. All ND sets from multiple runs
are combined, and the best ND solutions are regarded as the PF°™. It is noteworthy that the robust
front obtained upon solving the SSP example using NSGA-IIT is well-distributed.

In the scatter plot, f1, fo, and f4 are shown on the z, y, and z-axes, respectively, while f3 is divided
into three groups: low, medium, and high torque fluctuations. The circle marker represents low torque
fluctuation, the diamond marker represents medium torque fluctuation, and the star marker represents
high torque fluctuation points. There are numerous points with low torque fluctuations throughout
the PF. However, medium and high torque fluctuations mostly occurred in the high stability region,
resulting from the robot’s quick movements. Power consumption is lower, when the gait cycle time
is higher, indicating a slower speed, while at faster paces, power consumption increases. Notably, at
faster speeds, there are many points with high stability and low torque fluctuations. Additionally,
there are a few points with high stability and high torque fluctuations but low power consumption.
These solutions are dependent on specific requirements. However, the most crucial aspect is their
implementation, as a slight perturbation might cause a variance from the intended results. Type
I and Type II robustness approaches helped in finding fronts that sacrificed a little optimality but
are more robust to perturbations. By considering the mean effective objective functions (Type I)
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or introducing an inequality constraint on the normalized difference between the original and mean
effective objective functions (Type II), these approaches aimed to identify solutions that are less
sensitive to minor changes in the decision variables, while maintaining reasonable objective values.
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Fig. 8. Scatter plot of original Pareto-front during single support phase

The surface plot for the SSP in Figure [J]illustrates complex trade-offs between power consumption,
stability, gait cycle time, and torque fluctuation in humanoid robot gait optimization. The P F°"® spans
a wide range in the objective space, offering diverse solutions with clear trade-offs between objectives.
Type I robustness shifts into the objective space, covering regions different from the original front. It
provides robust solutions, but at the cost of higher torque fluctuations, as indicated by the warmer
colors on the plot. Some of these solutions violate arm movement constraints. In contrast, Type
II robustness occupies a more compact region in the objective space. It generates solutions with
lower torque fluctuations, as shown by the cooler colors, and provides better robust solutions without
violating constraints. Type II solutions are more concentrated in the lower power consumption and
moderate stability region. This analysis suggests that the Type II approach is superior, offering robust
solutions that maintain feasibility and achieve better optimal solutions making them more suitable for
real-world application in humanoid robot gait optimization.
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Fig. 9. Surface plot comparing the original Pareto-front with Type I and Type II robust solutions
for the single support phase.

Figure [I0] shows the scatter plots of two objectives at a time for the SSP. The circle markers

22



represent the PF°% the diamond markers represent Type I robustness, and the square markers
represent Type II robustness. In Figure (a), the scatter plot between objectives fi and fo exhibits
two knee regions (KRs), enclosed by rectangles. KRs signify that leaving these regions would result in
the higher degradation in one objective for a slight benefit in the other, making them highly valuable
for DMs. The first KR has very few points, indicating the higher stability at the expense of high
power consumption. Notably, neither Type I nor Type II robust points are available near this first
KR. Both robust fronts are found near the second KR and move inside the objective space. The Type
II robust front is better than the Type I robust front in terms of better stability and minimum power
consumption. This discrepancy can arise because, at the higher speeds, there are fewer trajectories
available that can enhance stability. Additionally, it has been found that there are very few solutions
between these two KRs, mainly because it is not possible to find suitable gait parameters without
violating the constraints imposed in the optimization process. In Figure [10(b), objectives f; and f3
seem to be minimal for similar gait parameters. However, the robust fronts do not lie very close to
the PF°'® but maintain an offset and move towards the top-right in the objective space, indicating
that the robust front is not close to the optimal PF. Both the Type I and Type II robust fronts show
a good trade-off between power consumption and torque fluctuation, and they are very close to each
other. In Figure (c), the objectives f; and f;4 are highly traded off. At lower speeds, the robot
consumes less power, and power consumption increases significantly with higher speeds. The Type I
and Type II robust fronts have reduced their ranges for both objectives, and one end coincides with
the PF°8. This alignment suggests that there are a few robust points at faster speeds than at slower
speeds. Additionally, f; is found to be more sensitive than fs. At the top-left of the scatter plot, there
are points that take the highest possible speed to complete the gait cycle but with much higher power
consumption. These solutions, enclosed in a rectangle, signify a high amount of power consumption
at the higher speeds but without any robust solutions. There are no robust points near this region, as
these solutions are responsible for the higher stability, but fulfilling these objectives is challenging due
to the risk of small perturbations in the gait parameters causing constraint violations. This shows an
absence of robust points at very high and very low speeds. The Type II robustness can provide much
better points than Type I robustness in terms of convergence.
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Fig. 10. Comparing original Pareto front with Type-I and II robust front by taking two objectives
at a time during SSP.

In Figure (d), the scatter plot for fo and f3 shows that there are no robust fronts for higher
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stability with low torque fluctuations, as indicated by the enclosed circle. However, there are a few
Type II robust points that can offer much higher stability than the rest of the robust fronts, enclosed
in rectangles. In Figure (e), the scatter plot lying between fo and f4 shows that stability increases
at higher speeds. At the bottom-left, a few solutions enclosed in a rectangle demonstrate that a
combination of gait parameters at higher speeds can achieve the higher stability, but these points are
not robust. There are a few points enclosed in a rectangle from Type II robustness that can offer the
better robust solutions with better stability at moderate speeds compared to the entire robust front.
In Figure f), the scatter plots between f3 and f; show that at each time stamp, there are gait
patterns that can offer similar torque fluctuations. The entire Type I and Type II robust fronts shift
upwards, indicating the higher torque fluctuations at similar speeds, when compared with the original
front. However, these points are more robust than the original front.

7.1.1. Pareto-Optimal Properties

To investigate the impact of various gait parameters on all four objectives, the properties of PO
solutions have been explored. Ten random points are selected after combining the original, Type I,
and Type II fronts are obtained using NSGA-III for analysis (Fig. . Fig. illustrates the search
space and demonstrates how different gait parameters can affect all the objectives.

0.29
0.28

0.27 4

0.26 -

025+
024~ .

0.23

0224/

0.21 4/ 04

0.2 4

%1

(b)

Fig. 11. (a) Objective Space: Ten random points are selected from the obtained Pareto-front using
NSGA-IIT algorithm. (b) Decision Space: gait parameters (from x; to x13) of the selected ten points
belonging to the corresponding value of Pareto-front for the SSP problem.
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The first three decision variables determined the hip trajectory. A higher hip height can reduce
power consumption by requiring less torque from the hip and knee joints. Moreover, a positive slope
for the hip trajectory (having a higher positive initial velocity to take the hip upward) can further
decrease the joint angle variation in the ankle and knee joints. Subsequently, the final negative velocity
brings the hip height lower to meet the starting hip height. There are more hip trajectories that can
follow a straight path, resulting in low power consumption. Conversely, a lower hip height enhanced
the stability margin, as it can keep the robot’s center of mass closer to the ground. Interestingly, a few
solutions can provide better stability even with a high hip height, when the robot is moving at a faster
pace. During the transition from the DSP to SSP, the initial and final sagittal velocities in the SSP
ranged from 0.01 to 0.09 m/s. Relatively, the final sagittal velocities are found to be slightly higher.
This happened because when the robot transitions back from the SSP to the DSP, going into the most
stable phase, it can move at the higher velocities. This observation implies that the higher speeds can
be attained during the DSP midway, whereas the SSP requires minimum velocity in its mid-phase for
the increased stability and reduced power consumption. Nevertheless, only 50% of the lower and upper
bounds of the velocities are utilized, as higher acceleration adversely affects the stability and power
consumption due to the sudden torque requirements. The initial and final lateral velocities during the
SSP predominantly have positive and negative values, facilitating sinusoidal hip movement. However,
there are a few solutions that initially have negative values, then positive values, resulting in higher
stability at faster paces. A lower swing height reduces power consumption, but one solution effectively
has the higher swing height at lower power consumption and high torque fluctuation, when the robot
is moving at a moderate speed. This solution can be effective during obstacle negotiation, when power
consumption needs to be reduced.

Nonetheless, a few solutions effectively maintained good stability, low torque fluctuations with
reduced power consumption, even at comparatively higher swing heights, during the robot’s movement
from slow to moderate speed by utilizing arm movements. This shows that arm movements have an
effect on stability, and moving these joints instead of the whole torso to maintain balance can reduce
torque fluctuations. These solutions can also be used to navigate obstacles without excessive energy
consumption. The last four decision parameters can control the movement of arms. Particularly,
the ¥R is found to move significantly more than the 7 to improve stability, because it increased
stability but with the slightly lesser power consumption. The higher power consumption in the 1»*% can
be attributed to its involvement in carrying the weight of the lower arm. Furthermore, when stability
is primarily optimized, arm movements can play a crucial role in achieving the higher stability, as
observable in Table [2, which shows the increased arm movement and variations in the ¢°F and ¢®*
joint angles.

The discussion revealed a complex relationship between all objectives arising from variations in
the gait parameters. These solutions have significantly different hip trajectories, velocity profiles,
swing heights, and arm movements, indicating the complexity of humanoid robot bipedal locomotion,
where slight changes in trajectory can have substantial impacts on the objectives. The selection of
gait parameters depends on the specific application in which the robot is utilized. Gait parameters
can be adjusted to prioritize either of the objectives, depending on the specific requirements of the
application.

7.2. Double Support Phase

Figure [12] presents a scatter plot similar to SSP that maps the objective space during the DSP. The
plot visualizes three objectives: fi1, fo, and f4, plotted along the z, y, and z-axes, respectively. Torque
fluctuation (f3) is categorized into three distinct groups—low, medium, and high, and are represented
by circle, diamond, and star markers, respectively.

The scatter plot reveals a concentration of points that can exhibit high stability coupled with
low power consumption, characterized by both low and high torque fluctuations at the slower speeds.
Notably, on the far right of the plot, a select few solutions can demonstrate fast locomotion with
enhanced stability, though at the cost of high torque fluctuations and power consumption. The
distribution of the PF contract towards regions of high stability and low power consumption suggests
a limited number of such solutions. However, as the f; decreases, the robot presents a broader
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spectrum of options at the higher speeds. These include selections between low to mid-range torque
fluctuations and varying degrees of stability at the cost of higher power consumption. The choice
among these solutions is contingent upon specific operational requirements, whether the goal is to
achieve the faster movement, increased stability, or a more energy-efficient gait cycle.
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Fig. 12. Scatter plot of original Pareto front during DSP.

The surface plot for the DSP in Figure [13| reveals a different pattern of trade-offs between the
objectives. The PF°® covers a broad range of solutions, especially in terms of gait cycle time,
demonstrating a clear trade-off between power consumption and stability. Type I robustness expands
into regions not covered by the original front and Type II robustness, particularly in finding solutions
with faster paces having lower gait cycle times. It offers diverse robust solutions. However, these
solutions come at the expense of potential constraint violations, which could limit their practical
applicability. Type II robustness, on the other hand, is more constrained in the objective space
compared to Type L. It’s unable to find robust solutions for very high speeds (low gait cycle time), but
the solutions it does provide are generally more optimal and feasible than those of Type I. Type II
concentrates on balancing power consumption and stability while maintaining low torque fluctuations.
Type II robustness provides the more reliable and implementable solution as compared to Type I
robustness during the DSP.
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Fig. 13. Surface plot comparing the original Pareto-front with Type I and Type II robust solutions
for the double support phase.

Figure [I4] provides a series of bi-objective scatter plots for the DSP, where each plot pairs two
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objectives to illustrate their interplay. The PF°® is denoted by circle markers, Type I robust front
is marked by diamond markers, and Type II robust front is indicated by square markers. Fig. a)
reveals the relationship between f; and fs in DSP. Notably, DSP features two distinct KRs, highlighted
within an enclosed rectangle. The second KR is particularly populated with Type II robust points,
more so than the first. A slight deviation from the PF°'® is observed near the first KR, a contrast to
the SSP scenario. Both robust fronts are closely aligned with the PF°'8, suggesting that robustness
is more readily achieved due to the larger support polygon, allowing for the varied levels of power
consumption and torque fluctuations, while maintaining desired stability. The formation of two KRs
in DSP can be attributed to two different types of motion that are possible during the walking cycle.
In one trajectory, the robot walks at a faster pace, enhancing stability while consuming the higher
amount of power. In the other trajectory, the robot walks at a slower pace, resulting in lower power
consumption but comparatively less stability than the former trajectory.
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Fig. 14. Comparing original Pareto-front with Type-I and II robust front by taking two objectives
at a time during DSP.

Fig. (b) shows the plot between f; and fs3, indicating minimal values for similar gait parameters.
The robust fronts, while maintaining a slight offset, lie in close proximity to the PF°"¢, slightly shifting
rightward in the objective space. Type I and II robust fronts are nearly overlapping. Fig. (c)
presents the scatter plot showing a significant trade-off between minimizing power consumption and
reducing gait cycle time. At lower speeds, the robot consumes less power, but as speed increases, power
consumption escalates. The robust fronts exhibit lower values in the f; objective for reduced time, with
one end aligning with the PF°"®, indicating a prevalence of robust solutions at the slower speeds. The
Type II robust front, however, presents a few robust solutions even at the faster locomotion speeds.
Fig. (d) shows the relationship between fo and f3 is evident, with higher stability correlating
with increased torque fluctuations. Conversely, reducing torque fluctuations results in a compromise
on stability. Fig. (e) depicts that higher speeds correlate with an increase in stability. The robust
fronts have shifted towards the top right of the objective space, indicating a balance between robustness
and optimality. In Fig. (f), different gait patterns, corresponding to each time stamp, offer varying
torque fluctuations. The Type I and II robust fronts have moved upward and leftward, suggesting
higher torque fluctuations at faster speeds compared to the original front, yet these points remain
robust.
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7.2.1. Pareto Optimal Properties

To elucidate the influence of gait parameters on the objectives, twelve random points are selected
from a combination of all PF-original, Type I, and Type II robust fronts. Figure visualizes the
objective space in a PCP, focusing on objectives fi to fy during the DSP.
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Fig. 15. (a) Objective Space: Twelve random points are selected from the combined PF's using the
NSGA-IIT algorithm. (b) Decision Space: mapping of selected twelve points in decision variables (from
x1 to z12) to its corresponding value in objective space.

For a comprehensive analysis, Figure explores the search space of gait parameters, delineating
their effects on all four objectives. In DSP, as observed in SSP, a greater hip height contributes to
reduced power consumption by decreasing the joint angle variations at the knee and hip joints, thus
necessitating less power for these joints. The hip trajectories identified are predominantly straight or
exhibit a positive slope, with most trajectories showing minimal variation in maintaining a consistent
hip height. In contrast, a lower hip height enhances stability by bringing the center of mass closer to
the ground. The initial sagittal velocities during DSP are significantly higher than those during SSP,
reflecting DSP’s inherently stable nature. Conversely, the final sagittal velocities are lower, facilitating
a smooth transition to the next SSP phase with minimal jerk. The DSP phase involves a lateral shift
of the torso from the left leg to the right leg, moving in the negative direction along the y-axis. The
initial lateral velocities span from —0.2 to 0.005 m/s, while the final lateral velocities range from —0.2
to —0.02 m/s. Arm movements are generally less pronounced in DSP, with a few exceptions, as most
of the motion in DSP occurs in the lateral direction, whereas arm movements are primarily in the
sagittal plane. The 157 exhibits more activity during DSP compared to the ¥ which differs from
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the patterns seen in SSP.

8. Concluding Remarks

This study has employed the NSGA-III algorithm to address the gait generation problem separately
for the SSP and DSP of a humanoid robot’s gait cycle. The critical aspect lies in their implementation,
as even slight perturbations may lead to deviations from the intended results. To enhance robustness,
Type I and Type II approaches have been utilized. Type I considers the mean effective objective
functions, while Type II introduces an inequality constraint on the normalized difference between the
original and mean of perturbed objective functions. The present analysis has consistently favored
Type II robustness concept, which outperforms the Type I robustness concept in terms of arriving
at better robust solution quality, spread, and convergence of non-dominated solutions. Additionally,
the Type II concept has proved more effective than Type I in addressing real-world complex problems
with several functional constraints, suggesting its preference for similar robotic applications to find
robust solutions in the presence of multiple constraints and variables.

The investigation of optimal gait solutions has highlighted significant trade-offs between the con-
sidered objectives — power consumption, stability, torque fluctuation, and gait cycle time. Notably,
two distinct KRs have been identified during the SSP and DSP, signifying solutions that effectively
balance the objectives and offer DMs a focused and viable set of options. While Type I and Type II
are not able to find robust solutions near the first KR during the SSP, Type II has identified a few so-
lutions for the first KR during the DSP, enhancing stability at high speeds. Furthermore, the analysis
of gait parameters has revealed valuable insights. A higher hip height is associated with reduced power
consumption and low torque fluctuations due to minimized hip and knee joint torque requirements,
while a lower hip height contributes to increased stability with medium to high torque fluctuations by
keeping the center of mass closer to the ground. Walking speed also has a direct impact, with slower
speeds leading to lower power consumption and faster speeds enhancing stability with higher power
consumption and moderate torque fluctuations. Hip height trajectories are predominantly observed
to be straight during both the SSP and DSP, with a few solutions showing a distinctive pattern where
the hip height initially increased and then gradually decreased. The optimization process has mostly
utilized only a fraction of the available velocity range, as sudden acceleration can negatively impact
stability and power consumption. Incorporating arm movements during the SSP to achieve higher
swing height can enhance stability while minimizing power consumption, although their role becomes
less significant during the DSP due to lateral movement.

The study has also suggested a Type II robust metric that can effectively handle constraints.
It has shown promising results on the NAO humanoid robot’s real-world robotics gait generation
problems, where Type II outperforms Type I due to its better handling of constraints. Future work
could explore methods to compare different modified versions with the Type II robustness of other
EMaO algorithms against NSGA-III, evaluating their effectiveness in solving other complex MaOPs.
As only 16 solutions were generated due to the higher computational cost of finding the robust front,
approaches to create robust solutions without significantly increasing the computational complexity
of Evolutionary Algorithms should be developed. Identifying regions where robust solutions violate
constraints may help reduce the trade-off between robustness and optimality. Direct identification of
KRs could eliminate the need to exhaustively map the entire PF, streamlining the decision-making
process by providing a reduced set of efficient, robust solutions that balance all objectives. Never-
theless, this study has highlighted the advantages of using Type II robustness and offered valuable
recommendations regarding gait parameter selection in humanoid robots, emphasizing the importance
of assessing robust solutions.
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