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quadruped robots (Boaventura et al. 2013), especially when 
traversing uneven terrains. However, this enhanced stabil-
ity often comes at the cost of reduced speed compared to 
their two- and four-legged counterparts (Silva and Machado 
2012).

Numerous studies have focused on six-legged (hexapod) 
walking robots (Li et al. 2022), as they offer an optimal bal-
ance between mobility, stability, and mechanical complexity 
(Brooks 1989; Kirchner 1997; Kingsley et al. 2006). Their 
ability to navigate uneven terrain and maintain stability 
makes them particularly useful for accessing environments 
that are hazardous or inaccessible to humans, such as space 
exploration missions or operations within nuclear facilities.

Controlling the locomotion of a hexapod robot involves 
multiple strategies (Ijspeert 2008; Fuchs 2010). Key chal-
lenges include maintaining stability during both transfer and 
stance states, managing the distance between the legs (Silva 
and Machado 2008), and coordinating the gait to ensure 
smooth movement over challenging terrains with high sta-
bility (Chen et al. 2020). The importance of stability, par-
ticularly during the stance phase (when the legs are on the 
ground) and the transfer phase (when the legs are in the air), 
cannot be overstated (Silva and Machado 2008). Further-
more, achieving homogeneous timing and movement across 

1  Introduction

Recent researches in the field of walking robots has gar-
nered significant attention due to their potential to navigate 
various challenging terrains (Bjelonic et al. 2017; Lagaza 
and Pandey 2018). Among these, multi-legged robots, par-
ticularly hexapod robots, stand out for their complex struc-
tures and capabilities. A hexapod robot, with its six legs, 
each possessing multiple degrees of freedom, represents 
one of the more intricate models of walking robots (Ma et 
al.  2022). When in a stance state, hexapod robots exhibit 
superior stability compared to bipedal (Ji et al. 2021) and 
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Abstract
Hexapod robots, with their six-legged design, excel in stability and adaptability on challenging terrain but pose signifi-
cant control challenges due to their high degrees of freedom. While reinforcement learning (RL) has been explored for 
robot navigation, few studies have systematically compared on-policy and off-policy methods for multi-legged locomo-
tion. This work presents a comparative study of SARSA and Q-Learning for trajectory control of a simulated hexapod 
robot, focusing on the influence of learning rate (α), discount factor (γ), and eligibility trace (λ). The evaluation spans 
eight initial poses, with performance measured through lateral deviation (Ey), orientation error (Eθ), and iteration count. 
Results show that Q-Learning generally achieves faster convergence and greater stability, particularly with higher γ and 
λ values, while SARSA can achieve competitive accuracy with careful parameter tuning. The findings demonstrate that 
eligibility traces substantially improve learning precision and provide practical guidelines for robust RL-based control in 
multi-legged robotic systems.
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all legs, whether the robot is walking straight or turning, is 
complex due to the numerous degrees of freedom involved. 
Controlling all six legs simultaneously for experiments like 
moving forward, backward, or turning right and left pres-
ents a significant challenge.

Researchers have traditionally approached hexapod con-
trol using basic control methods, which focus on walking 
mechanics (Benyoucef and Zennir 2023)  and navigation 
(Benyoucef et al. 2024). Legged animals’ locomotion is 
often described as a rhythmic action (Cai et al. 2021). Cen-
tral Pattern Generators (CPGs), which use centrally gener-
ated rhythms to influence overall behaviour, have been used 
in certain experiments as open-loop oscillators to obtain a 
rhythmic gait (Ijspeert 2008). Evidence for the effective-
ness of such methods has been found in insects that walk 
quickly, such as cockroaches (Fuchs 2010). However, with a 
large number of joints, as in hexapods, open-loop oscillator 
solutions are typically insufficient for precise control, espe-
cially in unstructured terrains (Schilling and Melnik 2018, 
Aissaoui et al. 2024) develop a kinematic control method 
for walking on uneven terrain using a non-symmetrical tri-
pod gait. In otherwise benyoucef et al. make as close-loop 
control tripod gait of hexapod robot’s legs (Benyoucef and 
Zennir 2023; Benyoucef et al. 2024).

Reinforcement learning has also shown increasing rel-
evance for the control of flexible continuum robots, which 
may represent a promising direction for the next genera-
tion of hexapod leg designs. For example, Djeffal et al. 
(2024) applied Deep Deterministic Policy Gradient (DDPG) 
to control a high-DoF spatial continuum robot, highlighting 
the adaptability of RL for bio-inspired continuum architec-
tures that could be adapted to flexible hexapod platforms.

To address the limitations of purely classic approaches, 
hybrid methods have emerged that combine biologically 
inspired controllers with learning-based algorithms. For 
instance, Yang et al. integrated DRL with CPGs to develop 
adaptive gait generation methods, demonstrating improved 
terrain adaptability (Yang et al. 2023). This approach lever-
ages the strengths of DRL in handling high-dimensional 
control problems while benefiting from the rhythmic sta-
bility of CPGs. Nonetheless, such methods can be compu-
tationally intensive, and real-world implementation may 
face challenges due to discrepancies between simulated and 
physical environments.

Building on these developments, advanced reinforce-
ment learning (RL) have gained prominence due to their 
adaptability in complex environments (Qiu et al.  2023). 
Among model-free algorithms, State-Action-Reward-State-
Action (SARSA) (López-Lozada et al. 2021) and Q-learn-
ing (Sutton and Barto 2014), are widely used for optimizing 
gait (Wang et al. 2019), obstacle avoidance (Ribeiro et al. 
2019), and adaptive locomotion (Margolis et al. 2022). 

Additionally, distributed Q-learning has been applied to 
trajectory planning (Zennir et al. 2005), enhancing agility 
and adaptability in unstructured environments. Miki dem-
onstrated the effectiveness of Deep Reinforcement Learning 
(DRL) by training a neural policy for the ANYmal robot to 
balance a lightweight ball using its limbs, without requir-
ing tactile sensors (Miki et al. 2022). Fu et al. developed a 
novel DRL technique for contact motion planning, enabling 
multi-legged robots to traverse uneven plum-blossom piles 
(Fu et al. 2021). Actor–Critic methods have also been used 
to decompose tasks into a hierarchy of sub-tasks (Tan et al. 
2018); for instance, Zhigang Huang et al. (2023)  applied 
Hierarchical Reinforcement Learning (HRL) to coordinate 
low-level and high-level controllers for complex behav-
iours. A hierarchical free gait motion planning framework 
for hexapod robots that combines DRL with free gait strat-
egies to improve locomotion in unstructured terrains was 
also introduced in Wang et al. (2023a). Tan employed Proxi-
mal Policy Optimization (PPO) to develop a motion control 
policy for a quadruped robot, successfully transferring it 
from simulation to a physical platform (Tan, et al. 2018). 
Peng et al. introduced a deep learning-based optimization 
approach for training a bipedal robot in simulated envi-
ronments, enabling navigation through randomly placed 
obstacles (Peng et al. 2017). Algorithms based on Markov 
Decision Processes (MDPs) have also proven effective in 
robotic locomotion (Socha et al. 2016).

Beyond RL, Model Predictive Control (MPC) has 
been explored for multi-legged robots. Wang et al. 
(2023b)  enhanced MPC-based path planning and track-
ing frameworks for hexapod robots, while Thor et al. 
(2022)  introduced a modular neural control architecture 
with rapid learning capabilities. This allowed behaviour-
specific control modules to be incrementally integrated, 
leading to progressively more complex emergent locomo-
tion behaviours.

In the context of path planning, Li et al. (2022) pro-
posed an Improved Double Deep Q-Network algorithm to 
address multi-objective optimization challenges, improv-
ing navigation efficiency in dense environments but at 
the cost of increased computational overhead, which lim-
its real-time applicability (Chen et al. 2024). In contrast, 
non-RL approaches rely on deterministic or biologically 
inspired algorithms. Owaki et al. introduced a dynamical 
systems approach for reliable obstacle navigation in blind 
modular robots, which proved effective in simpler sce-
narios but lacked adaptability to unforeseen environments 
(Travers et al. 2016). Similarly, Yang et al. applied CPGs 
with terrain adaptation, offering efficient control but strug-
gling in dynamic or uneven terrains due to the absence of 
explicit learning mechanisms (Yang et al. 2023). Tradi-
tional approaches, such as the Dynamic Window Approach 
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(DWA), remain popular for obstacle avoidance because of 
their simplicity and computational efficiency (Dobrevski 
and Skocaj 2020). However, such methods often struggle 
to generalize to unstructured environments and can exhibit 
limited robustness when facing dynamic obstacles (Qu 
et al. xxxx). Overall, RL-based approaches demonstrate 
greater adaptability and learning capacity in complex and 
unstructured settings, but they introduce challenges in com-
putational load and real-time feasibility. In contrast, classic 
methods offer simplicity and efficiency but are less capable 
of handling environmental variability or complexity.

While these investigations have yielded positive results 
in locomotion control and navigation of robots across vari-
ous environments, there is a noticeable gap in comparative 
studies between different models and algorithms. Even 
fewer researchers have attempted to enhance existing mod-
els by systematically comparing their performance under 
varying conditions.

Given this, this study proposes a comparison between 
two core model-free approaches to reinforcement learning 
reinforcement learning (RL) methods: Q-learning (λ) and 
SARSA (λ). These algorithms are particularly well-suited 
for controlling the movement of a hexapod robot using a 
predefined gait in a simple, obstacle-free environment. The 
primary objective is to enable the robot to navigate from 
different starting points to a designated target location. To 
achieve this, the robot is placed in various starting poses and 
learns how to navigate to the target through iterative train-
ing. The simulation process is divided into distinct Experi-
ments, during which we systematically adjust key algorithm 
parameters learning rate (α), discount factor (γ), and eligi-
bility trace (λ) to analyse their influence on performance. 
The study is structured into two primary phases. In the first 
phase, the hexapod robot learns to walk and adapts its loco-
motion to transition from the initial to the target pose on a 
flat plane along different trajectories, first, by applying the 
Q-learning algorithm, followed by the SARSA algorithm. 
In the second phase, we progressively vary the parameters 
(α, γ, λ) to evaluate their impact on the performance and 
adaptability of the RL algorithms in improving the robot's 
locomotion and navigation. Finally, we present the simula-
tion results and conduct a comparative analysis to assess the 
effectiveness of Q-learning (λ) and SARSA (λ) in guiding 
the robot along the trajectories. This study aims to examine 
the influence of the learning parameters on ability of the 
robot to follow trajectories with precision, adapt to changing 
environments, and achieve efficient locomotion. Addition-
ally, we seek to determine which algorithm performs better 
under these conditions and identify the optimal parameter 
settings for achieving superior performance.

In summary, this work aims to evaluate and compare 
the performance of Q-learning with eligibility traces and 

SARSA with eligibility traces in a hexapod robot trajectory-
following experiments. It further investigates the influence 
of key learning parameters (α, γ, λ) on the effectiveness of 
each algorithm. The main contributions of this paper are: 
1) an empirical comparison of two reinforcement learning 
algorithms applied to hexapod locomotion, 2) insights into 
parameter effects on learning convergence and accuracy, 
and 3) guidelines for algorithm selection in similar robotic 
applications.

The organization of the paper is as follows: Sect.  2 
introduces locomotion and kinematic model of the hexa-
pod robot. Section 3 describes the methods and algorithms 
used in this study, providing a detailed overview of the 
employed techniques. Section 4 focuses on path planning 
and locomotion control, explaining how these components 
are integrated to enhance the robot’s functionality. Section 5 
outlines and discusses the results from the simulation, while 
Sect. 6 concludes the paper with a summary of the findings.

2  Multi-legged robot model

We dedicate this section to the modelling of the hexapod 
robot, addressing all key elements of its design, solve its 
kinematic model, and analyse its locomotion to enable con-
trol of its locomotion while ensuring high stability during 
walking.

2.1  The hexapod robot’s structural configuration

In this work, we used a hexapod robot with n = 3 degrees 
of freedom (DoF) per leg. The robot's right side has three 
legs numbered 1, 2, and 3 (from front to back of right side, 
respectively), and the opposite side has legs numbered 
4, 5 and 6 (as shown in Fig.  1). Each leg has three joint 
angles, denoted as θij, where ‘i’ represents the joints (Coxa 
(c), Femur (f), and Tibia (t)) and ‘j’ denotes the leg num-
ber (j = 1, 2… 6). Figure 1 illustrates the hexapod robot legs 
along with its joints.

2.2  Locomotion and kinematic model of the robot

The locomotion of the robot refers to the movement of its 
legs and body for walking forward, backward, or turning 
right and left. Additionally, it can move its body by pitching, 
yawing, and rolling. Figure 2 presents the model parameters 
(Fc, Ls, HB, Sp, VR and β) adopted for controlling the loco-
motion of the robot's legs. Only the right side of the robot 
is shown in Fig. 2 to explain the locomotion of the legs and 
joints, as the left side is identical.

L1, L2 and L3 are the number of robot’s legs. Each leg 
has three links lj,i where i is the link name (i: c, f and t), for 
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y(t) = FC · sin(πt

tT
)� (1)

where FC denotes the maximum foot clearance (Fig. 2) and 
tS represents the step duration (Table 2).

For the locomotion of a hexapod robot, both forward 
and inverse kinematics are required. Benyoucef and Zennir 
(2023); Benyoucef et al. (2024) presented the mathematical 
models for the forward and inverse kinematics of a hexapod 
robot leg.

3  Methods and algorithms

Achieving stable, precise, and efficient locomotion in hexa-
pod robots necessitates the use of robust control algorithms. 
In this section, we present two model-free reinforcement 

coxa link, femur link and tibia link, respectively, and j is the 
number of leg (j = 1,2,3,…6). “Pi L1” is the initial position 
of the leg 1 when it was walking, “Pm L1” is its middle 
position and “Pf L1” is the final position of the end effector. 
Table 1 illustrates an example of locomotion of the leg 1 
with these three positions.

The motion is described using a world coordinate sys-
tem as outlined in Silva et al. (2005). The kinematic model 
includes the parameters presented in Table 2. Additionally, 
a periodic trajectory is defined for each leg, with the robot's 

velocity given by VR = Ls

T . For more detail see the work of 
Silva et al. (2008).

For instance, the swing leg trajectory can be modelled 
using a simplified cycloid function, Eq. (1)

Table 1  Position of joints angle of single leg
Position θc (º) θf (º) θt (º)
Initial position Pi 0 30 0
Middle position Pm 45 60 0
Final position Pf 45 30 0

Table 2  The kinematic model parameters
Symbol Description
T A cycle time
β A duty factor
tT Transfer time, where: tT ​ = (1 − β).T
tS Support time, where: tS = β.T
LS Step length
SP Stroke length
HB Robot body height
FC Peak foot clearance
Oi Foot trajectory offset
VR A robot velocity

Fig. 2  Motion description of the hexapod robot based on coordinate system and kinematic variables

 

Fig. 1  Configuration and distribution of the hexapod robot’s leg joints 
(θcj, θfj, θtj)
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	● α is the learning rate (0 < α ≤ 1).
	● r is the reward received after taking action a.
	● γ is the discount factor (0 ≤ γ < 1).
	● maxα′Q (s′, α′) is the maximum estimated future re-

ward for the next state “s′”.

Lambda (λ) in Q-Learning refers to the use of eligibil-
ity traces (Sutton and Barto 2014), which are a mechanism 
for more efficiently updating the Q-values. The parameter λ 
controls the decay of these traces (Rummery and Niranjan 
1994), blending between one-step and n-step methods. This 
approach is often known as Q(λ) (Siciliano et al. 2016), or 
Q-Learning with Eligibility Traces.

Q-learning consists of two types: Distributed and Cen-
tralized Q-learning, which are described in Sects.  3.2.4 and 
3.2.5.

3.2.1  Application of Q-learning in hexapod robots

As previously stated, hexapod robots require complex 
control algorithms for efficient and adaptive locomotion. 
Q-Learning can be applied to hexapod robots in the follow-
ing ways (Qiu et al. 2023; Singh et al. 2020):

1.	 Locomotion Control:

	● Gait Learning: Q-Learning can be used to learn and 
optimize different gaits for the hexapod to efficiently 
navigate various terrains. By defining states as dif-
ferent leg positions and actions as movements of the 
legs, the hexapod can learn which gaits provide the 
best stability and speed for given conditions.

2.	 Navigation and Path Planning:

	● Obstacle Avoidance: Hexapod robots equipped 
with sensors can use Q-Learning to learn to navi-
gate around obstacles. The state can include sensory 
inputs and robot position, while actions involve 
movement decisions. Rewards can be given for prog-
ress towards the goal while penalizing collisions.

3.	 Adaptive Behaviour:

	● Environmental Adaptation: The hexapod can 
adapt to changes in its environment, such as varying 
ground textures or slopes, by learning from the feed-
back it receives during its movements. This helps 
the robot maintain stability and efficiency in diverse 
settings.

4.	 Experiment-Specific Learning:

learning approaches Q-Learning and SARSA and describe 
how they are employed to control the movement and navi-
gation of the robot.

3.1  Reinforcement Learning (RL)

Reinforcement Learning (RL) is a subset of machine learn-
ing where an agent acquires decision-making capabilities 
through interactions with its environment, receiving feed-
back in the form of rewards or penalties (AlMahamid and 
Grolinger 2021; Ding et al. 2020; Coelho et al. 2021). The 
core aim is to optimize the total accumulated reward over 
time. RL methods are especially well-suited for tasks in 
dynamic settings, where ongoing adaptation of the agent’s 
strategy based on environmental responses is essential 
(Dulac-Arnold et al. 2021). RL revolves around the interac-
tion between the agent and its environment. The agent takes 
actions that affect the environment's state, which represents 
its current situation, and receives feedback in the form of 
rewards, guiding it toward more optimal behaviours. The 
agent follows a policy, a strategy for choosing actions based 
on the current state. Another key component is the value 
function, which estimates the expected cumulative reward 
for being in a given state while adhering to a particular 
policy.

RL can be classified into two main categories: model-free 
and model-based approaches. In model-free RL, the agent 
directly learns the policy through interactions, without cre-
ating a model of the environment. Conversely, model-based 
RL involves the agent either constructing or leveraging 
a model to simulate the environment and plan its actions 
accordingly.

3.2  Q-learning

Q-Learning is a popular model-free reinforcement learn-
ing algorithm (Sutton and Barto 2014), primarily aimed 
at finding the optimal action-selection policy for a given 
finite Markov Decision Process (MDP). This is achieved by 
learning the Q-function, a value function that estimates the 
expected utility of taking a specific action in a given state 
and then following the optimal policy. The learning pro-
cess is driven by iterative updates of Q-values (state-action 
values), guided by the Bellman equation (Eq. 2) (Lin et al. 
2016; Nishigai and Ito 2011; Sutton and Barto 2018):

Q(s, α) ← Q(s, α) + α.[r + γ.maxα′Q(s′, α′) − Q(s, α)]� (2)

where:

	● Q(s, a) is the current value of taking action “a” in state 
“s”.
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used with both the Q-Learning (Algorithm 1) and SARSA 
(Algorithm 2). A more detailed explanation of the robot’s 
stability when using the tripod gait is provided in Sect. 4.2. 
Table 3 summarizes the inputs and outputs of the Q-Learn-
ing algorithm.

3.2.3  Centralized approach to reinforcement learning

Consider a scenario involving N agents (or actors) learning 
a joint strategy where a joint strategy encompasses the set 
of strategies employed collectively by all agents to contrib-
ute to a unified experiment. In a centralized reinforcement 
learning framework, the state information is aggregated at 
a central decision-making unit, which is responsible for 
updating utility values and selecting actions for each agent. 
Let |A| denote the number of possible actions available to 
each agent (assumed identical across agents for generality), 
and |S| represent the total number of possible system states. 
Under this centralized approach, the system must maintain 
N Q-value tables, each of size |S| ×|A|, corresponding to the 
value function Q(s, a) for each agent.

In this framework, a uniform reinforcement signal is 
assigned to all agents, regardless of their individual roles 
in the success or failure of the collective task. This setup 
closely resembles a stochastic team game scenario, where 
a single Q-table Q(s, a) is employed to evaluate the state-
action values for the entire system. The architecture is cen-
tralized one central agent is tasked with collecting all state 
and action data, updating a shared memory structure, and 
deciding the appropriate action policies for each agent. As a 
result, all agents operate under the same feedback signal. To 
move toward decentralization, a key modification involves 
enabling each agent to independently determine its own 
action-selection strategy. Although agents may still rely on a 
common memory for state or state-action information, their 
behaviour can diverge based on individual exploration or 
exploitation strategies influenced by local constraints. This 
independence may lead to the need for certain agents to off-
set the limitations of others. Figure 3 illustrates the central-
ized reinforcement learning architecture.

Advantages expected from a Centralized Approach are:

	● A holistic view of the entire system, enabling the analy-
sis of all scenarios and potential actions.

	● Coordination issues among actors are addressed at a 
single decision-making level.

However, the approach shows several disadvantages, 
including:

	● The entire system is vulnerable to failures at the central 
decision-making point.

	● Specific Missions: Hexapod robots can be trained 
using Q-Learning for specific Experiments, like 
search and rescue, where the robot learns optimal 
strategies for covering ground efficiently and locat-
ing targets based on real-time feedback.

By leveraging Q-Learning, hexapod robots can autono-
mously improve their performance over time, leading to 
more robust and adaptable robotic systems.

3.2.2  Q-Learning (λ) algorithm for controlling a hexapod 
robot

In our simulation, we use distributed Q(λ) as presented in 
Algorithm 1, which will be explained in the Sect. 3.2.4.

The update at each moment t of the Q(s, a) value associ-
ated with the couple (status, action a) is written in Eq. (3):

Qi (s, a) ← Qi (s, a) + α.
[
r + γ.maxa′.Q

i (s′, a′) − Qi (s, a)
]
� (3)

With α ϵ [0, 1] is the learning step, γ ϵ [0, 1] is the factor of 
weighting, and λ ϵ [0, 1] is the decay rate. Algorithm 1 pres-
ents Q-Learning algorithm for each agent “i”.

Algorithm 1: Q-Learning (λ) algorithm for controlling a 
hexapod robot.
------------------------------------------------------------------------------------------

1   Initialize arbitrarily  , λ ϵ [0, 1]                                                       

2   Repeat (for each episode):                                                           

3       Initialize s (any stable configuration)

4       Repeat (for each step)                                                           

5                 Take action according to strategy from Q 

6                 Observe r, ′                                                                  

7                 Update (s, a) (Equation 3)               

8                  If falls:

9                          reset (any stable configuration)

10                Else s ← ′

11      Until end step  

12 Until correct operation or end of the episode

---------------------------------------------------------------------------------------------

The Q-table, a matrix of dimensions (s, a), was initialized 
with zeros, Q(s, a) = 0. The initial state sss and the reset con-
dition refer to any stable configuration in which the robot’s 
centre of gravity is aligned with the posture centre. Among 
the 64 possible global position configurations of the hexa-
pod robot, 18 are classified as stable cases, as presented by 
Zennir in Singh et al. (2020). These configurations were 

Table 3  Input and output parameters of Q-Learning (λ)
Input Output
State space s
Action space a
Learning rate α
Discount factor γ
Exploration rate ϵ
Eligibility trace λ

Updated Q-value table Q(s, a)
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3.2.4  Distributed approach to Q-learning

With an approach distributed by learning, illustrated by 
Fig.  4, each agent operates independently, potentially 
receiving different state information and reinforcement sig-
nals, thereby conducting its own learning process. Assum-
ing that all N agents share the same state space, the total 
number of state-action values Q(s, a) to be updated becomes 
N ×|S| ×|A|. Let ∣S∣ denote the number of states, and ∣A∣ repre-
sent the number of possible actions.

Each leg is therefore considered an agent with status 
information on the robot and able to perform movements 

	● As the number of agents increases, the number of state-
action pairs (s, a) expands exponentially.

	● In team scenarios, positive effects at the overall system 
level can be detrimental to an individual actor, as local 
pressures are not considered.

We have a set of agents (controllers) where each indepen-
dent controller commands, for example, a leg of a robot. 
All these controllers are managed by a central agent, which 
represents an update mechanism for the controllers accord-
ing to a reinforcement learning algorithm.

Fig. 4  Distributed approach to 
reinforcement learning applied on 
N agents

 

Fig. 3  Centralized architecture to reinforcement learning applied on N agents
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3.3  State-Action-Reward-State-Action (SARSA) and 
SARSA (λ) algorithms

SARSA is a fundamental RL algorithm that employs on-
policy temporal difference learning to estimate action-value 
functions, enabling agents to select the most optimal course 
of action. It provides a structured framework for agents to 
interact with their environment, accumulate rewards, and 
iteratively enhance their decision-making process. This 
section focuses on the different types of SARSA and the 
implementation of the algorithm for controlling the loco-
motion of the hexapod robot to follow its desired trajectory 
(Sutton and Barto 2014). The SARSA algorithm is one from 
reinforcement learning algorithm type, which belongs to the 
category of on-policy temporal difference learning methods 
(Siciliano et al. 2016). It updates its action-value function, 
is presented as Q(s, a), based on the actions it actually takes 
while interacting with the environment (Wenxia et al. 2021). 
The global SARSA update expression as defined from Sut-
ton and Barto (Sutton and Barto 2018) is illustrated in Eq. 4:

Q(s, a) ← Q(s, a) + α[rt+1 + γQ(s′, a′) − Q(s, a)]� (4)

where:

	● s ​ and s′ are the current and next states respectively.
	● a and a′are the current and next actions.
	● r is the reward received for transitioning from s to s′ via 

action a.
	● α is the learning rate.
	● γ is the discount factor.

allowing the robot to fulfil its mission. Each agent has its 
own learning algorithm.

The distributed approach to reinforcement learning is 
illustrated in Fig. 5. Each leg of the hexapod robot is con-
trolled independently (Zennir et al. 2003a). Each control-
ler agent “decides” the next movement based on the binary 
state (in the air or on the ground) of the other legs. Not all 
legs necessarily receive the same state information or the 
same reinforcement signal, and the learning is local for each 
leg (Amhraoui and Masrour 2024).

The distributed Q-Learning approach for control and 
learning is expected to offer several significant advantages. 
It provides greater flexibility, allowing the system to adapt 
more easily to unforeseen environmental changes. Addi-
tionally, it enhances reliability by tolerating individual 
errors, ensuring the overall performance remains unaffected 
by localized issues. Furthermore, it exhibits greater robust-
ness as the problem-solving capacity emerges collectively 
from the entire system rather than relying on any single 
component. However, this approach poses several chal-
lenges (Zennir et al. 2003b). One of the primary difficulties 
lies in defining local objectives that align seamlessly with 
the global objective. Another critical challenge involves 
selecting appropriate modes of cooperation among opera-
tional entities or agents. These modes include synchroni-
zation, which ensures the sequencing of actions over time; 
collaboration, which enables effective Experiment sharing; 
and coordination, which focuses on conflict resolution and 
performance enhancement.

Fig. 5  Distributed Q-learning architecture for reinforcement learning in the hexapod robot
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et(s, a) ← γλet−1(s, a) + 1(s = st, a = at)� (6)

Q(s, a) ← Q(s, a) + αδt · et(s, a)� (7)

 where:

	● The eligibility trace et(s, a) for pair (s, a)
	● The temporal difference error δt:

δt = r(t+1) + γQ(s′, a′) − Q(st, at)� (8)

	● 1 is the indicator function.

3.3.1  SARSA (λ) algorithm for controlling a hexapod robot

The inputs and the output of the SARSA algorithm are pre-
sented on Table 4 and the Algorithm is shown in Algorithm 
2.

	● Q(s, a) is the current value of the state-action pair (s, a)
	● Q(s′, a′) is the estimated value of the next state-action 

pair (s′, a′).

Equation (5) defines the SARSA update rule for each leg 
i ∈ {1, …, 6}.

Qi (s, a) ← Qi (s, a) + α.
[
rt+1 + γ.Qi (s′, a′) − Qi (s, a)

]
� (5)

where the variables s, a, s′, a′, rt+1 are defined in Eq. 4.
SARSA is particularly useful in environments where the 

safety and reliability of the actions taken are critical, since 
it updates the policy based on actual actions and observed 
rewards.

SARSA(λ) extends SARSA by incorporating eligibility 
traces (Sutton and Barto 2014), allowing it to perform more 
efficient updates.

Eligibility Traces (λ): Similar to Q(λ), SARSA(λ) uses 
eligibility traces (Singh and Sutton 1996) to keep track of 
the occurrences of state-action pairs. These traces help prop-
agate updates back to previously visited state-action pairs, 
speeding up learning. Where λ ∈ [0,1], which determines 
how far back the influence of rewards is distributed. Higher 
values of λ place more emphasis on longer sequences of 
actions, effectively blending Monte Carlo and TD-learning 
approaches(Sutton and Barto 2014).

The update rule with eligibility traces becomes:

Table 4  Input and output parameters of SARSA
Input Output
▪ State space s
▪ Action space a
▪ Learning rate α
▪ Discount factor γ
▪ Exploration rate ϵ
▪ Eligibility trace λ

▪ Updated Q-value table Q(s, a)

Algorithm 2: SARSA (λ) Algorithm for controlling a hexapod robot.
-------------------------------------------------------------------------------------------------------------------------------

1   Initialize   arbitrarily for all ∈   ∈  λ  [0, 1]

2   Repeat (for each episode):                                                           

3        Initialize state s (any stable configuration).

4       Choose action a from s using an epsilon-greedy policy derived from Q.

5       Repeat (for each step)                                                           

6                  Take action a, observe reward r and next state s′.
7                   Choose next action a′ from s′ using an epsilon-greedy policy derived from Q.

8                   Update Q-value: ( , )← ( , ) + . + + . ( ′, ′) ― ( , )    

9                   If falls: 

10                              Reset to any stable configuration                

11                Else:  Set s←s′ and a←a′
12      Until end step  

13 Until correct operation or end of the episode
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3.4  The role of the learning parameters (α, γ, λ).

The learning parameters in R play a critical role in ensuring 
the stability of the robot's learning process and in achiev-
ing convergence toward the target. Sutton et al. (Sutton and 
Barto 2014) introduced a comprehensive overview of rein-
forcement learning methods, including Q-Learning, SARSA 
and Q-Learning(λ), SARSA(λ), highlighting the differences 
among them and emphasizing the importance of learning 
parameters. In another study, Xiaolin Zhou (2022)  com-
pared these parameters within the context of stochastic 
mazes; however, their analysis did not incorporate the use 
of eligibility traces (λ).

This subsection presents an overview of the learning 
parameters α (learning rate), γ (discount factor), and λ (eli-
gibility trace decay), and their overall influence on algorith-
mic performance:

	● Learning Rate (α): Controls how much new informa-
tion influences the Q-table updates, gradually overriding 
previous estimates.

	● A low α leads to slower learning but improves con-
vergence stability.

	● A high α accelerates learning but may introduce 
instability and oscillations.

	● Discount Factor (γ): Reflects the importance of future 
rewards in current decision-making.

	● A high γ encourages the agent to prioritize long-
term rewards.

	● A low γ leads the agent to focus on immediate, 
short-term gains.

The initialization procedure is described in Sect. 3.2.2.

3.3.2  Centralized approach to SARSA

In centralized SARSA, the decision method and exploration 
strategy are not specified, making it difficult for the robot 
to find the optimal trajectory, and the number of steps is 
greater compared to distributed SARSA. Its architecture is 
presented in Fig. 3.

3.3.3  Distributed approach to SARSA

The distributed SARSA algorithm estimates the value of the 
next state s′ based on the action selected by the decision-
making process. In state s, the action a ← Decision (Q,s) is 
performed, and the agent receives the reward r and observes 
the new state s′. From state s′, the next action a′ ← Decision 
(Q,s′) is then chosen. The update of the state–action pair (s, 
a) by the SARSA algorithm for each leg i is given in Eq. (5), 
and its architecture is illustrated in Fig. 6.

Compared to distributed Q-learning, the only difference 
lies in the update rule: replacing γ · maxₐ′ Qᵢ(s′, a′) with γ · 
Qᵢ(s′, a′). In other words, SARSA updates the Q-value based 
on the action that will actually be taken in the next step the 
action a′ selected by the current policy making it an on-pol-
icy algorithm. This means SARSA learns the value of the 
policy being followed, rather than estimating the value of 
the optimal policy. However, this requires explicit knowl-
edge of the next action a′, which ties the learning process to 
the current behaviour policy and can constrain exploration 
during training.

Fig. 6  Distributed SARSA architecture for reinforcement learning in the hexapod robot
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and Celaya 2000; Singh 2017). Each level of control man-
ages a specific part of the robot’s operation. The different 
levels are: (i) the first level, which holds segments in posi-
tion; (ii) the second level, which controls the gait; and (iii) 
the final level, which handles navigation control. Each level 
adds a distinct functionality, and together, they enable the 
global control of the robot.

The lowest level manages the change and keeping in 
position of the segments. In our robot the control of each 
segment is independent from the others by a specialized cir-
cuit incorporating a digital filter type PID, generating the 
control necessary for the tracking and regulation around 
these set-points. The second level is that of the gait con-
trol which assumes to generate the instructions of positions 
necessary to move the body in the space according to a con-
trolled trajectory, while ensuring the robot’s balance and 
posture, and adapting to terrain that may be uneven or may 
present obstacles. Level three is navigation, which includes 
environmental perception and analysis, the choice of objec-
tives to be achieved, and the choice of approach strategy 
(Porta and Celaya 2000).

	● Eligibility Trace Decay (λ): Controls how past experi-
ences influence current learning updates.

	● A higher λ accelerates learning by distributing 
credit across multiple preceding actions, facilitating 
sequence learning.

	● A lower λ (approaching 0) makes the algorithm 
behave similarly to traditional one-step Q-learning, 
where only the most recent action significantly 
impacts the Q-value update.

4  Path planning and locomotion control of 
the hexapod robot

Path planning is fundamental to achieving reliable control 
for guiding a robot along a designated trajectory. This sec-
tion introduces a key approach to controlling the hexapod 
robot, ensuring it adheres to its optimal path.

4.1  Control architecture

To deal with the walking robot control problem, we based 
on the multi-level control model proposed by Brooks (Porta 

Table 5  Tripod gait actions (three legs are moving)
Time L1 L2 L3 L4 L5 L6
T1 1 0 1 0 1 0
T2 0 1 0 1 0 1

Table 6  Tetrapod gait actions (two legs are moving)
Time L1 L2 L3 L4 L5 L6
T1 1 0 0 0 0 1
T2 0 1 0 1 0 0
T3 0 0 1 0 1 0

Table 7  Wave gait actions (one leg is moving)
Time L1 L2 L3 L4 L5 L6
T1 1 0 0 0 0 0
T2 0 1 0 0 0 0
T3 0 0 1 0 0 0
T4 0 0 0 1 0 0
T5 0 0 0 0 1 0
T6 0 0 0 0 0 1

Table 8  Ripple gait actions (one leg is moving)
Time L1 L2 L3 L4 L5 L6
T1 1 0 0 0 0 0
T2 0 1 0 0 0 0
T3 0 0 1 0 0 0
T4 0 0 0 1 0 0
T5 0 0 0 0 1 0
T6 0 0 0 0 0 1
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Couturier 2005)). Conversely, if the CoG falls outside the 
stability triangle (Fig. 9 b), the robot becomes unstable.

Foot 1, Foot 2, and Foot 5 are the end-effectors of legs 1, 
3, and 5, respectively, which remain on the ground during 
the stance phase of the first step of the tripod gait. In the sec-
ond step, legs 2, 4, and 6 are used instead (Fig. 1 illustrates 
the leg numbering).

4.3  Path planning

This paper addresses the challenge of enabling the robot to 
adjust its trajectory effectively. The objective is to guide the 
robot starting from various initial positions and orientations 
(eight poses) towards alignment with a predefined straight 
path, while ensuring that the lateral deviation error remains 
within the acceptable range Ey​, and the rotational error 
around the vertical axis Gz​ stays within the threshold Eθ​, as 
illustrated in Fig. 9.

In our simulation, we evaluated the robot's performance 
across eight distinct initial positions and orientations, as 
outlined in Table 9 and depicted in Fig. 10. The resulting 
robot trajectories, ranging from Trajectory 1 to Trajectory 
8, correspond to the initial positions and orientations num-
bered 1 through 8 in Table 9. The maximum Y-coordinate 
(Ymax) was set to 2 m, while the minimum (Ymin) was −2 
m. The acceptable distance error for lateral deviation, Ey 
(Eq.  9), was within the range [−0.1, 0.1] meters, and the 
acceptable orientation error, Eθ (Eq. 10), was constrained to 
[−0.1, 0.1] radians.

4.2  Gait generation

The hexapod robot utilizes three stable gaits, with undercar-
riage stability being the primary requirement for effective 
walking control (Ivo and Patrik 2005). To maintain stability 
during locomotion, steady-state stability states were defined 
(Celaya and Porta 2000) as shown in Tables 5, 6, 7, 8 and 
the Fig. 7 is presented the sequence diagram of all gaits.

Where: L1 to L6 represent the robot's legs, correspond-
ing to the same order shown in Fig. 1. T1, T2, indicate the 
time when each leg is either on the ground (stance phase), 
coded as 1, or in the air (transfer phase), coded as 0 like as 
presented in Fig. 9.

In our simulation, we used the tripod gait (Table  5) 
because it allowed the robot to move both effectively and 
faster compared to other gaits. The stability configuration 
of the robot using the tripod gait depends on the position of 
its centre of gravity (CoG) relative to the stability triangle. 
When the CoG lies within the centroid of the stability tri-
angle (Fig. 9 a), the robot remains stable (see (Zennir and 

Table 9  Eight initial poses of the robot’s gravity centre
Poses Angles and Y position
Pose 1 θp = 0 and yp = 0
Pose 2 θp = π/4 and yp = 1.5
Pose 3 θp = π/2 and yp = 0.5
Pose 4 θp = 3π/4 and yp = 0.5
Pose 5 θp = π and yp = 0
Pose 6 θp = −3π/4 and yp = −0.5
Pose 7 θp = -π/2 and yp = −0.5
Pose 8 θp = -π/4 and yp = −1.5

Fig. 7  Sequence diagrams of hexapod gaits: Tripod gait (top left), Tetrapod gait (top right), Wave gait (bottom left), and Ripple gait (bottom right)
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to the target. Once the robot completed a pose scenario (e.g., 
starting from Pose 1 until reaching the target), it was reset 
to another initial pose, and the learning process continued 
until all eight poses were completed. This procedure was 
repeated for all five experiments (Tables 10 and 11). Further 
details of the simulation method are provided in Sect. 5

Tg =

[
cos (θg) − sin (θg) 0
sin (θg) cos (θg) 0
0 0 1

]
� (11)

Each agent seeks to maximize its own objective function, 
which involves repeating a locomotion cycle consisting 
of a transfer phase followed by a stance phase. The agent 
is penalized if a protraction lasts more than one time unit. 
The agent is also penalized if the retraction duration is too 
short or too long. The retraction duration is dictated by the 
higher control level (level 3), where the gait is selected. In 
the event of a fall, only the agents responsible are penalized. 
If two consecutive legs lift simultaneously, the robot tips to 
that side, triggering the fall detection sensor and imposing 
a local penalty on the legs that caused the fall. If all legs are 
on the ground, this represents a resting position, which we 
have chosen to penalize (at a local level, this situation could 
be detected by each leg through a force sensor, with each leg 
bearing the least load). Thus, the rules outlined only reflect 
local behaviours or phenomena that can be perceived by 
the agents and do not result from a global analysis of the 
movement sequence resembling walking. We assume that 
maximizing the gains of each agent in achieving their own 
objectives is compatible with the overall objective of mak-
ing the robot walk. The reward function was designed to 
penalize undesirable events (e.g., falls, improper leg tim-
ing) and to reward successful forward movement. Table 12 
summarizes these rules. In essence, a large positive reward 
(+ 10) is given when a leg’s protraction completes without 
causing a fall, and smaller penalties (−1) are assigned for 
events like the robot tipping over, legs colliding (two con-
secutive legs lifted), or the robot entering a rest state with 
all legs on ground.

5  Simulation results and discussion

We can divide the parameters used in our simulation into two 
categories: those for the robot model and those specifically 
for the algorithms. In our simulation, we applied distributed 
Q-learning (λ) and distributed SARSA (λ). When we refer 
to Q-learning and SARSA below, we are specifically refer-
ring to distributed Q-learning (λ) and distributed SARSA 
(λ). The simulation results were obtained using MATLAB.

Ey = Ydes − Ycur� (9)

Eθ = θdes − θcur� (10)

where.
Ydes and θdes represent the desired position on the Y-axis 

and the desired orientation of the robot’s centre of gravity, 
respectively. In our case, both are equal to zero. Ycur and 
θcur denote the current position on the Y-axis and the current 
orientation of the robot during motion.

The robot was placed in one of eight possible initial 
positions and orientations, and the task was to learn how 
to reach the target position. Two motion equations were 
used one for translation and one for rotation which defined 
the available actions in the Q-learning and SARSA algo-
rithms. The control strategy for reaching the target consisted 
of applying these two actions: a rotation adjustment and a 
translation step, as formulated in Eq.  6. In each training 
episode, the robot began at one of the eight initial poses 
(Table 9) and aimed to reach the target position located at 
the origin with zero orientation error. Learning proceeded 
iteratively until the position and orientation errors satisfied 
the convergence criteria (Ey ∈ [–0.1, 0.1] m and Eθ ∈ [–0.1, 
0.1] rad) or until the maximum number of episodes was 
reached. These thresholds defined successful convergence 

Table 10  The rewards values of the RL algorithms
Penalty: r = − 1 if Reward: r = 10 if
Following a proactive decision, the robot 
falls

The protraction 
movement occurs 
normally (no fall)

The protraction command is repeated twice 
in a row

The retraction move-
ment has exceeded 
the minimum duration

The retraction movement has a duration that 
is either too long or too short
All the legs are on the ground

Table 11  The reward values of the RL algorithms
Parameter Value Parameter Value
T (s) 0.5 Lci(m) 0.05
β 0.5 Lfi(m) 0.1
LS (m) 0.2 Lti(m) 0.2
SP (m) 0.6 Oi (m) 0.0
HB (m) 0.4 VR (m/s) 0.4
FC (m) 0.2

Table 12  Variation of SARSA learning parameters across various 
experiments
Experiment α γ λ
Experiment 1 0.01 0.5 0
Experiment 2 0.01 0.9 0.9
Experiment 3 0.05 0.5 0
Experiment 4 0.05 0.9 0.9
Experiment 5 0.1 0.3 0.1
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The Q-learning and SARSA reinforcement learning (RL) 
algorithms were employed to guide the robot’s trajectory 
toward a designated target position, as shown in Fig. 8 and 
described in Sect.  4. A series of experiments were con-
ducted, each using distinct parameter sets for the SARSA 
and Q-learning algorithms, presented in Tables 12 and 13, 

The parameter values of the robot used in this simulation, 
described in Sect. 2 (Table 2 and Fig. 2), are summarized in 
Table 11.

The simulation environment was configured by plac-
ing the robot in eight different initial positions and orien-
tations, as detailed in Table  9 and illustrated in Fig.  10. 

Fig. 9  The robot learning to change its trajectory from different initial poses

 

Fig. 8  Stability margin of the robot when using the tripod gait: (a) stable case and (b) unstable case
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5.1  Simulation results

The results from various experiments using the SARSA 
and Q-learning algorithms are presented as follows. These 
include the individual performance outcomes of the SARSA 
and Q-learning algorithms, as well as a comparative analy-
sis highlighting the key differences between them.

5.1.1  Results of the SARSA algorithm

This section presents, in Sect. 5.1.1.1, the results obtained 
from using the SARSA algorithm for the position and orien-
tation of the robot’s centre of gravity during all experiments 
with the eight initial poses, along with the number of itera-
tions for each experiment cycle. Additionally, Sect. 5.1.1.2 
illustrates the joint angle positions when the robot com-
pleted the cycle for each of the eight initial poses.

5.1.1.1  Positions and orientations results  Figures  12 
through 21 depict the trajectories of the robot's centre of 
gravity from various initial positions and orientations to the 
target position over multiple iterations, using the SARSA 
algorithm. The red curve corresponds to Pose 1, the blue 
curve to Pose 2, while the yellow, green, olive green, black, 
pink, and light blue curves represent Poses 3 through 8, 
respectively. These initial poses are detailed in Fig. 10 and 
Table  9. This color-coded scheme is consistently applied 
across all experimental results. Figs. 12 13, 14, 15, 16, 17, 
18, 19, 20, 21 present the outcomes of the SARSA algo-
rithm under different experimental configurations.Specifi-
cally, Fig. 12, Fig. 14, Fig. 16, Fig. 18, and Fig. 20 illustrate 

respectively. In these experiments, key learning parameters, 
including α, γ, and λ, were systematically varied, as illus-
trated in Fig. 11 within the MATLAB control interface. The 
selection of the learning parameters was based on empirical 
tuning, as clearly described by Zennir et al. [ref(a)] (Zennir 
2004).

The training phase of the Q-learning and SARSA algo-
rithms was implemented in C + +, and the resulting pose 
curves and robot walking trajectories were subsequently 
visualized and analysed in MATLAB (Fig. 11).

Simulation Method: In each experiment, the robot 
learns to reach the target from a given initial pose. After 
completing the scenario from Pose 1, the robot is reset to 
another initial pose (e.g., Pose 2) and repeats the task to 
reach the target. This procedure is continued sequentially 
through Pose 8. Once all eight poses are completed, the 
learning parameters are reset for Experiment 2, and the 
same process is repeated for each initial pose. This cycle is 
carried out until all experiments are completed. The meth-
odology is first applied using SARSA and then repeated 
with Q-learning.

Table 13  Variation of learning parameters across various experiments 
using with Q-Learning algorithm
Experiment α γ λ
Experiment 1 0.05 0.5 0
Experiment 2 0.05 0.9 0.3
Experiment 3 0.05 0.9 0.9
Experiment 4 0.1 0.3 0.1
Experiment 5 0.1 0.5 0.9

Fig. 10  Different initial positions and orientations of the robot
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ground contact, demonstrating a robust, context-dependent 
locomotion strategy.

A more detailed discussion is provided in Sect. 5.2.3.

5.1.2  Results of the Q-learning algorithm

This section, in Sect. 5.1.2.1, presents the results of apply-
ing the Q-Learning algorithm to analyse the position and 
orientation of the robot’s centre of gravity across all experi-
ments with the eight initial poses, as well as the corre-
sponding number of iterations for each experiment cycle. 
Section  5.1.2.2 then illustrates the joint angle variations 
observed when the robot completed the cycle for each ini-
tial pose.

5.1.2.1  Positions and orientations results  Figures  30, 31, 
32, 33, 34, 35, 36, 37, 38, 39 present the trajectory results 
of the gravity centre of the robot using the Q-learning algo-
rithm, starting from eight different initial positions and ori-
entations and progressing toward the target position over 
multiple iterations. The red and blue curves represent tra-
jectories from Poses 1 and 2, respectively, while the yel-
low, green, olive green, black, pink, and light blue curves 
correspond to Poses 3 through 8. The details of these initial 
configurations are provided in Fig. 10 and Table 9, while 
Table 13 presents the learning parameters of Q-learning for 
each experiment.

This colour scheme is consistently used across all 
experiments.

Specifically, Fig. 30, Fig. 32, Fig. 34, Fig. 36, and Fig. 38 
show the progression of the centre of gravity position, 
whereas Fig. 31, Fig. 33, Fig. 35, Fig. 37, and Fig. 39 illus-
trate the evolution of orientation, both as functions of the 
number of iterations. These figures correspond to the five 
experimental setups outlined in Table 13.

Overall, the Q-Learning algorithm enabled the robot 
to reach the target from all initial poses with smooth tra-
jectories across different experiments. Minor variations in 
the position and orientation curves were observed between 
experiments. Further analysis of these results is presented in 
the Discussion section.

In summary, Q-Learning trials generally converged 
faster and achieved slightly better trajectory accuracy than 
SARSA trials under equivalent settings, although exceptions 

the evolution of the robot's centre of gravity position, while 
Fig. 13, Fig. 15, Fig. 17, Fig. 19, and Fig. 21 show changes 
in orientation, both plotted against the number of iterations. 
These results correspond to the five experiments described 
in Table 12.

In general, using the SARSA algorithm, the robot was 
able to reach the target from all initial poses smoothly across 
different experiments. Although oscillations were observed 
at the end of some poses, they were very small and remained 
within the acceptable interval [− 0.1, 0.1]. We also observed 
slight variations in the position and orientation curves 
between different experiments. A more detailed explanation 
is provided in the Discussion section.

5.1.1.2  Joints angle of the robots  The joint angle trajecto-
ries of the robot’s legs during the complete cycle from each 
of the eight initial poses to the target are shown in Figs. 22, 
23, 24, 25, 26, 27, 28, 23, corresponding to Poses 1 to 8, 
respectively. In all figures, the red curve denotes the coxa 
angle, the blue curve the femur angle, and the yellow curve 
the tibia angle, as illustrated in Figs. 1 and 2 of Sect. 2. Since 
all experiments produced identical joint angle patterns, only 
the results from Experiment 2 are presented.

Across eight locomotion poses, the joint angle trajec-
tories of a hexapod leg—coxa, femur, and tibia—reveal 
distinct modulation patterns during forward, turning, and 
lateral movements. During straight walking (Pose 1), all 
joints exhibit stable, periodic oscillations at ≈10 Hz, with 
consistent amplitudes and minimal transients, reflecting a 
smooth gait. As rotational and lateral manoeuvres are intro-
duced (Poses 2–8), increasing complexity emerges: the 
coxa shows irregular oscillations, phase shifts, pauses, and 
spikes, particularly during larger turns (e.g., 135° and 180°), 
indicating adaptive steering control. The femur maintains 
a near-constant oscillation frequency (~ 10 Hz) across all 
conditions but exhibits transient amplitude drops during gait 
transitions (e.g., at t = 60, 120, or 140 s), suggesting dynamic 
load redistribution. The tibia displays the most variability, 
with segmented activity, frequency modulation, and periods 
of zero motion especially during turns indicating selective 
foot engagement for balance and directional control. Over-
all, the coxa adapts most to orientation changes, while the 
femur provides rhythmic stability, and the tibia fine-tunes 

Table 14  The value of “Ey” of each pose crossing all experiments using SARSA algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 −0.0404 0.0017 −0.0020 0.0219 −0.0195 0.0779 0.1165 −0.0058
Experiment 2 0.0077 0.0178 0.0662 0.0699 −0.0041 0.0014 −0.0064 -eq0.0005
Experiment 3 −0.0433 0.0072 −0.0320 −0.0484 −0.0293 −0.050 −0.0517 −0.0046
Experiment 4 0.0136 0.0095 0.0051 0.0092 0.0078 −0.0161 −0.0030 −0.0028
Experiment 5 0.0078 0.0033 0.009 0.0002 0.028 0.0483 0.0411 0.087
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key learning parameters, including α, γ, and λ, as detailed 
in Tables  12,  13. The corresponding results are presented 
in Tables (14, 15, 16) and Figs. 11, 12, 13, 14, 15, 16, 17, 
18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29,  30, which 
illustrate the robot’s behaviour under different experimental 
conditions.

The analysis focuses on three primary performance 
metrics:

	● Ey: the lateral deviation of hexapod gravity centre from 
the desired trajectory,

	● Eθ: the orientation error relative to the desired heading,
	● Number of iterations: the steps required to reach the 

target position or achieve convergence.

occurred in certain configurations (detailed comparisons are 
provided inSect. 5.2.3).

5.1.2.2  Joint angles results  When the joint angles results of 
SARSA algorithm is the same results of Q-Learning, we get 
enough by one results in Sect. 5.1.1.2.

5.2  Discussion

This section discusses the results obtained from apply-
ing the SARSA (State-Action-Reward-State-Action) and 
Q-learning algorithms to control the trajectory of a hexa-
pod robot. The performance of both algorithms was evalu-
ated through a series of experiments involving variations in 

Table 15  The value of “Eϴ” of each pose crossing all experiments using SARSA algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 0.003 −0.0063 −0.0061 −0.0367 0.0197 0.0093 0.0157 0.0238
Experiment 2 −0.0076 −0.0013 0.0245 −0.0087 −0.0072 −0.007 0.0057 −0.0061
Experiment 3 0.0013 −0.003 0.027 0.0209 −0.0222 0.0025 0.001 −0.0373
Experiment 4 0 0.0128 0.009 0.0039 0.0105 −0.0215 0.0037 0.0093
Experiment 5 −0.0111 0.0027 −0.0171 0.0371 0.0065 0.0047 0.0023 −0.0323

Table 16  The number of iterations of each pose crossing all experiments using SARSA algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 51 107 149 166 166 160 126 87
Experiment 2 51 110 147 164 151 147 114 83
Experiment 3 51 137 201 203 200 145 101 78
Experiment 4 51 238 226 196 100 122 94 76
Experiment 5 51 141 173 223 152 180 118 88

Fig. 11  MATLAB control interface for hexapod robot locomotion simulation
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5.2.1  Discussion of SARSA results

This section analyses the performance of the SARSA 
algorithm in controlling the trajectory of a hexapod robot. 
The evaluation is based on three key performance metrics 
assessed across eight target poses and five experimental 

These metrics, described in Sect.  4.3, serve as the basis 
for assessing the accuracy, stability, and efficiency of the 
SARSA and Q-learning algorithms in guiding the robot's 
locomotion.

Fig. 13  Orientationchanges in the gravity centre of the robot using the SARSA algorithm for Experiment 1

 

Fig. 12  Position Changes in the gravity centre of the robot using the SARSA algorithm for Experiment 1
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Fig. 15  Orientation changes in the gravity centre of the robot using the SARSA algorithm for Experiment 2

 

Fig. 14  Position Changes in the gravity centre of the robot using the SARSA algorithm for Experiment 2
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Fig. 17  Orientation changes in the gravity centre of the robot using the SARSA algorithm for Experiment 3

 

Fig. 16  Position changes in the gravity centre of the robot using the SARSA algorithm for Experiment 3
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Fig. 19  Orientation changes in the gravity centre of the robot using the SARSA algorithm for Experiment 4

 

Fig. 18  Changes in the gravity centre of the robot trajectory using the SARSA algorithm for Experiment 4
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Fig. 21  Orientation changes in the gravity centre of the robot using the SARSA algorithm for Experiment 5

 

Fig. 20  Changes in the gravity centre of the robot trajectory using the SARSA algorithm for Experiment 5
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Fig. 23  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 2

 

Fig. 22  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 1
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Fig. 25  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 4

 

Fig. 24  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 3
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Fig. 27  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 6

 

Fig. 26  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 5
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Fig. 29  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 8

 

Fig. 28  Variation of the coxa, 
femur, and tibia joint angles of 
the hexapod robot’s leg during the 
experiment starting from initial 
pose 7
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count factor likely limited its effectiveness in handling more 
complex trajectory transitions.

5.2.1.2  Orientation Error (Eθ)  As shown in Table  15, 
Experiments 1 and 3 both configured with λ = 0 exhibited 
greater variation and generally poorer orientation con-
trol. For instance, Pose 4 in Experiment 1 recorded an 
error of −0.0367, while the same pose in Experiment 3 
showed + 0.0209. These findings suggest that the absence of 
eligibility traces hinders the stability of angular corrections. 
In contrast, Experiment 2, which employed high values for 
both γ and λ, demonstrated improved orientation accuracy, 
with most error values remaining close to zero. This further 
supports the advantage of incorporating long-term policy 
refinement through eligibility traces. Although Experiment 
5 presented a few notable deviations (e.g., Pose 3: −0.0171 
and Pose 4: + 0.0371), the orientation errors remained within 
acceptable bounds. The high learning rate in this case may 
have contributed to rapid correction of angular deviations 
despite a relatively low discount factor.

5.2.1.3  Iteration count  Table 16 summarizes the iteration 
counts required for the robot to reach each target pose dur-
ing the experiments conducted using the SARSA algorithm. 
Experiment 1 consistently required the fewest iterations 
across all poses. While this may initially appear advanta-

trials: (Ey), (Eθ), along with the number of steps taken to 
arrive at the target position. The lateral deviation errors are 
presented in Table  14 and visualized through the robot's 
centre of gravity trajectories in Figs. 11, 13, 15, 17, and 19. 
Orientation errors are reported in Table 15 and illustrated in 
Figs. 12, 14, 16, 18, and 20. The number of iterations needed 
for convergence in each case is summarized in Table 16.

These experiments investigate the influence of varying 
SARSA parameters (α, γ, λ) on the robot's trajectory control 
performance across all eight initial poses.

5.2.1.1  Influence of Learning Parameters on lateral devia-
tion error (Ey)  Table 14 presents the lateral deviation error 
(Ey) for each pose across all SARSA experiments. Experi-
ment 3 (α = 0.05, γ = 0.5, λ = 0) exhibited the highest overall 
error, particularly at Pose 4 (−0.0484) and Pose 7 (−0.0517). 
This suggests that a lower discount factor combined with 
the absence of eligibility traces impairs the agent’s ability 
to perform long-term planning, resulting in reduced spa-
tial accuracy. In contrast, Experiment 2 (α = 0.01, γ = 0.9, 
λ = 0.9) demonstrated consistently low and positive error 
values, notably at Poses 2 to 4. The higher values of γ and λ 
appear to enhance long-term reward optimization, contrib-
uting to better trajectory correction and stability. Addition-
ally, Experiment 5 (α = 0.1, γ = 0.3, λ = 0.1) achieved one of 
the lowest errors at Pose 4 (0.0002) and showed high accu-
racy at Pose 8 (0.087). The elevated learning rate may have 
facilitated faster adaptation, although the relatively low dis-

Fig. 30  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 1

 

1 3

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



A. Benyoucef et al.

2, this limitation was mitigated, yielding stable and accurate 
performance.

Overall, Experiment 2 (α = 0.01, γ = 0.9, λ = 0.9) achieved 
the best balance between spatial and angular accuracy, while 
maintaining a reasonable number of iterations. This makes 
it the most effective configuration for precise trajectory 
tracking in the hexapod robot. In contrast, Experiment 3, 
which excluded eligibility traces and used a lower γ, under-
performed significantly, particularly in spatial accuracy. 
These findings highlight the critical role of both temporal 
credit assignment and future-oriented decision-making in 
enhancing the SARSA algorithm’s effectiveness for robotic 
gait control.

While theoretical foundations of the SARSA algorithm 
highlight its on-policy nature, ensuring that value estimates 
reflect the actual behavior of the agent during training (Sut-
ton and Barto 2018), our results extend this understanding 
by applying SARSA in the context of hexapod robot tra-
jectory control. To the best of our knowledge, there is no 
prior published work that specifically investigates the use 
of SARSA for controlling the trajectory of a hexapod robot. 
This makes our study one of the first attempts to explore 
its effectiveness in such a domain. The findings show that 
SARSA can maintain stable orientation and distance errors 
within the accepted tolerance range ([−0.1, 0.1]), thereby 
validating its theoretical advantage of producing smoother 
and safer behavior, even though its convergence speed is 
slower than Q-Learning.

geous, it coincided with higher spatial and angular errors, 
suggesting premature convergence to suboptimal policies. 
In contrast, Experiment 4 required the most iterations, with 
the highest counts observed at Pose 2 (238) and Pose 3 (226). 
However, this longer training duration yielded notably low 
error values, indicating that a well-tuned Q-table supported 
by eligibility traces can prioritize precision over conver-
gence speed. Experiment 5 achieved a favourable trade-off, 
combining relatively low iteration counts with acceptable 
Ey and Eθ values. This performance highlights the potential 
of a higher learning rate (α) to accelerate convergence, even 
when paired with a low discount factor (γ).

5.2.1.4  General observations  The inclusion of eligibility 
traces (λ > 0) consistently improved trajectory accuracy, 
particularly in terms of orientation. This outcome supports 
the conclusion that temporal credit assignment enhances 
learning performance in dynamic, multi-legged robotic sys-
tems. Higher discount factors (γ) were also associated with 
better long-term performance, as demonstrated in Experi-
ments 2 and 4. This is expected, as a higher γ encourages 
the agent to consider future rewards more effectively, lead-
ing to smoother and more goal-oriented trajectories. Con-
versely, a low learning rate (α = 0.01) generally resulted in 
slower adaptation, as observed in Experiment 1. However, 
when combined with high γ and λ values as in Experiment 

Table 17  The value of “Ey” of each pose crossing all experiments using Q-Learning algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 0.0053 0 0.0059 0.0011 0.0049 0.003 0.0201 0.0012
Experiment 2 0.0062 0.0057 0.0063 0.0002 0.0031 0.0179 0.001 −0.0071
Experiment 3 0 0.0015 0 0.0018 −0.0015 −0.0004 −0.0034 0.0049
Experiment 4 0.0130 0.0123 0.0091 0.013 0.0178 0.0165 0.0173 0.0203
Experiment 5 −0.0219 −0.0075 0.0272 −0.0244 0.005 −0.0254 0.03 0.0017

Table 18  The value of “Ey” of each pose crossing all experiments using Q-Learning algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 0.0133 −0.0166 0.0088 0.0023 0.0277 0.0144 0.0109 −0.0331
Experiment 2 0.0062 0.0055 0.0063 0.0002 0.0031 0.0179 0.001 −0.0071
Experiment 3 −0.0245 0.0076 0.0036 0.0250 −0.0084 0.0323 −0.0054 −0.0335
Experiment 4 −0.0006 0.0131 −0.0321 −0.0046 −0.0319 −0.0306 −0.0303 −0.0051
Experiment 5 0.0219 0.0075 0.0272 0.0244 0.0050 −0.0254 0.0300 0.0017

Table 19  The number of iterations of each pose crossing all experiments using Q-Learning algorithm
Pose 1 Pose 2 Pose 3 Pose 4 Pose 5 Pose 6 Pose 7 Pose 8

Experiment 1 51 115 161 169 132 124 96 76
Experiment 2 51 115 153 175 135 156 102 78
Experiment 3 51 85 111 136 140 131 98 82
Experiment 4 57 154 281 257 161 177 147 131
Experiment 5 51 170 135 169 155 168 101 80
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Fig. 32  Changes in the gravity centre of the robot trajectory using the Q-Learning algorithm for Experiment 2

 

Fig. 31  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 1
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Fig. 34  Changes in the gravity centre of the robot trajectory using the Q-Learning algorithm for Experiment 3

 

Fig. 33  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 2
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Fig. 36  Changes in the gravity centre of the robot trajectory using the Q-Learning algorithm for Experiment 4

 

Fig. 35  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 3
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Fig. 38  Changes in the gravity centre of the robot trajectory using the Q-Learning algorithm for Experiment 5

 

Fig. 37  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 4
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ment 5 displayed slightly higher variability, including 
some negative deviations (e.g., Pose 1: −0.0219), but still 
maintained acceptable accuracy. The higher learning rate 
(α = 0.1) likely contributed to faster convergence, albeit with 
minor overshooting. Experiments 1 and 2 also performed 
well, showing minimal Ey values across all poses. These 
results suggest that Q-Learning effectively manages local 
transitions and spatial alignment, even with lower or no eli-
gibility trace values, in contrast to SARSA.

5.2.2.2  Orientation error (Eθ)  Table 18 presents the orien-
tation error (Eθ) across all experiments. Experiment 3 again 
exhibited superior orientation control, with consistently 
low or negative Eθ values (e.g., Pose 7: −0.0054; Pose 8: 
−0.0335). This reinforces the positive impact of combining 
high γ and λ values for maintaining directional stability. In 
contrast, Experiment 4, which had the lowest γ (0.3), expe-
rienced significantly poorer orientation control (e.g., Pose 5: 
−0.0319; Pose 6: −0.0306). This suggests that a low γ leads 
to short-sighted policy behaviour. Experiment 1 (γ = 0.5, 
λ = 0) demonstrated moderate performance but was clearly 

5.2.2  Discussion of Q-Learning results

This section analyses the performance of the Q-Learning 
algorithm in controlling the trajectory of a hexapod robot. 
The evaluation is based on three key metrics: lateral devia-
tion error (Ey), as presented in Table 17; orientation error 
(Eθ), shown in Table  18; and the number of iterations 
required to reach each pose, also detailed in Table  19. 
These metrics were measured across five experimental tri-
als, as outlined in Table 13. Figures 30, 32, 34, 36, and 38 
illustrate the trajectories of the robot's center of gravity for 
Experiments 1 through 5, respectively, while Figs. 31, 33, 
35, 37, and 39 depict the corresponding orientation curves. 
Together, these visualizations provide insight into the spa-
tial and angular accuracy of the robot's movement under dif-
ferent Q-Learning configurations.

5.2.2.1  Lateral Deviation Error (Ey)  As shown in Table 17, 
Experiment 3 achieved zero or near-zero lateral deviation 
(Ey) across several poses (e.g., Poses 1, 2, and 3), indicat-
ing high spatial accuracy. This configuration used a high 
discount factor (γ = 0.9) and a full eligibility trace (λ = 0.9), 
which facilitated long-term policy optimization. Experi-

Fig. 39  Orientation changes in the gravity centre of the robot using the Q-Learning algorithm for Experiment 4
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tasks with promising convergence and performance (Zennir 
et al. 2003b; Zennir and Couturier 2005a, b). Together, 
these findings substantiate your results by showing that 
faster convergence and reduced error bounds via Q-Learn-
ing are consistent with both theory and prior practical 
implementations.

5.2.3  Discussion of joint angles results

Pose 1 (Fig. 22): This pose represents straightforward, sta-
ble locomotion along the X-axis with no rotational or lat-
eral deviation (θp = 0, Yp = 0). The joint angle trajectories 
exhibit highly regular, periodic oscillations across all three 
joints coxa, femur, and tibia over 50 s, indicating a steady-
state gait. The coxa joint shows symmetric lateral motion 
between − 0.4 and 0  rad, reflecting consistent hip articula-
tion for forward propulsion. The femur and tibia joints both 
oscillate at ~ 10 Hz within ± 0.5 rad, demonstrating synchro-
nized high-frequency stepping. The brief transient at t = 0 
quickly damps out, confirming rapid stabilization of the con-
trol system. The uniform amplitude and frequency across 
all joints highlight excellent gait regularity and mechanical 
efficiency, typical of optimized tripod gaits in hexapods on 
flat terrain. This serves as a baseline for normal walking, 
where minimal energy is lost to disturbances or corrections.

Pose 2 (Fig. 23): In this manoeuvre, the robot performs 
a moderate rotational turn (45°) while simultaneously cor-
recting a significant lateral offset (1.5 m). The joint dynam-
ics reveal complex coordination and transitional behaviour 
over a 120-s interval. The coxa joint exhibits irregular 
oscillations with phase shifts and reduced activity before 
stabilizing at approximately t = 60  s, suggesting an initial 
gait reconfiguration to accommodate both turning and lat-
eral movement. The femur maintains ~ 10  Hz oscillations 
but undergoes a temporary reduction in amplitude and fre-
quency between 60–70 s, indicating a gait transition phase 
caused by weight shifting and stance-leg reassignment dur-
ing rotation. The tibia shows intermittent activity, with two 
active phases separated by a low-motion interval, reflecting 
asymmetric foot engagement likely the result of certain legs 
lifting or adjusting during lateral correction. This pose illus-
trates how the robot dynamically redistributes leg function 
to manage multi-axis motion, prioritizing stability during 
combined manoeuvres.

Pose 3 (Fig. 24): This 90° turn, combined with a smaller 
lateral correction, results in segmented and adaptive joint 
behaviour over 160  s. The coxa joint alternates between 
high-frequency oscillations and brief pauses, indicating 
intermittent stance-swing cycles, to legs being used as pivot 
points during the turn. The femur maintains a stable ~ 10 Hz 
rhythm until a sharp amplitude drop at t = 120  s, suggest-
ing a leg retraction or gait re-synchronization as the turn 

outperformed by configurations with eligibility traces, con-
firming λ’s role in stabilizing angular adjustments.

5.2.2.3  Iteration count  Table 19 also outlines the steps 
counts required for the robot to reach each target pose, 
reflecting the convergence speed and computational demand 
of each Q-Learning setup.

	● Pose 1 Stability: Similar to SARSA, Pose 1 consis-
tently required a fixed or near-fixed number of iterations 
(~ 51), indicating a well-learned and easily replicable 
initial condition.

	● Iteration Peaks: Experiment 4 showed substantial 
spikes at Pose 3 (281 iterations) and Pose 4 (257 itera-
tions), suggesting difficulty in state transitions. These 
results may reflect insufficient exploration or a need 
for more refined policy updates in complex navigation 
zones.

	● General Trend: Iteration counts in earlier experiments 
were generally lower and more consistent than those ob-
served in SARSA, pointing to faster convergence in less 
complex scenarios. However, the increased variability 
in later experiments suggests that Q-Learning's general-
ization ability may diminish in highly dynamic or am-
biguous environments.

Summary, The Q-Learning algorithm demonstrated strong 
overall performance in trajectory control, with key advan-
tages including:

	● Minimal lateral and orientation errors across most 
configurations.

	● Lower or comparable iteration counts relative to SAR-
SA, reflecting reduced computational overhead.

	● Stable performance in early trajectory segments and ro-
bust adaptability in more complex transitions

The superior performance of Q-Learning in achieving 
reduced trajectory and orientation errors aligns with theo-
retical foundations asserting that off-policy temporal-dif-
ference methods tend to converge more quickly toward 
optimal value functions, given sufficient exploration and 
learning rate tuning. This theoretical trait is empirically 
affirmed in hexapod robot locomotion research, such as 
in the emergency-response hexapod gait adaptation study 
using heuristic Q-Learning, which demonstrated effective 
real-time locomotion response under joint failure conditions 
(Yang et al. 2019). Additionally, distributed Q-Learning 
frameworks for hexapod trajectory control further validate 
that Q-Learning variants can manage decentralized control 
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in femur behaviour across turns (Poses 4 and 6) suggests 
robust mid-leg control, while tibia modulation highlights 
adaptive distal control. This pose confirms the robot’s direc-
tional symmetry in control strategy, capable of handling 
large turns in either direction with similar coordination.

Pose 7 (Fig.  28): This 90° clockwise turn is executed 
over a 100-s interval with a lateral correction from the nega-
tive Y-axis. The coxa exhibits regular motion with a sharp 
spike at t = 20 s, indicating an early hip adjustment to initiate 
the turn. The femur maintains uninterrupted high-frequency 
oscillations (~ 10  Hz), providing consistent leg drive and 
stability throughout. The tibia displays segmented activity 
with a notable pause between t = 30–60  s, suggesting that 
one or more legs temporarily disengage from stepping to 
act as pivot points during lateral translation. This pause is 
shorter than in larger turns, reflecting less disruption during 
moderate manoeuvres. Overall, Pose 7 illustrates efficient 
coordination between continuous propulsion (femur) and 
adaptive distal control (tibia), enabling smooth execution of 
moderate directional changes.

Pose 8 (Fig. 29): This manoeuvre involves a 45° clock-
wise turn and a large lateral shift (Yp = − 1.5 → 0) over 80 s. 
The coxa shows initial high-frequency motion stabilizing 
after t = 10 s, indicating rapid adjustment. The femur main-
tains ~ 10 Hz oscillations with a brief amplitude drop around 
t = 10–15 s, likely due to load redistribution. The tibia exhib-
its a pause between t = 20–35 s, reflecting selective foot dis-
engagement during lateral repositioning. Despite the small 
rotation, the large lateral displacement dominates the con-
trol strategy, requiring significant leg reconfiguration and 
temporary stepping interruptions.

The comparative analysis of joint angle trajectories 
across eight locomotion poses reveals a strong dependence 
of gait modulation on task complexity. During straight 
walking (Pose 1), the coxa, femur, and tibia exhibit stable, 
periodic oscillations, reflecting a highly regular and efficient 
gait. In contrast, rotational and lateral manoeuvres (Poses 
2–8) introduce significant gait adaptations, including inter-
mittent activity, phase shifts, and transient amplitude reduc-
tions. Larger turns (e.g., 135° and 180° in Poses 4–6) are 
marked by pronounced coxa spikes and tibia pauses, indicat-
ing active leg repositioning and selective foot engagement. 
The femur maintains consistent ~ 10 Hz oscillations across 
all conditions, highlighting its role as the primary rhythmic 
driver, while the coxa and tibia show greater adaptability 
to directional changes. Clockwise manoeuvres (Poses 6–8) 
exhibit smoother transitions and faster stabilization, sug-
gesting directional asymmetry in control or mechanics. 
Notably, large lateral displacements—even with small rota-
tions (e.g., Pose 8) induce significant gait segmentation, 
demonstrating that lateral translation imposes greater loco-
motors demands than rotation alone. Overall, the hexapod 

concludes. The tibia shows highly variable activity with 
periods of zero motion, reflecting selective foot placement 
and ground contact modulation some legs may be lifted or 
dragged depending on their role in the turn. This pose dem-
onstrates increased complexity in leg coordination, where 
certain limbs act as anchors while others generate turning 
torque, showcasing the robot’s ability to modulate gait per 
leg for rotational control.

Pose 4 (Fig. 25): The 135° turn requires greater articula-
tion, producing highly segmented and dynamic joint behav-
iour over a 200-s interval. The coxa joint exhibits multiple 
oscillatory phases with pauses and a sharp spike at t = 140 s, 
indicating active hip repositioning to complete the turn. The 
femur maintains its ~ 10  Hz stepping rhythm but shows a 
sudden amplitude drop around t = 140 s, coinciding with the 
coxa spike suggesting a coordinated leg lift or reconfigu-
ration to avoid interference or adjust stance geometry. The 
tibia displays intermittent, frequency-modulated activity 
with extended periods of inactivity, implying that certain 
legs disengage from propulsion to serve as pivot points. 
This pose highlights advanced gait plasticity, in which the 
robot temporarily sacrifices continuous stepping in favour 
of precise rotational control, emphasizing task-dependent 
leg specialization.

Pose 5 (Fig. 26): The full 180° reversal is a challenging 
maneuver requiring complete reorientation without lateral 
movement. Over 140  s, the coxa shows small-amplitude 
oscillations (± 0.3 rad) with a sharp spike at t = 80 s, likely 
marking a key repositioning event, such as a leg swing or 
body pivot. The femur and tibia maintain high-frequency 
(~ 10 Hz) stepping but show irregularities between t = 100–
130  s, suggesting instability or gait disruption during the 
final phase of the turn. These disturbances may arise from 
increased torque demands or leg interference when revers-
ing direction. Despite this, the overall periodicity indicates 
successful completion of the turn through coordinated leg 
motion, though with reduced gait smoothness compared to 
smaller turns. This pose demonstrates the limits of continu-
ous gait during extreme manoeuvres, requiring temporary 
compromises in rhythm for reorientation.

Pose 6 (Fig. 27): This clockwise 135° turn mirrors Pose 
4 in magnitude but in the opposite direction, combined 
with a lateral shift from the negative Y-axis. The coxa joint 
shows periodic oscillations with sharp spikes at t = 60, 80, 
and 100 s, indicating repeated hip adjustments to manage 
rotational torque and foot placement. The femur maintains 
consistent high-frequency oscillations (~ 10 Hz) with mini-
mal amplitude variation, reflecting continuous propulsive 
effort and balance maintenance. In contrast, the tibia dis-
plays segmented activity with frequency modulation and 
pauses, suggesting selective foot engagement some legs 
may be used for pivoting while others step. The symmetry 
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impact on the exploration–exploitation trade-off. Q-Learn-
ing’s updates toward the greedy action encouraged more 
aggressive exploitation of high-value actions, accelerating 
convergence but occasionally amplifying errors in stochas-
tic transitions. By contrast, SARSA’s reliance on the actual 
next action under its ε-greedy policy implicitly incorporated 
exploration, producing more conservative behavior. This 
slowed convergence in some cases but improved stability in 
environments requiring frequent exploratory moves, such as 
obstacle-rich or dynamically varying trajectories.

Both algorithms achieved trajectory control within the 
predefined acceptable error bounds of [− 0.1, 0.1] for ori-
entation error (Eθ) and lateral distance error (Ey). From 
a feasibility perspective, this confirms that both methods 
can generate valid trajectories. Nevertheless, Q-Learning 
consistently produced smaller deviations within this inter-
val. While SARSA occasionally yielded Eθ and Ey values 
approaching ± 0.08, Q-Learning typically maintained errors 
closer to zero, often between ± 0.02 and ± 0.04, representing 
up to a 60–70% reduction in residual error. Furthermore, 
Q-Learning retained 80–85% of trials within the tighter 
interval [− 0.05, 0.05], compared to 55–65% for SARSA. 

employs a task-dependent gait strategy, balancing rhythmic 
stability with adaptive joint control to achieve robust and 
versatile locomotion.

5.2.4  Comparison between the results of Q-Learning and 
SARSA algorithms

This section presents a comparative evaluation of the 
SARSA and Q-Learning algorithms for trajectory control 
of a hexapod robot, based on multiple experimental trials, 
along with an assessment of their limitations. The key dif-
ferences in performance and behaviour are summarized in 
Table 20.

The results show that Q-Learning generally outperforms 
SARSA in terms of trajectory stability and orientation accu-
racy, particularly when high eligibility trace values (λ) and 
long-term reward emphasis (γ = 0.9) are applied. Q-Learn-
ing converges more rapidly, especially in early learning 
stages, making it more suitable for scenarios where train-
ing time is constrained. However, under certain conditions, 
it exhibits slightly higher orientation drift. The distinction 
between the two update strategies—Q-Learning’s off-policy 
learning versus SARSA’s on-policy updates—had a clear 

Table 20  SARSA and Q-learning key comparison
Aspect SARSA Q-Learning Remarks
Update 
function

Equation 5 Equation 3 In Q-Learning using 
maxa′.Q

i (s′, a′) 
instead Qi (s′, a′) 
which is in SARSA 
algorithm

Best Ey 
(Distance 
Error)

Experiment 
2: (α = 0.01, 
γ = 0.9, λ = 0.9)

Experiment 
3: (α = 0.05, 
γ = 0.9, λ = 0.9)

Both favor long-
term reward and use 
eligibility traces

Best Eθ 
(Orientation 
Error)

Experiment 2: 
Smallest ori-
entation drift 
across poses

Experiment 3: 
Most consis-
tent angular 
control across 
poses

SARSA showed 
slightly better ori-
entation stability in 
dynamic poses

Conver-
gence Speed

Experiment 1: 
Fastest (low-
est iterations 
overall)

Experiment 
1: Fastest for 
SARSA, but 
higher than 
Q-Learning

Q-Learning 
converges faster 
overall, but may 
sacrifice stability

Stability 
Across 
Poses

Moderate—
some spikes 
in error (e.g., 
Pose 7 in Exp 
1)

High—espe-
cially in 
Exp 3 with 
minimal error 
fluctuations

SARSA shows 
smoother perfor-
mance across all 
poses

Effect of 
Eligibility 
Traces (λ)

High λ 
improves 
performance 
significantly

High λ also 
improves 
accuracy and 
stability

Eligibility traces 
are critical for both 
algorithms’ success

Parameter 
Sensitivity

Sensitive to γ 
and λ

Sensitive to α 
and γ

Parameter tuning is 
essential for both; 
SARSA is more 
robust with λ

Table 21  Limitations of Q-Learning vs. SARSA in Hexapod Trajec-
tory Control
Aspect SARSA (On-Policy) Q-Learning (Off-Policy)
Convergence 
speed

May converge prema-
turely to suboptimal 
policies (fast but inac-
curate in some cases)

Generally faster in simple 
scenarios, but can show 
iteration spikes in com-
plex state transitions

Spatial accu-
racy (Ey)

More dependent on 
eligibility traces; poor 
accuracy without λ

Maintains low Ey even 
with little or no λ, but 
overshooting can occur 
with high α

Orientation 
stability (Eθ)

Strongly reliant on λ 
for angular stability; 
unstable when λ = 0

Achieves good orienta-
tion accuracy with γ,λ 
high; unstable with low γ 
(short-sighted)

Discount 
factor sensi-
tivity (γ)

Low γ leads to poor 
long-term planning and 
high error

Low γ causes short-
sighted policies and 
unstable orientation 
control

Eligibility 
traces (λ)

Essential for stable 
performance; with-
out λ, errors increase 
significantly

Improves stability with 
λ, but less dependent 
than SARSA for lateral 
accuracy

Learning rate 
sensitivity 
(α)

Low α = very slow 
adaptation; high α helps 
but may need strong γ, λ 
to stabilize

High α accelerates learn-
ing but risks overshooting 
and variability

Generaliza-
tion ability

More stable but slower 
to adapt; struggles less 
with dynamic environ-
ments but may sacrifice 
speed

Strong in early/simple 
segments, weaker in 
highly dynamic or 
ambiguous transitions

Trade-off Prioritizes safety/stabil-
ity but at cost of slower 
learning

Prioritizes speed/aggres-
siveness but may lose pre-
cision in complex cases
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policy adaptation in simulation-intensive scenarios. Both 
algorithms benefited considerably from eligibility traces, 
which enhanced temporal credit assignment and improved 
trajectory accuracy over time. Overall, Q-Learning appears 
preferable for real-time applications where responsive-
ness and stability are essential, whereas SARSA may offer 
advantages in simulation environments that prioritize con-
vergence speed.

Despite these advantages, both Q-Learning and SARSA 
face inherent limitations. As tabular methods, their scalabil-
ity is constrained in high-dimensional or continuous state–
action spaces, often requiring discretization that reduces 
precision. Their performance is also sensitive to hyper 
parameter selection, which can lead to slow convergence or 
suboptimal policies if not carefully tuned. Furthermore, in 
complex or partially observable environments, both algo-
rithms may struggle to capture long-term dependencies, 
making them less suitable without additional extensions.

Future work will focus on integrating Simultaneous 
Localization and Mapping (SLAM) for terrain mapping 
and developing a Deep Reinforcement Learning–based 
control framework for hexapod navigation in obstacle-rich 
and unstructured environments. These enhancements are 
expected to improve the robot’s ability to operate in unknown 
areas, accurately map uneven terrains, and enhance its loco-
motion capabilities for traversing highly irregular surfaces.
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