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 A B S T R A C T

Cable-driven hyper-redundant robots (CDHRRs) show great potential for confined-space detection due to their 
dexterity and adaptability. However, the redundant degrees of freedom (DoFs) present significant challenges 
for CDHRRs in planning feasible paths with stable configurations. To address this challenge, this paper presents 
a path-planning algorithm to improve the stability and applicability of generated paths. Firstly, the Soft 
Actor–Critic (SAC) algorithm is used to efficiently plan paths for CDHRR. To address the issue of unstable 
configurations, a path smoothness index and a reward function are designed to evaluate and enhance the 
feasibility of generated paths. Then, the Hindsight Experience Replay (HER) and Prioritized Experience Replay 
(PER) algorithms are applied to solve the sparse-reward problem of CDHRRs with corresponding scenarios. 
Finally, the proposed method is validated via both simulation and real-world experiments. Simulation results 
show that, compared to the Rapidly-exploring Random Tree Star (RRT*) and Arc-segment RRT (As-RRT), the 
computation time of the presented algorithm is reduced by 96.56% and 97.95%, respectively. Moreover, this 
deep reinforcement learning (DRL)-based algorithm generates smoother paths with a more stable configuration. 
In real-world experiments, the proposed algorithm demonstrates a 14.9% and 10% improvement in path 
smoothness and success rate over As-RRT.
. Introduction

Cable-driven hyper-redundant robots (CDHRRs) have gained in-
reasing attention because of their high flexibility and slim body 
ize [1–3]. These advantages contribute to their extensive applica-
ions in diverse fields, such as minimally invasive surgery [4–6], 
erospace [7,8], and nuclear industries [9–11]. In these safety-critical 
cenarios, the robot is often required to navigate cluttered and partially 
bserved workspaces while maintaining mechanically feasible and 
table configurations. Therefore, path-planning algorithms are crucial 
or improving task efficiency and success rates [12].
In this context, recent reviews on CDHRRs have summarized state-

f-the-art (SOTA) modeling and control methods. These reviews specif-
cally highlight the existing gap between geometric feasibility and me-
hanically stable execution in such confined, safety-critical workspaces
13–15]. As for CDHRRs’ path-planning algorithms, they are typi-
ally implemented in either the configuration space (C-space) or the 
orkspace (W-space). In C-space, algorithms like A* and Rapidly Ex-
loring Random Tree (RRT) are widely applied [16,17]. However, the 
* algorithm requires high computational complexity in continuous 
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spaces and dynamic environments [18]. Besides, RRT suffers from 
suboptimal non-smooth paths and inefficient exploration–exploitation 
balance [19,20]. More importantly, such search-based planners do 
not explicitly encode configuration stability for large-scale CDHRRs. 
Consequently, the resulting paths may be difficult to execute safely 
under strong antagonistic forces. Inverse kinematics-based W-space al-
gorithms utilize Follow-The-Leader (FTL) algorithm to solve the multi-
solution problem [21]. Nevertheless, these algorithms typically lead to 
suboptimal paths and unstable configurations [22]. To address these 
problems, Specialized Rapidly-exploring Random Tree (Sp-RRT) [23] 
and Arc-segment (As)-RRT [24] are proposed. However, Sp-RRT re-
quires complete information, which is unrealistic for most cases. Mean-
while, As-RRT also faces the issue of relying on manual teleoperation 
with visual guidance and an unsatisfactory task success rate [24]. 
Moreover, human intervention is indispensable since CDHRRs’ insta-
bility frequently results in low success rates. Overall, conventional 
model-based planners are often inadequate for large-scale CDHRR path 
planning in unknown environments. They struggle to jointly handle 
high-dimensional continuous control, partial observability, and config-
uration stability constraints.
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These observations reveal a key gap in large-scale CDHRR planning 
for unknown, confined environment. The planner should not only find 
collision-free solutions, but also explicitly evaluate and discourage me-
chanically unstable configurations, while preserving path smoothness 
and kinematic feasibility. Meanwhile, practical tasks such as obstacle 
avoidance and target grasping often provide sparse and delayed feed-
back, which calls for a learning paradigm with improved exploration 
and sample efficiency.

To address these limitations, Deep Reinforcement Learning (DRL) 
algorithms have been explored in path-planning. Proximal Policy Opti-
mization (PPO) [25,26] introduces a trust region, avoiding performance 
instability caused by excessive policy updates. However, it has limi-
tations such as slow strategy updates and unsatisfactory convergence 
speed in continuous action spaces. Deep Deterministic Policy Gradient 
(DDPG) [27,28] addresses the limitations by employing an actor–
critic architecture to handle high-dimensional continuous action spaces 
efficiently. Nonetheless, it is sensitive to hyperparameters and prone 
to local optima due to random noise. Soft Actor–Critic (SAC) [29] 
incorporates a maximum entropy framework to balance exploration 
and exploitation with a temperature parameter. This feature allows SAC 
to effectively plan a path and enhance stability [30]. Additionally, SAC 
achieves higher average rewards in robotic path-planning tasks, which 
is crucial for efficiently finding optimal paths [31]. However, directly 
applying SAC to large-scale CDHRRs is insufficient, because it does 
not explicitly account for the robot-specific challenges that dominate 
feasibility and safety in unknown environments. Furthermore, some 
algorithms fail to adequately account for the unique characteristics of 
continuum robots [32–34]. This omission not only hampers training 
efficiency but also hinders practical applications such as multi-target 
and FTL tracking.

Moreover, to avoid instability, many controllers are only tested in 
small-scale environments [27]. They are unable to reflect real-world 
scenarios where antagonistic forces and convoluted exploration paths 
are common [35,36]. Since robots have no prior knowledge of the 
unknown environment, the configuration during exploration requires 
careful consideration. Specifically, for large-scale continuum robots, 
such as the SJTU-Snake III with 24 redundant degrees of freedom 
(DoFs), instability configuration is highly likely to be induced. If the 
robot explores the environment in a haphazard manner, an unstable 
W-shaped configuration is highly likely to occur, owing to antagonistic 
forces [37]. This concern is consistent with prior force-closure analysis 
of cable-driven open chains, which shows that equilibrium feasibility 
depends on the existence of positive cable tensions under a given 
configuration and cable-routing condition [38]. In CDHRRs, cable-hole 
friction, stick–slip transitions, and loading history can further affect the 
evolution of driving forces during trajectory tracking [39]. Therefore, 
abrupt or highly non-uniform curvature variations may indicate po-
tentially unfavorable tension distributions or mechanically less stable 
configurations.

Furthermore, this instability is not merely a performance issue. It 
can lead to poor repeatability, abrupt motion, and increased risk of 
mechanical overload during interaction. SAC also faces challenges in 
addressing sparse-reward tasks, which are prevalent in path-planning 
applications [40]. From a broader robotics perspective, robot DRL sur-
veys have identified a mainstream SOTA direction for sample-efficient 
learning in continuous control. This direction corresponds to off-policy 
actor–critic methods with replay-based data reuse [41]. When it comes 
to CDHRR path planning, the problem becomes more intricate due 
to unstable configurations. Consequently, the key open challenge is 
to develop a learning-based planner for large-scale CDHRRs in un-
known environments. Such a planner needs to improve exploration 
efficiency under sparse rewards, while explicitly steering the policy 
toward smooth and stable configurations.

To tackle these difficulties, we propose a DRL-based path-planning 
method for CDHRRs to enhance their applicability and stability. Firstly, 
2 
Table 1
Geometric parameters of SJTU-Snake III.
 Parameters Value  
 Outer diameter 55 mm  
 Total arm length 2130 mm 
 Aspect ratio 38.73  
 Total mass of arm 0.91 kg  
 End load 1.5 kg  

the SAC algorithm is adapted for CDHRRs. To explicitly address un-
stable configurations, we design an instability-aware reward shaping 
strategy and introduce a path smoothness index to evaluate the feasi-
bility and configuration stability of the generated paths. Furthermore, 
the HER and PER algorithms are respectively applied in corresponding 
scenarios to handle the sparse-reward problem. Experimental results 
highlight the method’s computational efficiency and the feasibility of 
the planned paths. Additionally, the effectiveness of our approach is 
validated through obstacle-avoidance and target-grasping tasks.

In summary, the main novelties and contributions of this work can 
be summarized as follows:

(1) We propose an instability-aware SAC-based path-planning
framework for CDHRRs. Specifically, an instability-aware re-
ward shaping strategy and a path smoothness index are intro-
duced to explicitly evaluate and penalize mechanically unstable 
configurations, thereby improving path feasibility and execution 
stability in unknown environments.

(2) We develop a learning strategy to enhance sample efficiency 
under sparse-reward conditions. By integrating HER and PER 
algorithm into the SAC framework for different task scenarios, 
the proposed method improves exploration efficiency and accel-
erates convergence in multi-obstacle and multi-target planning 
tasks.

(3) We validate the proposed framework through both simulation 
and real-world experiments on large-scale CDHRRs. The re-
sults demonstrate improved path smoothness, higher task suc-
cess rates, and reduced reliance on human intervention, confirm-
ing the effectiveness and robustness of the proposed method in 
practical applications.

The rest of this article is organized as follows. The CDHRR applied 
in this work is introduced in Section 2. The path-planning method 
of CDHRR is presented in Section 3, including the network structure, 
reward function design, and experience replay algorithm. In Section 4, 
the accuracy and effectiveness of the proposed methods are verified in 
both simulated and experimental platforms. Finally, conclusions and 
suggestions for future work are discussed in Section 5.

2. System description

As depicted in Fig.  1(a), the applied hyper-redundant robot, SJTU-
Snake III, comprises a motioning platform, a linear-feeding platform, a 
drive box, a cable-guiding mechanism, and a robotic manipulator. The 
linear-feeding platform is positioned atop the bottom motion platform 
with the drive box mounted above it. The cable-guiding mechanism 
connects the drive box to the robotic manipulator by twelve 2-DoF 
parallel platforms. Each platform is linked in series via gimbal joints 
and controlled by three driving cables. The maximum bending angle 
between adjacent sections is 50.7◦. The other detailed geometric pa-
rameters are listed in Table  1. The manipulator’s end is equipped with a 
gripper. As shown in Fig.  1(b), the gripper features a binocular camera, 
and its clamping part is specifically designed to enhance gripping 
performance.
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Fig. 1. Structure and end-effector of the CDHRR. The gripper is equipped with a binocular ranging and visual feedback module.
Fig. 2. Diagram of the DRL process of the CDHRR and the neural-network training pipeline. (a) During environment interaction, large-scale CDHRRs are prone 
to instability. Random exploration may yield antagonistic-force-induced W-shaped collapse, degrading control accuracy, shrinking the reachable workspace, and 
risking irreversible damage. (b) Scenario-dependent agent training phase based on SAC. The actor network outputs a stochastic action distribution, and two 
critics estimate Q-values for SAC updates. In multi-obstacle environments, HER is incorporated with SAC at the replay-buffer level by relabeling goals and 
recomputing rewards. In multi-target environments, PER is incorporated with SAC at the sampling/update level by drawing mini-batches according to priorities 
and applying importance-sampling weights to the critic loss. Note that HER and PER are enabled in different scenarios, while the target-network soft update 
remains a SAC-specific step.
3. Path-planning method

This section presents the instability-aware DRL-based path-planning 
framework for large-scale CDHRRs. The framework is developed based 
on SAC. It aims to achieve obstacle avoidance and multi-target ap-
proaching tasks. It also guarantees smooth and mechanically feasible 
motions. The solution includes three key components. The first is 
3 
a task-oriented DRL formulation for path planning. The second is 
an instability-aware reward shaping strategy with a path smoothness 
index. The third is scenario-dependent experience replay to improve 
learning efficiency under sparse rewards. This section first introduces 
the DRL formulation and SAC-based framework. It then explains the 
reward design and path smoothness index. Finally, the experience 
replay strategy and its scenario-specific use are described.
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3.1. Definition and framework of the DRL algorithm

In this study, the agent is a CDHRR designed for target-approaching 
and obstacle-avoidance tasks. It is equipped with sensors for environ-
mental perception and actuators for movement execution. The envi-
ronment refers to the operation space, comprising both target loca-
tions and obstacles. The agent navigates within a randomly generated, 
completely unknown environment. The FTL algorithm enables each 
segment of the CDHRR to dynamically align with the motion of the end-
effector, thereby streamlining the computational representation of the 
system. This simplification enhances simulation efficiency and supports 
more fluid iterative workflows in robotic modeling. The target point 
is labeled only when it appears within the agent’s field of view. The 
desired end-effector pose is defined as control goal 𝑔 ∈ R6, comprising 
three translations and three rotations. The goal is reached by following 
a sequence of states for 𝑡 = 0,… , 𝑇 , where each step 𝑡 corresponds to a 
quasi-static state and 𝑇  denotes the total number of states. The control 
problem of the targeted robotic system is then formulated as a Markov 
Decision Process (MDP), comprising the 5-tuple ( ,, , 𝑟, 𝛾) depicted 
in Fig.  2:

•  is the state space, where each state is explicitly defined as a 
vector 𝑠𝑡 = [𝑥𝑡, 𝑦𝑡, 𝑧𝑡]𝑇 ∈ . Here, 𝑥𝑡, 𝑦𝑡, and 𝑧𝑡 denote the 3D 
Cartesian coordinates of the CDHRR end-effector along the X, Y, 
and Z axes in the base frame, respectively. The dimensionality of 
the state vector is fixed as |𝑠𝑡| = 3. This end-effector-centric repre-
sentation is sufficient for characterizing the robotic system state 
due to the FTL control strategy. Once the end-effector position 
is known, the joint angles of the entire robot can be uniquely de-
termined via the Denavit-Hartenberg (DH) method, thus avoiding 
redundant state variables related to individual joints. To maintain 
consistency with this end-effector-based formulation, the goal 𝑔 is 
treated as a conditioning variable rather than being concatenated 
into the state input.

•  is the action space, where action 𝑎𝑡 ∈  is generated by the 
DRL agent according to the current state 𝑠𝑡 and its own policy. In 
simulation,  represents the robot’s next movement direction. In 
the real-world system, it corresponds to the motor drive quantities 
obtained through inverse kinematics calculation.

• (𝑠𝑡+1 ∣ 𝑠𝑡, 𝑎𝑡) is the transition probability from state 𝑠𝑡 to 𝑠𝑡+1 when 
action 𝑎𝑡 is taken.

• 𝑟 is the reward function that assigns a scalar reward value to each 
transition (𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1, 𝑔). We specifically design a CDHRR-based 
reward function to perform corresponding tasks.

• 𝛾 ∈ [0, 1) is the discount factor, discounting future rewards over 
time. It is set to 0.99 in this work.

Neural network architecture is visually depicted in Fig.  2. The 
actor network receives a 3-dimensional state vector as input, which is 
succeeded by two hidden layers and an output layer. Here, 𝜇(𝑠) and 
𝜎(𝑠) represent the mean and the logarithm of the action’s standard 
deviation. Each hidden layer contains 512 nodes and uses ReLU acti-
vation. The critic network takes in state and action vectors, outputting 
estimated Q-values 𝑞1 and 𝑞2. The network is composed of four fully 
connected layers. The two hidden layers each consist of 512 nodes and 
use ReLU activation functions. The specific values of the parameters 
will be introduced in Section 4. The entire dataset collected during 
training is used to update the network parameters, validate the policy 
performance, and test the generalization ability of the trained SAC 
agent.

SAC adopts a maximum entropy framework, balancing exploration 
and exploitation via a temperature parameter to effectively plan paths 
and enhance the operational stability of CDHRRs. To tackle complex 
environment navigation challenges, a SAC-based DRL framework is de-
veloped for efficient CDHRR path-planning. Based on the environment 
type, the training method is selected accordingly. For multi-obstacle 
4 
environments with sparse rewards, SAC combined with HER is adopted. 
For multi-target environments, SAC paired with PER is employed. These 
two mechanisms are enabled in different scenarios rather than being 
used simultaneously. The critic and actor losses are computed as

critic = E(𝑠,𝑎,𝑟,𝑠′)∼

[(

𝑦̂ −𝑄𝜃(𝑠, 𝑎)
)2]

, (1)

𝑦̂ = 𝑟 + 𝛾 ⋅ E𝑎′∼𝜋𝜙(𝑠′)
[

𝑄𝜃− (𝑠′, 𝑎′)
]

, (2)

actor = −E𝑠∼,𝑎∼𝜋𝜙(𝑠)
[

𝑄𝜃(𝑠, 𝑎) − 𝛼 ⋅ log𝜋𝜙(𝑎|𝑠)
]

, (3)

where  is the experience replay buffer, 𝜃 is the critic network param-
eters, 𝑄𝜃(𝑠, 𝑎) is the current Q-value predicted by the critic network, 
𝑦̂ is the target Q-value, 𝑟 is the immediate reward, 𝛾 is the discount 
factor, 𝜋𝜙 is the actor network, 𝜙 is the actor network parameters, 𝜃−
is the target critic network parameters, E𝑎′∼𝜋𝜙(𝑠′) is the expectation over 
actions sampled from the policy in the next state, 𝛼 is the temperature 
parameter, and log𝜋𝜙(𝑎|𝑠) is the logarithm probability of the policy 
distribution.

3.2. Design of reward function

To enable safe multi-target tracking and obstacle avoidance in 
unknown environments, the reward function must encourage target-
approaching and penalize unstable configurations. The reward function 
𝑅total includes target-approaching reward 𝑅target, arc-segment rewards 
𝑅local and 𝑅global, and collision penalty 𝑅collide. 

𝑅total = 𝑅target + 𝑅local + 𝑅global + 𝑅collide. (4)

The target-approaching reward 𝑅target is concerned with whether 
the agent detects and approaches targets. A substantial positive reward 
𝑅𝑠 is granted when the Euclidean norm of the scaled error ‖𝑒‖2 drops 
below a predefined threshold 𝛩, signifying the successful achievement 
of the goal. Conversely, if this condition is not met, a penalty propor-
tional to ‖𝑒‖2 and scaled by a factor 𝜖 is imposed. Additionally, 𝑅𝑑
plays a dual role in penalizing redundant attempts and enhancing the 
efficiency of the exploration process. 

𝑅target =

⎧

⎪

⎨

⎪

⎩

𝑅𝑠, if goal reached.
−𝜖‖𝑒‖2, if goal detected but unreached.
−𝑅𝑑 , if goal undetected.

(5)

Local consistency reward encourages the current action to be similar 
to the previous action, promoting stability in the agent’s behavior. Let 
𝐚 denote the current action and 𝐚′ denote the previous action. The local 
consistency reward is calculated as 

𝑅local = −1
3

3
∑

𝑖=1
|𝑎𝑖 − 𝑎′𝑖|. (6)

Global smoothness reward incentivizes the agent to maintain a 
smooth trajectory by penalizing abrupt changes in the path’s curva-
ture. Let 𝐯1, 𝐯2 be the vectors between consecutive points. The reward 
is calculated based on the change of curvature between consecutive 
segments as 

𝑅global = −
(

1 −
𝐯1 ⋅ 𝐯2

‖𝐯1‖ ⋅ ‖𝐯2‖ + 0.001

)

. (7)

Given that the environment is unknown and obstacle-laden, a neg-
ative reward 𝑅collide is developed. A penalty 𝑅𝑐 is imposed when 
collisions occur, thereby discouraging unsafe actions as 

𝑅collide = −𝑅𝑐 ,  if agent collides. (8)

The proposed reward function is tailored to the unique physical 
characteristics of CDHRRs, enhancing the system’s operational stability 
while effectively balancing exploration and exploitation to improve 
path quality. Notably, mechanical stability is not modeled explicitly via 
analytical formulations. Instead, it is implicitly encoded into the  learn-
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ing process through carefully designed reward components. Specifi-
cally, a local consistency penalty discourages abrupt action changes 
that would induce sudden cable tension fluctuations, while a global 
smoothness term penalizes sharp path curvature variations that lead 
to unstable configurations such as antagonistic-force-induced W-shaped 
structures. This comprehensive reward structure enables the agent to 
learn optimal paths through environmental interaction and adapt its 
strategy dynamically via reward signals, providing an indirect yet 
effective approximation of mechanical stability without requiring a full 
analytical system model, and thus demonstrating strong suitability for 
real-world applications.

3.3. Experience replay algorithm for sparse-reward condition

In this work, the agent is under a sparse reward condition, receiving 
rewards only upon reaching the target point. This makes it hard for 
the agent to gain effective feedback from the environment, thereby 
leading to slow or failed learning. For diverse environments with mul-
tiple obstacles and targets, corresponding experience replay functions 
need to be introduced. In multi-obstacle environments, SAC-HER is 
adopted to mitigate sparse rewards by augmenting the replay buffer 
with goal-relabeled transitions. In the multi-target environment, SAC-
PER is adopted to improve sample efficiency by prioritizing transitions 
with large TD errors.

HER transforms unsuccessful episodes into informative training data 
by relabeling the desired goal with a hindsight goal and recomputing 
the corresponding reward. For a collected trajectory 

𝜏 = {(𝑠ℎ, 𝑎ℎ, 𝑠ℎ+1)}𝐻−1
ℎ=0 , (9)

the achieved goal is defined as 

𝑔achℎ = 𝑓 (𝑠ℎ+1), (10)

where 𝑓 (⋅) extracts the task-relevant goal representation (in this work, 
the end-effector 3D position). For each step ℎ, the original transition 
(𝑠ℎ, 𝑎ℎ, 𝑟ℎ, 𝑠ℎ+1, 𝑔) is stored into the replay buffer  with 

𝑟ℎ = compute_reward
(

𝑓 (𝑠ℎ+1), 𝑔
)

. (11)

With a hindsight replay ratio 𝜂, an additional relabeled transition is 
further generated using the future strategy. Specifically, a future index 
is sampled as 
𝑘 ∼  {1,… ,𝐻 − ℎ}, (12)

and the hindsight goal is set as 

𝑔herℎ ← 𝑓 (𝑠ℎ+𝑘). (13)

The relabeled reward is recomputed by 

𝑟herℎ = compute_reward
(

𝑓 (𝑠ℎ+1), 𝑔herℎ
)

, (14)

and the additional HER transition (𝑠ℎ, 𝑎ℎ, 𝑟herℎ , 𝑠ℎ+1, 𝑔herℎ ) is stored into 
. This procedure increases the number of goal-consistent transitions 
and accelerates learning in sparse-reward multi-obstacle navigation.

In the multi-target environment, PER is adopted to improve sample 
efficiency by prioritizing transitions with large Temporal-Difference 
(TD) errors. Each transition 𝑖 in  is associated with a positive priority 
scalar 𝑝𝑖 > 0. Transitions are sampled according to the probability 

𝑃 (𝑖) =
𝑝𝛼𝑖

∑

𝑗 𝑝
𝛼
𝑗
, (15)

where 𝛼 is the prioritization exponent controlling how strongly priori-
tization is used. To correct the sampling bias introduced by prioritized 
sampling, the importance-sampling (IS) weight is computed as 

𝑤𝑖 =
(

1
)𝛽

, (16)

||𝑃 (𝑖)

5 
where 𝛽 is the IS exponent, and || denotes the current number of 
transitions in the buffer. The IS weights can be normalized within each 
mini-batch for numerical stability.

Moreover, priorities are updated using TD errors computed from 
the SAC target. For a sampled transition (𝑠𝑖, 𝑎𝑖, 𝑟𝑖, 𝑠′𝑖), the next action 
𝑎′𝑖 ∼ 𝜋𝜙(⋅|𝑠′𝑖) is sampled and the entropy-regularized SAC target is 
computed as 

𝑦̂𝑖 = 𝑟𝑖 + 𝛾
(

𝑄𝜃− (𝑠′𝑖 , 𝑎
′
𝑖) − 𝛼SAC log𝜋𝜙(𝑎′𝑖|𝑠

′
𝑖)
)

, (17)

where 𝑄𝜃−  denotes the target critic network, and 𝛼SAC is the SAC 
temperature parameter. The TD error is then computed as 

𝛿𝑖 = 𝑦̂𝑖 −𝑄𝜃(𝑠𝑖, 𝑎𝑖), (18)

and the priority scalar is updated by 

𝑝𝑖 ← |𝛿𝑖| + 𝜖, (19)

where 𝜖 > 0 avoids zero priorities.
In summary, for the multi-obstacle navigation setting with sparse 

rewards, HER augments the replay buffer by adding goal-relabeled 
transitions with recomputed rewards to enrich goal-consistent experi-
ence, and mini-batches for SAC updates are sampled uniformly from 
. For the multi-target setting, PER modifies the sampling distribu-
tion and applies IS weights to boost sample efficiency by prioritizing 
transitions with large TD errors, while the actor update follows the 
standard SAC objective. In both scenarios, SAC acts as a common 
off-policy actor–critic backbone, and HER or PER provides the corre-
sponding scenario-specific replay mechanism. Algorithms 1–3 shows 
the scenario-dependent training procedure.

Algorithm 1 Scenario-dependent training framework
Input: Scenario type 𝖤𝗇𝗏𝖳𝗒𝗉𝖾. 
1: if 𝖤𝗇𝗏𝖳𝗒𝗉𝖾 = multi-obstacle then 
2: Run Algorithm 2 (SAC-HER).
3: end if
4: if 𝖤𝗇𝗏𝖳𝗒𝗉𝖾 = multi-target then 
5: Run Algorithm 3 (SAC-PER).
6: end if

Algorithm 2 SAC-HER for multi-obstacle environments
Input: Batch size 𝐵, training steps 𝑇 , trajectory length 𝐻 , HER ratio 

𝜂, target update rate 𝜏. 
1: Initialize replay buffer  with capacity 𝑁 . 
2: Initialize actor 𝜋𝜙, critics 𝑄𝜃1 , 𝑄𝜃2 , and target critics. 
3: for 𝑡 = 1 to 𝑇  do 
4: Collect trajectory 𝜏 = {(𝑠ℎ, 𝑎ℎ, 𝑠ℎ+1)}𝐻−1

ℎ=0  using 𝑎ℎ ∼ 𝜋𝜙(⋅|𝑠ℎ). 
5: for ℎ = 0 to 𝐻 − 1 do 
6: Compute original reward 𝑟ℎ = 𝑟(𝑠ℎ, 𝑎ℎ, 𝑠ℎ+1, 𝑔); store 

(𝑠ℎ, 𝑎ℎ, 𝑟ℎ, 𝑠ℎ+1, 𝑔) into . 
7: With probability 𝜂, apply HER: 
8:  Set hindsight goal 𝑔herℎ ← 𝑓 (𝑠ℎ+1) (achieved goal). 
9:  Recompute 𝑟herℎ = 𝑟(𝑠ℎ, 𝑎ℎ, 𝑠ℎ+1, 𝑔herℎ ). 
10:  Store additional transition (𝑠ℎ, 𝑎ℎ, 𝑟herℎ , 𝑠ℎ+1, 𝑔herℎ ) into .
11: end for
12: if || ≥ 𝐵 then 
13: Sample a mini-batch of 𝐵 transitions uniformly from . 
14: Update critics and actor using standard SAC losses; update 

target networks with 𝜏.
15: end if
16: end for
17: return  Trained 𝜋𝜙 and 𝑄𝜃1 , 𝑄𝜃2 .



Z. Zhu et al. Mechatronics 118 (2026) 103536 
Algorithm 3 SAC-PER for multi-target environments
Input: Batch size 𝐵, training steps 𝑇 , trajectory length 𝐻 , PER 

exponents 𝛼, 𝛽, 𝜖, target update rate 𝜏. 
1: Initialize prioritized replay buffer  with capacity 𝑁 ; assign 𝑝𝑖 = 1
for newly added samples. 

2: Initialize actor 𝜋𝜙, critics 𝑄𝜃1 , 𝑄𝜃2 , and target critics. 
3: for 𝑡 = 1 to 𝑇  do 
4: Collect transitions and store (𝑠, 𝑎, 𝑟, 𝑠′, 𝑔) into  with initial 

priority 𝑝 = 1. 
5: if || ≥ 𝐵 then 
6: Compute sampling probabilities 𝑃 (𝑖) = 𝑝𝛼𝑖 ∕

∑

𝑗 𝑝
𝛼
𝑗 . 

7: Sample a mini-batch  of 𝐵 indices according to 𝑃 (𝑖). 
8: Compute IS weights 𝑤𝑖 = (||𝑃 (𝑖))−𝛽 and normalize within the 

mini-batch. 
9: Compute SAC TD errors 𝛿𝑖 for 𝑖 ∈ . 
10: Update priorities: 𝑝𝑖 ← |𝛿𝑖| + 𝜖. 
11: Update critics using weighted loss 𝑐𝑟𝑖𝑡𝑖𝑐 =

(
∑

𝑖∈ 𝑤𝑖𝛿2𝑖
)

∕𝐵; 
update actor with standard SAC loss. 

12: Update target networks with 𝜏.
13: end if
14: end for
15: return  Trained 𝜋𝜙 and 𝑄𝜃1 , 𝑄𝜃2 .

4. Simulation and experimental validation

This section validates the performance of the proposed SAC-based 
planning framework and its instability-aware design. The evaluation 
follows the core objectives introduced earlier. These objectives include 
efficient exploration in unknown environments, smooth and feasible 
path generation, and better task success under sparse rewards. Tests 
are carried out in both simulation and real-world conditions. In sim-
ulation, path length, computation time, the path smoothness index, 
and exploration ability are measured. These metrics reflect planning 
efficiency and path feasibility in complex scenes. In real-world experi-
ments, the path smoothness index and task success rate are emphasized. 
These indicators directly affect the safety and repeatability of large-
scale CDHRR operations. This section first presents the experimental 
setup and different scenarios. It then shows the results obtained from 
simulation tests. Finally, the results from real-world experiments are 
provided and analyzed.

4.1. Experimental setup

For simulations, the CDHRR is tested in fuel tanks. As shown on 
the left side of Fig.  3(a), the robot enters a multi-obstacle environment 
(1800 mm × 1400 mm × 400 mm) to execute detection and grasping 
tasks. The interior consists of six interconnected, distinct chambers. 
These chambers are connected by oval holes with a 500 mm major axis 
and a 300 mm minor axis. Partitions and outer frame-like obstacles are 
arranged for structural support. The robot is placed at a random initial 
position to detect and grasp debris targets. Additionally, in simulation, 
the end-effector position, namely the state 𝑠𝑡 =

[

𝑥𝑡, 𝑦𝑡, 𝑧𝑡
]𝑇 , is directly 

retrieved from the simulator’s internal state recorder. For the real-
world CDHRR system, 𝑠𝑡 is computed in real-time by combining joint 
angle encoder data with the DH method, ensuring accurate end-effector 
localization without direct Cartesian coordinate measurement.

In practical CDHRR tasks such as inspection and retrieval inside 
enclosed tanks, the robot generally only has coarse prior data about 
the environment. This data includes overall dimensions, compartment 
structure, and passage locations of the tank. The exact distribution 
of internal clutter and the positions of targets remain unknown. To 
replicate this practical condition, the coarse geometric characteristics 
of the tank are fixed. These characteristics include the tank’s dimen-
sions, chamber connectivity, and hole layout. Fine-level elements are 
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Fig. 3. (a) CDHRR’s experimental fuel tank platforms, corresponding to a 
multi-obstacle environment and a multi-target environment, respectively. The 
tank geometry provides coarse prior structure, while obstacle placements, 
entrance positions, and debris target locations are randomized across episodes 
to model unknown internal conditions. (b) Simulation results of CDHRR 
end-effector paths and targets in a multi-obstacle environment and a multi-
target environment. The red dot marks the initial position of the end-effector. 
The orange, black, and green dots represent intermediate target points, with 
the corresponding lines denoting the planned trajectories. For quantitative 
comparisons, all methods are evaluated using the same instantiated episodes. 
These episodes apply identical entrance configurations, obstacle arrangements, 
target positions, and constraints to ensure consistent evaluation.

randomized for each episode. Specifically, three elements are randomly 
sampled for each episode: the robot’s initial position, the obstacle 
placements, and the positions of debris targets. This randomized setting 
models the uncertainty of internal conditions under a known coarse 
structure.

The right side of Fig.  3(a) shows a multi-target environment with a 
rectangular oil tank (1200 mm × 600 mm × 600 mm). This environment 
contains cubic regions with a 300 mm side length and 280 mm diameter 
holes. Debris targets for retrieval are placed inside these cubic regions. 
Target positions are randomized across episodes. All target placements 
meet collision-free constraints.

A fair and interpretable comparison between methods is ensured by 
evaluating the proposed method and all baseline approaches on the 
same set of instantiated scenarios. These baseline approaches include 
existing methods related to CDHRR. For each reported experiment, 
the random seed is fixed. Identical episode instances are used for all 
methods as well. These instances include the same initial position, 
the same obstacle configuration, and the same target placement. All 
methods follow the same constraints and termination criteria. These 
criteria cover workspace boundaries, collision checking, and the same 
maximum step or time budget. The success or failure of each method 
is judged by the same rules.

Simulations were implemented in Python using NumPy, PyTorch, 
OpenAI Gym, and Matplotlib. Neural networks were trained on a 
2.1 GHz 16-core i7-13700 CPU. An NVIDIA RTX A2000 GPU was also 
used for the training process.

The implementation details and hyperparameter settings of the 
method are listed as follows. The agent is trained for 1000 episodes, 
with a maximum horizon of 𝐻 = 1000 steps per episode. The SAC 
updates use a mini-batch size of 𝐵 = 128. Policy evaluation is conducted 
every 100 episodes under the same instantiated episode set for all 
compared methods. The replay buffer capacity is 𝑁 = 106. SAC uses 
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Table 2
Comparison between RRT*, Sp-RRT, As-RRT, SAC-HER, and SAC-PER generated path in corresponding scenarios.
 Scenario Algorithm Path length (mm) Computation time (s) Path smooth index Exploration 
 Multi-obstacle RRT* 1525.47 ± 1.89 35.48 ± 0.32 0.0647 ± 0.0011 Limited  
 Sp-RRT 1821.65 ± 2.15 0.300 ± 0.01 0.4393 ± 0.0024 Limited  
 As-RRT 1764.89 ± 6.45 59.45 ± 1.28 0.4721 ± 0.0091 Effective  
 SAC-HER 1693.23 ± 5.87 1.220 ± 0.05 0.5259 ± 0.0088 Effective  
 Multi-target RRT* 947.935 ± 1.24 18.79 ± 0.24 0.0222 ± 0.0007 Limited  
 Sp-RRT 1111.36 ± 1.83 0.174 ± 0.01 0.0351 ± 0.0011 Limited  
 As-RRT 1003.56 ± 4.62 46.37 ± 0.97 0.1228 ± 0.0049 Effective  
 SAC-PER 997.208 ± 4.08 0.723 ± 0.04 0.1231 ± 0.0045 Effective  
Fig. 4. Ablation study for SAC algorithm with and without (a) HER in 
multi-obstacle environments (b) PER in multi-obstacle environments. The 
SAC algorithm, incorporating experience replay, exhibits faster convergence 
compared to its counterpart without experience replay.

the discount factor 𝛾 = 0.99, the soft target update rate 𝜏 = 10−3, 
and Adam optimizer with learning rate 2 × 10−4 for actor, critics, and 
temperature optimization. The temperature is automatically tuned with 
target entropy −dim(). During training, an 𝜖-greedy action replace-
ment is applied with 𝜖0 = 1.0, 𝜖min = 0.01, and decay factor 0.999 per 
step. For the sparse-reward multi-obstacle setting, HER is enabled with 
the hindsight replay ratio 𝜂 = 0.8. For the multi-target setting, PER is 
adopted with a standard configuration 𝛼 = 0.6, 𝛽 linearly annealed from 
0.4 to 1.0, and 𝜖 = 10−6 for priority stabilization.

Regarding hyperparameter trends, increasing 𝜂 or 𝛼 generally ac-
celerates early learning by providing more informative replay samples 
but may increase replay bias if set excessively high. Moreover, a 
larger 𝛽 improves bias correction at the cost of higher variance in 
gradient updates. Similarly, larger 𝐵 typically reduces update variance, 
but increases compute per update, and larger 𝜏 adapts targets faster 
but can introduce training oscillations. The chosen replay configura-
tions are supported by the ablation results in Fig.  4, where enabling 
HER/PER consistently improves convergence over the corresponding 
SAC baselines.

4.2. Simulation results and discussion

In the simulation experiment part, the designed reward function can 
guide the agent to complete complex tasks. As depicted in Fig.  3(b), the 
agent demonstrates the ability to execute a range of tasks successfully. 
The agent navigates around obstacles and moves toward debris targets, 
and identifies and approaches multiple debris targets. This figure shows 
that the generated paths exhibit favorable curvature characteristics, 
making them suitable for CDHRR operations.

To validate the effectiveness of the introduced experience replay 
algorithm, ablation experiments are conducted. As depicted in Fig.  4, 
in multi-obstacle scenarios, the SAC algorithm augmented with HER 
demonstrates a convergence speed that is 2.88 times faster than SAC 
in the absence of HER. Similarly, within multi-target settings, SAC 
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equipped with PER exhibits a convergence rate 1.27 times quicker than 
SAC without PER. SAC-PER yields no significant performance gain over 
the baseline SAC, which stems from the intrinsic mechanism of PER. 
While PER improves sample efficiency by prioritizing transitions with 
high TD errors, it fails to explicitly address the sparse-reward structure 
and multi-solution nature inherent to multi-target path-planning tasks. 
In contrast, HER directly alleviates reward sparsity by relabeling failed 
trajectories as successful experiences for alternative goals, and performs 
exceptionally well in multi-obstacle environments where feasible paths 
are difficult to discover. Accordingly, SAC-HER achieves far more sub-
stantial performance improvements than SAC-PER. Furthermore, for 
large-scale CDHRRs with high-dimensional continuous action spaces 
and stability constraints, the exploration bottleneck lies more in feasible 
trajectory discovery than sample reuse alone. Thus, although PER 
benefits training stability, its impact on overall planning performance 
remains limited in this context.

To evaluate the suitability of the generated path for CDHRR, we 
proposed a path smoothness index as 

𝑆 =
(

1 −
𝜅max
𝜅UL

)

× exp
⎛

⎜

⎜

⎝

−

(

𝜅max − 𝜅avg
𝜅avg

)2
⎞

⎟

⎟

⎠

. (20)

The exponential term and squared term in the formula are designed 
to penalize deviations in curvature. The squared term [(𝜅max − 𝜅avg

)

∕
𝜅avg

]2 magnifies the difference between the maximum curvature 𝜅max
and the average curvature 𝜅avg, while the exponential function exp(−𝑥)
further intensifies this penalty, especially for large deviations. This 
ensures that only when the curvature distribution is uniform, the 
maximum curvature does not exceed the safety upper limit 𝜅UL, and 
the maximum curvature is close to the average curvature, the path will 
be considered smooth and suitable.

When the path satisfies the condition that the maximum curvature 
𝜅max does not exceed the upper limit 𝜅UL, and the maximum curvature 
and average curvature 𝜅avg are relatively close, the index will be high. 
Such a path is considered suitable for CDHRR and can obtain a large 
balance value. Conversely, if the maximum curvature is too large or the 
maximum curvature and average curvature differ greatly, the balance 
will decrease, reflecting that the path is not smooth.

Although the proposed smoothness index is not a direct physical 
measure of mechanical stability, it serves as a practical proxy. In 
CDHRRs, excessive curvature and uneven curvature distribution are 
often associated with unstable configurations, increased antagonistic 
forces, and poor repeatability. By penalizing large curvature and non-
uniform curvature distribution, the smoothness index indirectly reflects 
the feasibility and stability of the robot configuration. Nevertheless, it 
remains a qualitative metric rather than a rigorous stability criterion.

Table  2 presents a comparison of our proposed algorithm and 
other algorithms in terms of path length, computation time, and path 
smoothness. The compared methods cover representative SOTA base-
lines for CDHRR planning, including sampling-based planners (RRT*) 
and CDHRR-oriented planners (Sp-RRT and As-RRT). It reports the 
quantitative comparison under the multi-obstacle navigation setting. To 



Z. Zhu et al.

Fig. 5. Real-world experiments with SJTU-Snake III in multi-obstacle environments using the SAC-HER algorithm. These experiments involve path generation 
and target tracking tasks. The robot moves through chambers to carry out detection tasks. The generated path is smooth, enabling the robot to perform tasks 
effectively.

Fig. 6. Real-world experiments with SJTU-Snake III in multi-target environments using the SAC-PER algorithm. The real-world test encompasses the path 
generation and target tracking task. (a)–(d) Four distinct internal tank environments were constructed to simulate unknown settings.
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Fig. 7. (a) Path generated by the proposed method and all baseline algorithms. (b) Curvature of paths generated by SAC-HER and As-RRT algorithm. The path 
generated by As-RRT exhibits a maximum curvature of 0.0036 mm−1 and an average curvature of 0.0036 mm−1. In comparison, the path generated by SAC-HER 
has a maximum curvature of 0.0025 mm−1 and an average curvature of 0.0021 mm−1.
ensure a fair and interpretable comparison, all methods are evaluated 
with the same environment generation, observation/action definitions, 
and training budget. Since this setting suffers from sparse rewards 
caused by obstacle-induced failures, HER is activated for the SAC 
baseline in Table  2. All results are reported as the mean ± stan-
dard deviation from 10 independent experimental runs. To statistically 
validate the observed performance improvements, significance test-
ing was performed on results from 10 independent runs. Normality 
was evaluated via the Shapiro–Wilk test, and variance homogeneity 
was examined using Levene’s test. With the equal-variance assump-
tion violated, Welch’s ANOVA was applied to test for overall group 
differences across each evaluated metric. Games-Howell post-hoc tests 
were then conducted between the proposed method and each baseline, 
an approach well-suited for heteroscedastic data that also corrects for 
multiple comparisons. Full statistical results are detailed in Appendix 
A.

As shown in Table  2, the SAC-HER algorithm demonstrates a 7.05% 
reduction in path length compared with Sp-RRT and a 4.06% de-
crease relative to As-RRT. It also manifests a 96.56% enhancement 
in computational efficiency over RRT* and a 97.95% improvement 
compared with As-RRT. In terms of path smoothness, our algorithm 
outperforms existing methods. It achieves a 712.83% improvement 
over RRT*, a 19.71% gain versus Sp-RRT, and a 36.21% betterment 
than As-RRT. In the multi-target scenario, SAC-PER maintains compet-
itive path length while significantly improving computational efficiency 
and path smoothness. Although RRT* attains the shortest path, SAC-
PER reduces the path length by 10.27% compared with Sp-RRT and 
by 0.63% relative to As-RRT. More notably, SAC-PER requires sub-
stantially less computation time, achieving efficiency gains of 96.15% 
over RRT* and 98.44% over As-RRT. Meanwhile, SAC-PER produces 
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the smoothest trajectory, with the path smoothness index improved 
by 454.50%, 250.41%, and 0.24% compared with RRT*, Sp-RRT, and 
As-RRT, respectively. Therefore, SAC-PER offers a favorable trade-
off among path quality, planning speed, and trajectory smoothness 
in multi-target path planning. Welch’s ANOVA indicates significant 
differences among methods for all three metrics (𝑝 ≪ 0.001), and 
Games-Howell post-hoc tests confirm that the proposed method differs 
significantly from each baseline on every metric (all adjusted 𝑝 <
0.001). Therefore, this method has proved to be suitable for CDHRR 
path planning tasks in simulation environments.

4.3. Experimental results and discussion

Due to physical hardware security and wear risks, training was 
not directly deployed on physical systems. Instead, the practical fea-
sibility of the proposed path planning method is validated by repro-
ducing simulation-generated optimal paths on real-world platforms. 
Real-world experiments focus on the planning module, as the task 
involves entering a fuel tank simulator to identify internal debris. 
The perception module employs a stereo camera on the CDHRR’s end 
effector for real-environment target recognition, with tank internal 
obstacles and target points randomly generated. The planning module 
generates feasible paths accordingly.

As shown in Fig.  5, once inside the fuel tank, the CDHRR’s highly 
redundant mechanical structure offers distinct advantages. Its dexterity 
structure allows flexible movement between chambers. The manipula-
tor navigates around fixed partitions and moves through connecting 
holes between chambers. Following the planned path, it advances 
step by step toward the deep target location within the fuel tank. 
Throughout this process, the manipulator demonstrates an intelligent 
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and orderly exploration posture. This highlights its strong adaptability 
and operability in complex spatial environments, providing a reliable 
guarantee for accomplishing the internal tank exploration mission.

Fig.  6 demonstrates the effectiveness of the CDHRR within another 
test fuel tank. To simulate unknown and varied environments, four dis-
tinct internal tank settings were meticulously constructed. During the 
experimental process, a stereo camera accurately detects debris. Fol-
lowing this detection, our proposed algorithm generates feasible paths 
for navigating the debris. Within these configurations, the CDHRR 
autonomously followed the generated paths to successfully identify 
and grasp debris targets, thereby validating its capability in complex, 
unfamiliar scenarios.

Fig.  7 offers a visual comparison of the path and its curvatures 
generated by SAC-HER and other algorithms. The path smoothness 
index for As-RRT stands at 0.3452, whereas SAC-HER achieves an index 
that is 14.9% higher. Furthermore, the experimental results demon-
strate that our algorithm attains an 80% success rate, surpassing all 
previous algorithms. Previous algorithms, including As-RRT, exhibited 
lower success rates, primarily attributed to the relatively high curvature 
of the generated paths. Although the maximum curvature of As-RRT 
is close to its average curvature, the relatively high curvature still 
impacts the stability of CDHRR operations. In contrast, the proposed 
algorithm generates paths with lower curvature while effectively com-
pleting tasks. This advancement ensures the feasibility and stability of 
CDHRR operations, thereby enhancing the overall success rate of the 
task.

5. Conclusion

This study presents an instability-aware DRL path-planning frame-
work for CDHRRs operating in confined and unknown workspaces. 
Instead of relying on complete environmental information or manual 
teleoperation, the proposed planner integrates a task-driven learning 
policy with a smoothness-based executability metric. It enables the 
robot to generate mechanically feasible and stable paths with minimal 
human intervention.

Quantitatively, the proposed planner achieves substantially higher 
planning efficiency than SOTA sampling-based baselines. SAC-HER 
reduces computation time by 96.56% compared with RRT* and by 
97.95% compared with As-RRT. Meanwhile, it yields smoother paths, 
with a 712.83% improvement over RRT*, 19.71% over Sp-RRT, and 
36.21% over As-RRT. SAC-PER improves computational efficiency by 
96.15% over RRT* and 98.44% over As-RRT in the multi-target sce-
nario, while improving the path smoothness index by 454.50% and 
250.41% compared with RRT* and Sp-RRT, respectively. In real-world 
validations conducted on SJTU-Snake III robot platform, the learned 
planner delivers a 14.9% improvement in path smoothness and a 
10% increase in task success rate relative to As-RRT. These results 
demonstrate that the generated trajectories are not only collision-free 
but also more executable for large-scale CDHRR operations. Moreover, 
under sparse-reward multi-obstacle training, the incorporation of HER 
accelerates SAC convergence by 2.88× over the SAC baseline without 
HER. It verifies the effectiveness of replay-based data augmentation in 
improving learning efficiency. It is also observed that the performance 
improvement brought by PER is relatively limited compared with HER 
in the considered scenarios (only 1.27×). This finding suggests that, for 
CDHRR path planning under strong stability constraints, enhancing the 
policy’s exploration capability is more critical than prioritized sample 
reuse.

Overall, these results validate that the proposed method can ef-
ficiently generate smooth and stable paths for CDHRRs in unknown 
environments and reduce human intervention during exploration and 
execution. Notably, mechanical stability is only approximated quali-
tatively via path smoothness in the reward function, without a rigor-
ous quantitative physical definition or explicit system model. Looking 
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forward, several research directions can further enhance the practi-
cality and generality of instability-aware DRL planning for large-scale 
CDHRRs in confined unknown workspaces. First, we will focus on risk-
sensitive and safety-constrained learning by integrating configuration 
stability margins into policy optimization, treating stability indicators 
as safety objectives instead of implicit side effects. Second, we will 
enhance planner’s robustness to respond to newly revealed obstacles 
and targets while ensuring smooth executable motions. Finally, we 
will investigate task-specific experience replay strategies that are bet-
ter aligned with the inherent characteristics of continuum robot path 
planning.
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Appendix A. Statistical validation details

To address the statistical validation request, hypothesis testing was 
performed on the 10-run results reported in Table  2. Normality was 
first assessed using the Shapiro–Wilk test for each method and metric, 
and variance homogeneity was subsequently examined using Levene’s 
test. As heteroscedasticity was confirmed, Welch’s ANOVA was used 
to evaluate overall group differences for each metric. Finally, Games-
Howell post-hoc comparisons were performed between SAC-HER and 
each baseline, with adjusted 𝑝-values reported to properly account for 
multiple comparisons (see Table  A.3). 
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Table A.3
Statistical validation for Table  2.
 Metric Analysis Group/Comparison Statistic df Adjusted 𝑝-value Sig.  
 Path length Shapiro–Wilk RRT* 0.9769 9 9.47 × 10−1 **** 
 Shapiro–Wilk Sp-RRT 0.9204 9 3.61 × 10−1 **** 
 Shapiro–Wilk As-RRT 0.9589 9 7.73 × 10−1 **** 
 Shapiro–Wilk SAC-HER 0.9274 9 4.23 × 10−1 **** 
 Levene’s test All 4.0642 (3,36) 1.38 × 10−2 *  
 Welch’s ANOVA Overall 34 259.69 (3,18.60) <1 × 10−35 ***  
 Games-Howell SAC-HER vs. As-RRT 25.98 17.84 <1 × 10−15 ***  
 Games-Howell SAC-HER vs. RRT* −86.03 10.85 <1 × 10−15 ***  
 Games-Howell SAC-HER vs. Sp-RRT −64.96 11.37 <1 × 10−15 ***  
 Computation time Shapiro–Wilk RRT* 0.9569 9 7.50 × 10−1 **** 
 Shapiro–Wilk Sp-RRT 0.9727 9 9.15 × 10−1 **** 
 Shapiro–Wilk As-RRT 0.9544 9 7.21 × 10−1 **** 
 Shapiro–Wilk SAC-HER 0.9591 9 7.76 × 10−1 **** 
 Levene’s test All 24.6223 (3,36) 7.69 × 10−9 ***  
 Welch’s ANOVA Overall 44 500.86 (3,15.39) <1 × 10−30 ***  
 Games-Howell SAC-HER vs. As-RRT 143.75 9.03 <1 × 10−15 ***  
 Games-Howell SAC-HER vs. RRT* 334.51 9.44 <1 × 10−15 ***  
 Games-Howell SAC-HER vs. Sp-RRT 57.06 9.72 <1 × 10−13 ***  
 Path smooth index Shapiro–Wilk RRT* 0.9538 9 7.14 × 10−1 **** 
 Shapiro–Wilk Sp-RRT 0.9007 9 2.23 × 10−1 **** 
 Shapiro–Wilk As-RRT 0.9456 9 6.17 × 10−1 **** 
 Shapiro–Wilk SAC-HER 0.8896 9 1.68 × 10−1 **** 
 Levene’s test All 5.3739 (3,36) 3.67 × 10−3 **  
 Welch’s ANOVA Overall 72 781.64 (3,16.77) <1 × 10−34 ***  
 Games-Howell SAC-HER vs. As-RRT −13.43 17.98 <1 × 10−10 ***  
 Games-Howell SAC-HER vs. RRT* −164.29 9.28 <1 × 10−15 ***  
 Games-Howell SAC-HER vs. Sp-RRT 29.99 10.33 <1 × 10−10 ***  
Significance codes:
* 0.01 ≤ 𝑝 < 0.05.
** 0.001 ≤ 𝑝 < 0.01.
*** 𝑝 < 0.001.
**** 𝑝 ≥ 0.05.
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