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Navigating complex, unknown environments poses a significant challenge for autonomous systems, where
traditional deep reinforcement learning (DRL) models frequently stagnate in local optima. Meanwhile, existing
human-machine hybrid approaches remain constrained by rigid interaction mechanisms and inefficient
experience integration, lacking adaptable co-decision frameworks and effective human-guided local target
point (LTP) decomposition. In response to these limitations, this paper proposes a human-machine hybrid
deep reinforcement learning (HM-DRL) method for autonomous navigation. Specifically, a human-machine
co-decision mechanism (H-MCDM) is introduced in the model training process, which rationally allocates
control authority between humans and the machine, thereby replacing the rigid substitution-based human-
machine interaction mode. Building on this mechanism, to enhance the optimization capability of reactive
navigation in long-distance tasks, we propose a human-guided LTP selection and evaluation method. This
approach filters the set of local target points (SLTP) based on real-time sensor data and selects the optimal
LTP to decompose long-range navigation. In this framework, human analytical and predictive capabilities
are leveraged to provide real-time dynamic guidance via intervention in the LTP selection process, realizing
collaboration across both training and decision-making phases. Experimental results demonstrate that the
proposed method outperforms traditional DRL methods, achieving improved navigation performance and
enhanced global optimization capability.

1. Introduction to unknown environments and continuous optimization of navigation
performance [10,11].

As a reactive navigation approach, DRL does not require prior
knowledge or manual rule design, iteratively optimizing strategies

through continuous interaction with the environment [12,13]. How-

With the advancement of society, autonomous navigation technol-
ogy is increasingly applied in complex and unknown environments,
including autonomous driving, logistics, and warehouse management
[1-3]. These tasks require robots to plan collision-free paths using

. . . . . ever, in complex and unknown environments, DRL-based navigation
environmental information. While global path planning methods, such ’ P §

as A*, D*, and PRM, are effective in static environments, their perfor-
mance is degraded in dynamic or unknown settings [4-6]. Traditional
reactive navigation methods, which do not rely on global maps, are
constrained by poor robustness and challenges in parameter and rule
tuning [7]. For instance, methods like the dynamic window approach
(DWA) and artificial potential field (APF) depend on real-time local
information and predefined rules, limiting their adaptability due to the
inability to utilize historical experience or predict future states [8,9].
In contrast, deep reinforcement learning (DRL) learns complex nav-
igation strategies through neural networks, allowing for adaptation

frequently stagnates in local optima during long-distance tasks, as the
absence of global information impedes the evaluation of long-term
decision impacts [14,15]. For example, agents often become trapped
by U-shaped obstacles, failing to reach global goals [16]. While re-
searchers have attempted to mitigate this, methods based on reward
shaping or safety control strategies either suffer from limitations such
as inadequate global path awareness, over-reliance on rules, poor adap-
tation to dynamic obstacles, compromised efficiency, or inability to
decompose long-distance tasks [17-20]. In contrast, human drivers
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Fig. 1. The overall framework of the proposed HM-DRL method is illustrated below. (a) We introduce an H-MCDM to appropriately allocate control authority,
integrating human expertise with the self-learning capabilities of DRL to train the TD3 model. (b) To address the local optima issue in reactive navigation for
long-range tasks, we design a method for LTP selection and evaluation. In addition, human dynamic guidance is incorporated into the LTP selection process,
embedding human predictive capabilities into the robot’s decision-making model for unknown environments.

can leverage experience to predict future paths and reach destinations
even with limited cues [21]. Human-machine hybrid intelligence has
already demonstrated advantages in fields like healthcare, industrial
manufacturing, and warehouse management [22-24]. Particularly in
autonomous driving, predicting the behavior of surrounding vehicles
and pedestrians is crucial. Although Al-based prediction has made con-
siderable progress, humans still retain advantages in cue interpretation
and intention inference in certain complex and dynamic scenarios [25,
26].

In existing human-machine hybrid deep reinforcement learning,
human experience is mainly integrated through experience replay,
experience buffer division, or the complete replacement of machine
actions [27-30]. However, these approaches exhibit significant limita-
tions. First, relying on partitioned expert buffers involves pre-collected
static samples, where only the sampling timing and ratio can be ad-
justed; this prevents the flexible injection of real-time human experi-
ence during the training process, resulting in poor adaptability. Second,
the strategy of completely substituting machine actions with human
inputs is overly rigid, often necessitating frequent pauses to await
human intervention, which leads to disruptive training interruptions.
Beyond these action-level limitations, we note that structural optimiza-
tion is also critical. In fields such as micro aerial vehicles (MAVs) and
unmanned aerial vehicles (UAVs), task decomposition using local target
points (LTPs) has been proven effective in alleviating the local optima
problem in autonomous navigation [31-34]. Despite these advance-
ments, the generation of such targets often relies on static algorithms
that falter in complex or deceptive environments. In such scenar-
ios, human guidance can serve as a pivotal optimization mechanism,
enhancing the rationality and safety of local target selection.

In the method proposed in this paper, human experience is first
integrated into the learning process through a weighted control alloca-
tion strategy, enabling a smoother and more adaptive form of human
intervention compared to traditional substitution-based approaches.
Additionally, a set of local target points (SLTP) is extracted from real-
time sensor data. An evaluation strategy is then applied to assess each
candidate point, and the optimal LTP is selected. This process decom-
poses long-distance navigation tasks into multiple shorter sub-tasks,
effectively alleviating the local optima problem. Furthermore, human
dynamic guidance is incorporated into the LTP selection process, allow-
ing humans to intervene in real time and provide predictive insights
during navigation. Experimental results demonstrate that the proposed
approach significantly improves the navigation performance of DRL-
based reactive navigation in complex and unknown environments. The
overall structure of this paper is illustrated in Fig. 1, and the main
contributions are summarized as follows:

(1) We propose a human-machine deep reinforcement learning
(HM-DRL) method for autonomous navigation in unknown en-
vironments, which achieves the dual-stage integration of human
experience across both training and decision-making phases.
Experimental results demonstrate that this approach effectively
mitigates local optimality issues, boosting the navigation success
rate from 77.58% (traditional DRL) to 93.26%.

A human-machine co-decision mechanism (H-MCDM) is devel-
oped to dynamically fuse TD3-generated machine actions (a,,)
with human expert inputs (a,,) via a weighted coefficient w,),.
By integrating this fused execution with experience replay, the
method effectively overcomes the limitations of rigid action
substitution and the poor adaptability of static demonstration
buffers, enabling smoother control transitions and more efficient
utilization of human guidance.

A long-distance task decomposition mechanism based on LTPs
is constructed, along with corresponding selection rules and
evaluation metrics. By incorporating dynamic human guidance,
the predictive capabilities of human operators are integrated
into the LTP selection process. Experimental results show that
this mechanism improves navigation success rates and alleviates
local optimality problems.

(2

3

The structure of this paper is arranged as follows: Section 2 presents
the problem description and related research overview; Section 3 pro-
vides a detailed description of the method and structural design; Sec-
tion 4 showcases experimental results and analysis; Section 5 concludes
the paper and outlines future research directions.

2. Problem description and related work
2.1. Problem description

Existing DRL-based reactive navigation methods for complex, un-
known environments face challenges in global optimization. Human—

machine hybrid intelligence has emerged as an effective solution. Our
model is described [35] by Eq. (1).

max J(s(1), a(t)) = yk_’r(s(k), a(k)) (1a)
a,€A e

s.t.a(®) = fUs(0), a, (D), ap (1), x(1)) (1b)

a, (1) = n(s() (19

a;,(t) = Human-Action (1d)
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s+ 1) = fAs(0), alt) (le)
C(s(t),a,(1),a,(1) <0 an
t1=0,1,2,3,...

Our objective function J(s(t), a(t)) aims to maximize the cumulative
rewards over the course of the task, specifically defined as J(s(?), a(t)) =
ZZ"Z, y*=1r(s(k), a(k)), where r(s(k), a(k)) is the immediate reward at time
step k, and the discount factor y € [0, 1] accounts for the diminishing
importance of future rewards. At each time step ¢, the system evaluates
the current environmental state s(¢) and selects an action a(f) using the
action determination function f?(s(7), a,,(?), a,(t), x(¢)). Here, a,,(t) repre-
sents the machine-driven action derived from the robot’s policy z(s(t)),
where 7 : S - A denotes the mapping from state space S to action
space A (i.e., a,() = n(s(t))), while a,(r) € A represents the human
action component. These actions are combined using the arbitration
function x(7), balancing human and machine contributions to decision-
making. The Markov property ensures that the state transition function
f4(s(t), a(?)) updates the environment’s state as s(t + 1) = f%(s(1), a(t)),
based solely on the current state s(r) and the selected action a(r).
Additionally, the system operates under constraints C(s(?), a,, (1), a,(1)) <
0, which ensure the feasibility of states and actions, such as avoiding
obstacles or staying within operational boundaries.

2.2. Related work

2.2.1. Autonomous navigation in complex and unknown environments

Early autonomous navigation methods primarily relied on heuristic
algorithms and rule-based navigation strategies, such as frontier-based
exploration and heuristic path planning (e.g., A*, D*, and PRM) [4-6].
In recent years, the application of DRL in autonomous navigation has
gained significant attention. Raja et al. optimized Al-driven aerial net-
works by combining DDPG with a leader—follower approach, enhanc-
ing decision-making performance [36]; Proximal Policy Optimization
(PPO), stable in complex continuous spaces, is widely used in robotic
and UAV navigation for obstacle avoidance and path planning [37].
Sensor fusion is also highlighted: Meng and Hsu proposed a resilient
sensor fusion method for handling failures and uncertainties [38], while
Zhu and Hayashibe designed a transfer learning-integrated hierarchical
DRL framework to boost navigation efficiency and generalization [39].

Despite these advancements, the local optima problem remains
a critical bottleneck in autonomous navigation, especially for long-
distance tasks in complex scenarios, severely restricting navigation
success and efficiency. One direction focuses on optimizing algorithms
through reward shaping or safety control strategies: Han et al. en-
hanced collision avoidance capabilities via self-state-attention and sen-
sor fusion, but their method only optimizes local perception and lacks
global path awareness [17]; Miranda et al. improved the generalization
of navigation systems through reward shaping, yet this approach relies
heavily on manual rules and fails to adapt to dynamic obstacles [18];
Emam et al. ensured navigation safety using control barrier functions,
but the conservative strategy sacrifices navigation efficiency and cannot
decompose long-distance tasks [19]; it is worth noting that Shahid
et al. focused on robotic manipulation control, which is irrelevant to
navigation needs [20]. The other direction has proven effective by
introducing LTP selection for task decomposition, which splits long
and complex navigation tasks into multiple short and manageable
subtasks to mitigate local optima. Cakmak et al. used intermediate
waypoints for MAV navigation to split long paths into sub-tasks, sig-
nificantly boosting task completion rates [31]; Xue et al. generated
LTPs via maximum-entropy DRL, effectively preventing UAVs from
falling into local optima [32,33]; Dong et al. integrated waypoint-
based task decomposition to improve navigation success rate and path
smoothness [34]. Although these methods have made progress, existing
solutions still have limitations such as insufficient integration of human
experience or lack of dynamic adaptability, leaving room for further
optimization.
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2.2.2. Human-machine hybrid intelligence

Existing human-machine hybrid methods typically integrate human
experience at either the training or the decision-making stage, rather
than both. During training, current approaches often employ replay
buffers to store human demonstrations. For example, Luo et al. stored
expert trajectories in static replay pools to guide policy updates [28].
However, the static nature of such buffers limits adaptability, as human
experience collected in early training may not match later environ-
mental changes. Other methods directly substitute human actions for
machine decisions; for instance, Sun et al. and Wu et al. used human-
adjusted parameters as auxiliary data [23,29], while Huang et al.’s
“human as Al mentor” framework allows human actions to override
the model when unsafe [30]. Yet, direct substitution is rigid and
disrupts learning continuity in continuous action spaces, since training
must pause for human input, slowing policy convergence and reducing
overall efficiency.

At the decision-making stage, most research focuses on optimiz-
ing real-time human intervention, particularly in autonomous driving.
Huang et al. proposed a shared-control framework where humans take
over when machine control fails [40]. Gil et al. and Lian et al. moni-
tored driver fatigue using EEG and hybrid EEG-eye-tracking methods
to adjust intervention timing [41,42]. Wu et al. leveraged human
guidance to bridge the “simulation-to-reality” gap in navigation [27].
Although these methods improve real-time adaptability, they generally
lack the integration of expert knowledge during training, leaving the
system unable to predict when human input is needed or how to adapt
to human decisions. More critically, existing studies treat the training
and decision-making stages as isolated processes, lacking a unified
mechanism for cross-stage human-machine collaboration.

2.2.3. Deep reinforcement learning

In recent years, deep reinforcement learning has garnered signifi-
cant attention in the field of autonomous navigation, with researchers
proposing various improvements to address different challenges. Zhou
et al. integrated prioritized experience replay (PER) with a double
deep Q-network (DDQN) and introduced the blocking and blind angle
(BBA) mechanism to mitigate blind spots in indoor exploration [43]. Li
et al. combined deep reinforcement learning with the artificial potential
field method, refining the action space and reward function of the
DQN to enhance obstacle avoidance in path planning [44]. Liu et al.
incorporated attention mechanisms into deep reinforcement learning
algorithms to improve adaptability in real-world applications [45].
Lian et al. proposed a transferability metric based on scene simi-
larity to evaluate the effectiveness of deploying models trained in
simulations to real-world environments [46]. Jin et al. introduced the
VWP autonomous navigation model, which enhances task completion
rates in harsh environments [47]. Wu et al. adopted a dual-source
training strategy to improve the success rate of deep reinforcement
learning-based navigation [48]. Zhang et al. leveraged environmental
information preprocessing to enhance the utilization of short-range
LiDAR data, thereby improving navigation generalization [49]. Li et al.
enhanced spatiotemporal reasoning to increase the interpretability of
deep reinforcement learning in autonomous navigation tasks [50].
Collectively, these studies have advanced the application of deep rein-
forcement learning in autonomous navigation, offering novel solutions
for efficient navigation in complex environments.

3. Methodology

The following subsections provide a detailed explanation of the two
main components of this method: the H-MCDM and dynamic guidance
based on local target points. These components realize a human-
machine hybrid DRL that operates across both training and decision-
making phases, thereby enhancing the long-distance autonomous navi-
gation capability of mobile robots in complex unknown environments.
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Fig. 2. The overall framework of the H-MCDM model. Human actions are
input through the control handle and are weighted with the machine actions
output by the actor network. These actions are applied to the environment to
receive rewards, which are then stored in the sample pool. The critic network
continuously updates its parameters through soft updates and optimizes the
actor parameters using the TD error.

3.1. Human-machine co-decision mechanism

Although DRL can optimize decision-making by continuously learn-
ing from data in most cases, it may struggle to make globally optimal
decisions when dealing with sudden events or unfamiliar environments
due to delays or insufficient adaptability. In such situations, H-MCDM
can incorporate human experience, enhancing the robot’s decision-
making accuracy in unknown environments. The system architecture
for H-MCDM is shown in Fig. 2. During the model training process,
the action weights of the model and humans are allocated, and hu-
man experience and knowledge are directly integrated into the robot’s
decision-making process. This is further reinforced through experi-
ence replay, compensating for the limitations of DRL in complex and
unknown environments. The twin delayed deep deterministic policy
gradient (TD3) algorithm is chosen as the framework to train this action
strategy, addressing decision-making in continuous action spaces. The
TD3 algorithm is an actor—critic model that uses separate actor and
critic networks to generate and evaluate actions. As shown in Fig. 3,
the TD3 network used in this paper consists of an actor network with
three fully connected (FC) layers. The first two layers are followed
by rectified linear unit (ReLU) activation functions, while the final
layer employs a tanh activation function to constrain the action values.
The state input to the actor network consists of 24 dimensions, which
include both the environment and the robot’s own states. The network
outputs linear velocity a; and angular velocity a,. To comply with phys-
ical constraints in the real world, these outputs are scaled according to
the maximum linear velocity v,,,. and angular velocity ®,,,.. Since the
laser rangefinder’s data collection is limited to a 180-degree forward
field of view, the linear velocity v is always set to non-negative values,
ensuring the robot does not move backward. The final action values are
computed as follows:

a; +1
a= [vmax ( 12 ),wmaxaz] . 2

The value of the state-action pair Q(s, a) is evaluated by two critical
networks. These two networks share the same architecture, but their
parameter update strategies are asynchronous to allow for divergence
in parameter values. Specifically, the state s and action a are input into
the critic networks. The state s first passes through a fully connected
layer, followed by a ReLU activation function, which outputs L,. The
output of this layer, along with the action a, is then fed into two
independent transformation fully connected (TFC) layers, which are
denoted as T, and T,, respectively. These vectors are combined with
the output of a comblnatlon fully connected (CFC) layer L., where WT
and Wy, represent the weights of T, and T, and by, is the bias of the
T, layer The output of the combination layer after passing through a
ReLU activation, is connected to a fully connected layer, forming the
final output Q-value. To reduce overestimation of the state-action pair
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Fig. 3. The TD3 algorithm structure used in the H-MCDM model. The TD3
network consists of an actor and a critic. The network’s input includes the
environmental state and the internal state of the agent, while the output is
velocity information.

Algorithm 1 TD3 training process based on H-MCDM.

Initialize actor network z,, critic networks Q¢1 s Q¢2, and their target
networks
Initialize replay buffer B
for each training step do
Select action with noise from actor network a,(t) = zy(s,) + N,
Execute action, store (s,,a,,r;,s,,.) in B
Sample a mini-batch from B, compute target Q value:

yi=r+ Ymin(Qd,’] (S41)s Q(/;; (5:41))
Update critic networks ¢;, ¢, by minimizing the loss:
L= (Q¢1 (St, ar) -

if policy update frequency reached then
Update actor network 6 by maximizing the Q value
Soft update target networks:

YO+ (Qy, (51a) = y,)

0 — 10+ —-1)0

end if
Calculate mixed action with cooperative control strategy:

=w,-a,O)+1-w,)- a,®)

end for

values, the smaller Q-value between the two critic networks is selected
as the final critic output.

L. = LWy, +aWr, +br, 3

In each time step ¢, the reward r for a state-action pair (s;,a,) is
determined by three conditions: if the distance d, to the target at the
current time step is less than a threshold 6, indicating that the target
has been reached and the task is completed, a positive goal reward r,
is applied. If a collision is detected, a negative collision reward r, is
assigned. If neither of these conditions is met, the reward is based on
the current linear velocity v, angular velocity », and the surrounding
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environmental context. By assigning weights to the linear and angular
velocities, the system encourages the robot to move forward at a
more stable pace. Specifically, a positive reward of % is given for
the linear velocity to encourage faster movement, while a negative
reward of — % is applied to the angular velocity to penalize sharp turns
and avoid unnecessary trajectory deviations. This navigation strategy
adopts a delayed reward optimization approach, targeting the goal with
improved efficiency.

Ty if successful
if collision @
2= w| = r(l,,;,) otherwise,

The function r/(x) is a piecewise function designed to motivate the
robot to maintain a safe distance from obstacles based on the minimum
distance value /,,;, detected by the laser range sensor. By penalizing
situations where the robot is too close to obstacles, the function further
reinforces the robot’s obstacle avoidance behavior. It is defined as:

- 1-—x, ifx<1 )
ri(x) =
! 0, ifx > 1,

By assigning a weight ®,,, the human-in-the-loop control input
can be softly integrated with the model output. Regarding human
input methods, the trigger conditions are as follows: Human input is
voluntary, meaning operators can intervene at any time during training.
Additionally, the system provides supplementary prompts: when the
model’s actions lead to stagnation in local optima (i.e., the agent stops
moving), the system sends a visual alert to encourage human guidance.
The fused action is executed by the robot and simultaneously stored in
the replay buffer. This process allows human experience to be incorpo-
rated into the DRL model through the experience replay mechanism.
The model training process is shown in Algorithm 1. Regarding the
value of weight w, — which represents the proportion of the DRL
model’s input in the fused action — it is adjusted based on environ-
mental complexity to balance human input and model decisions, with
a value range of [0, 1]. Specifically, w,, reflects the priority of the DRL
model: higher values indicate a greater emphasis on the model’s output,
while lower values mean the system prioritizes human input (via the
weight 1 — w,,). In simple environments, »,, takes a higher value: the
DRL model can execute tasks efficiently here, so relying more on its
output reduces human input dependence and ensures speed. In complex
or unknown environments, human input is particularly effective as it
can predict future conditions, whereas the DRL model relies on past
experiences. Thus, w,, is decreased to prioritize human input (via an
increased 1 — w,,), leveraging its predictive capabilities to enhance
adaptability.

r(s;,a;) =4r,

3.2. Dynamic guidance based on local target points

The core concept of dynamic guidance based on local target points
lies in decomposing long-path problems using LTP selection and eval-
uation. By integrating human predictive experience, the robot’s nav-
igation can be dynamically guided. The system framework for this
approach is shown in Fig. 4. In this framework, the pre-trained strategy
model combines LTP selection and evaluation for autonomous navi-
gation. Human experience dynamically adjusts the robot’s decisions
by influencing the sequence of visiting these LTPs, indirectly affecting
global path planning.

In the absence of prior knowledge about the environment, the
robot must rely on real-time exploration to navigate towards the global
target. This requires the robot not only to identify and move toward the
destination but also to perceive and remember environmental features
along the way, allowing it to quickly adjust its route when encountering
obstacles or dead ends. During this process, the robot extracts a set of
LTPs from the data received by its sensors and stores this information
in memory. Specifically, the robot continuously scans its surroundings
using its sensors to identify environmental features such as obstacles or
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corners, selecting appropriate points to add to SLTP in real time. When
the robot’s current distance from the global target exceeds a predefined
threshold, or the uncertainty of directly completing the navigation task
is high, a heuristic evaluation metric is applied to the points in SLTP
to select the optimal point as the local target, guiding the robot toward
the global target.

For marking points in SLTP, three situations are considered: When
the laser sensor detects that there are no obstacles within a close-range
sector of angle « and distance /,, a point can be added on the bisector
of this sector. This method can effectively guide the robot through the
region, thereby advancing the task more quickly. Similarly, in a long-
range sector of angle # and distance /,, if the laser sensor detects no
obstacles, a point can also be placed on the bisector of this sector to
ensure continuity and smoothness of the navigation path. To further
enhance navigation accuracy and flexibility, the system can analyze the
difference between consecutive laser sensor readings. If the detected
difference exceeds a predefined threshold d, it may indicate the pres-
ence of a gap through which the robot can pass. In such cases, a point
can be added at the center of the gap, guiding the robot to utilize this
potential passage for safe obstacle avoidance and path optimization.
Fig. 5 illustrates the method of LTP selection and evaluation. Through
this strategy, the robot can better adjust its navigation path using
local environmental information, avoiding obstacles while preventing
getting stuck in local optima.

This laser sensor-based LTP generation mechanism is highly prac-
tical in complex and unknown environments. When the global target
is far in an unknown environment, directly using it as the autonomous
navigation goal can easily lead to local optima. By accurately detecting
environmental features and selecting appropriate LTPs, the robot can
gradually approach the global target through successive visits to these
local points. Once close to the global target, it can then be used as
the driving goal for navigation. The stored SLTP is not fixed; when
the robot visits a point, it is removed from the set. Additionally, if
the robot fails to reach a selected LTP after multiple attempts, the
point is also removed from the set. To determine the visitation order
in the absence of human intervention, this paper proposes a heuristic
evaluation method based on information distance limited exploration.
Each point in the set is labeled as ¢;, and the evaluation consists of three
parts: the positional relationship between the robot’s current location
and the evaluation point (including position and angle), the positional
relationship between the evaluation point and the global target, and the
environmental information score of the evaluation point. The specific
formula is as follows:

He =w, -, +16)+w,-d, + P, (6)

In the equation, d,, and d, represent the Euclidean distance from
the current position to the candidate point and the Euclidean distance
from the candidate point to the global target, respectively. p, is the
angle between the current heading and the candidate point, calculated
via the inner product, as follows:

B, = arccos < (Xe —%o) ) 7
\/(xc - xo)z + (yc - y0)2

Br=p -0 ®

The robot evaluates candidate points using a heuristic function that
integrates distance, angle differences, and environmental information
to select the optimal point as a local goal. Here, 6 represents the
current orientation, and #, denotes the angular difference between the
direction of the candidate point and the robot. If g, > = or f, <
—r, it is adjusted to the range of [—z,x]. The forward cost consists
of the distance from the robot to the candidate point and the angle
difference, with w,; and w, representing the weights for the forward
and backward costs, respectively. Additionally, P, assesses the obstacle
situation around the candidate point. When there is an obstacle within a
distance of 1 unit around the candidate point, P, takes the value of —1;
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Heuristic Function with Obstacles

Fig. 5. This is the selection process of LTPs. (a) Selection of SLTP. The three
numbered markers in the figure correspond to three different types of selection
for SLTP. (b) The heuristic LTP evaluation method used, generating a three-
dimensional image.

Algorithm 2 LTP Selection and Evaluation with Pre-trained H-MCDM
Model.
1: Initialize pre-trained H-MCDM model M, SLTP list P, and
evaluation weights w;, w,

2: for each step do

3 Select action a,,(1) = M(s,) + N,, execute, store (s, a,, r,, s,,.1) in
B

4 LTP Selection: Add LTPs to P if conditions are met

5 LTP Evaluation:

6 for each LTP ¢; € P do

7: Compute heuristic score H,

8 end for

9 Local Target:

10: if 4, then

11: LTP = Human-selected

12: else

13: LTP = argmin(HC’_)

14: end if

15: Remove visited/unreachable LTP from P
16: Action Update: Apply action and proceed
17: end for

otherwise, it takes the value of 0. This helps ensure effective collision

avoidance.

In navigation tasks, a robot often needs to pass through multiple
LTPs to reach its final destination. The selection of these intermediate

points plays a critical role in determining the overall effectiveness

and efficiency of the robot’s path planning strategy. These LTPs rep-
resent strategic waypoints that guide the robot’s movements, ensuring
it follows an optimal trajectory that avoids obstacles, minimizes travel
time, and maximizes safety. The process of selecting and evaluating
LTPs, therefore, directly impacts the robot’s ability to navigate through
complex environments. In our method, the selection and evaluation
of LTPs are based on a SLTP. The SLTP has a maximum capacity of
400, meaning up to 400 LTPs are compared per episode; in practice,
the actual number of candidate LTPs per episode is far less than
400, confirming sufficient capacity. The SLTP is dynamically updated:
visited LTPs are removed, and LTPs that the robot fails to reach after
multiple attempts are also eliminated. Humans play a crucial role
in adjusting the LTPs based on their experience and ability to make
predictions about future situations. Specifically, the top 10 LTPs with
the highest H, scores are displayed in the RViz visualization interface,
numbered 0-9, for human reference; operators can select an LTP by
entering the corresponding number 0-9 via a standard keyboard, with
no confirmation key required and the input taking effect immediately in
the next decision step. When sensor data is incomplete, or when there
are uncertainties about the environment, such human input can provide
corrective guidance.

The detailed process of this method, including the steps of LTP
selection, evaluation, and adjustment, is shown in Algorithm 2. 4, is a
Boolean variable that equals 1 when human involvement is present in
LTP selection (i.e., when operators input an LTP number as described),
and 0 otherwise. This algorithm captures the integration of both human
and machine decision-making in the context of robot navigation. By
dynamically adjusting the LTPs, the robot’s global optimization capa-
bility is significantly improved, particularly in complex and unknown
environments.

4. Experiments

The overall objective of the experiments in this section is to sys-
tematically validate the effectiveness of the proposed HM-DRL method
for autonomous navigation, with targeted verification of its three core
components: (1) Verify whether the H-MCDM can integrate human
expertise with DRL’s self-learning capabilities, thereby improving nav-
igation performance in unknown environments; (2) Confirm whether
the LTP selection and evaluation strategy can decompose long-distance
tasks to mitigate the local optima problem of reactive navigation; (3)
Validate whether integrating human predictive capabilities into LTP
selection can further enhance global optimization ability, especially in
scenarios with high obstacle density or sudden environmental changes.

To achieve the above objectives, this section provides a detailed
overview of the experimental design and implementation process. First,
we outline the specific experimental settings. Subsequently, we vali-
date the navigation performance improvement brought by H-MCDM
(Section 4.2). Building on this, we verify the role of LTPs and human
dynamic guidance in global optimization (Section 4.3).
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Table 1

Parameter settings.
Parameter Value
Learning rate 0.001
Soft update coefficient ¢ 0.05
Standard Gaussian noise N, [-0.2, 0.2]
Update frequency for policy network 2
Max steps per episode 500
Target reward r, 100
Collision r, -100
Parameters in SLTP selection a, # n/3,7/6
Parameters in SLTP selection /,,/,,d 1.5,25,1.5
Maximum storage capacity of SLTP 400
LTP evaluation weight parameterw,, w, 1.3, 0.7
Hybrid weight w,, 0.5

4.1. Experimental setup

This section details the unified experimental setup, which is de-
signed to provide a consistent, reproducible baseline for verifying the
proposed method—ensuring that differences in experimental results
can be attributed to the core components of HM-DRL rather than
random factors.

The experiments in this study were conducted using the Gazebo
simulator to validate the effectiveness of the proposed navigation strat-
egy. The training environment is a simulated 10 x 10 meter area, as
shown in Fig. 6, which contains various obstacle shapes and randomly
generated obstacles. Each training session concludes when one of the
following conditions is met: the robot successfully reaches the target
point, a collision occurs, or the maximum step limit of 500 is exceeded.
During training, the robot’s maximum linear velocity is set to 1 m/s,
and its maximum angular velocity is limited to 1 rad/s. Movement
commands are issued with a delay 7, to simulate communication
latency. Gaussian noise, denoted as N, is added to both sensor inputs
and action outputs. The robot’s initial position, target location, and
obstacle positions are randomized in each training session. The robot
is equipped with an RpLidar sensor, which has a 10-meter range and is
divided into 20 sectors, with the minimum value from each sector used
as the input state. The robot is considered to have reached the target
when it is within 0.3 m, and a collision is detected when an obstacle
is within 0.35 m. Negative rewards are assigned if the robot comes
too close to an obstacle, and training ends upon collision. The robot’s
orientation is represented by quaternions, which are then converted to
Euler angles to ensure accurate posture tracking during navigation.

Key parameters for the proposed navigation strategy are summa-
rized in Table 1. These include the learning rate, soft update coeffi-
cient, noise range, policy network update frequency, and other critical
settings to ensure effective training and evaluation.

During the training process using H-MCDM, the robot’s initial and
target positions, as well as obstacle distributions, are randomized to
enhance data diversity, and Gaussian noise is introduced to simulate
real-world uncertainties. A target network stabilizes training by peri-
odically updating its parameters, using a soft update mechanism with
a ratio of = = 0.005, which smooths parameter updates and prevents
large fluctuations. The critic is optimized using temporal difference
(TD) error, while the actor is trained by maximizing the negative Q-
value. It is important to integrate human expertise and predictions
into the machine model. In simple environments where the robot can
complete tasks independently, human intervention is not needed, and
the machine’s action q,, is the final output. However, in complex
environments, human intervention is required to combine the human
action a;, with the machine action a,. Human operators utilize a
standard BTP-2270U gamepad for control. The vertical displacement of
the left joystick is mapped to the linear velocity, v,, where the neutral
position corresponds to 0 and a full upward push corresponds to 1.
The horizontal displacement of the right joystick maps to the angular
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Perspective of the agent

Detected environment data

Environment's full view

Fig. 6. Autonomous navigation environment in Gazebo and the visual map of
environmental information detected by LiDAR.

velocity, w;,, where a full left push corresponds to —1, a full right push
corresponds to 1, and the neutral position corresponds to 0. Fig. 7(a)
and (b) show the relationship between the linear and angular velocities
of human and machine actions when w,, = 0.5. To align with our initial
settings, the human’s linear velocity ranges from [0, 1], and the angular
velocity ranges from [-1, 1].

4.2. Experiment 1: human-machine co-decision-making strategy

The specific objective of this experiment is to verify the effectiveness
of the H-MCDM. To achieve this, we first train a TD3 model using
the H-MCDM mechanism—monitoring metrics such as episode rewards,
maximum Q-values, and average Q-values estimated by the critic net-
work to ensure the model converges to a stable, usable state. On this
basis, we compare the navigation performance of this H-MCDM-trained
model with that of traditional DRL models. The ultimate goal is to con-
firm whether H-MCDM can reduce collision frequencies and enhance
task success rates in complex, unknown navigation environments.

The TD3 model is trained using H-MCDM. As shown in Fig. 8(a),
the changes in rewards per episode during training are illustrated. The
figure indicates that the rewards continuously increase from episode 0
to around episode 4000, and after episode 4000, the rewards gradually
stabilize, signaling the completion of the model’s training. Fig. 8(b) and
(c) present the maximum Q-values and average Q-values of the state—
action pairs at a specific timestep during pre-training. The maximum
Q-value, estimated by the critic-target network, represents the highest
cumulative reward the agent can achieve by taking the optimal action
in the current state. The average Q-value reflects the overall trend of
the agent’s strategy performance throughout the training process. As
seen in the figure, the average Q-value gradually increases, indicating
that the agent is learning to achieve higher rewards, with its strategy
being continuously optimized until reaching an optimal level.

After completing the training of the robot model, we evaluated
the effectiveness of the control authority coordination strategy by
comparing the robot’s navigation performance in complex, unknown
environments under both the traditional DRL model and H-MCDM
model. We analyzed the navigation performance from multiple per-
spectives, including rewards per episode, the number of successes and
failures per epoch, average rewards, and overall task success rate. For
the comparison of navigation performance, four different models were
prepared: three models were trained using the H-MCDM method with
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velocity and (b) represents the hybrid of angular velocity.

Episode reward

100 X ,‘ it e ‘; ‘v W \W bl H\‘ wx I (+{
‘ 'i‘ '\ [ il i |
. | | (L } }
: ;’ H \ I EIAT
©
5—100 HH Il ]
o | |
-200
Original
~300 —— Smoothed
0 2000 4000 6000 8000 10000
Episode
(a)
Maximum Value q P Average Value q
140
120 20
100
0
80
o o
g 60 $-20
2 40 g
—-40
20
0 —-60
-20 _80
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Episode Episode
(b) ()

Fig. 8. (a) The variation in rewards during the training process. (b) The maximum Q-value estimated by the Critic network during training. (c) The average

Q-value estimated by the critic network during training.

10,000, 500, and 100 episodes, named H-MCDM, Model-100ep, and
Model-500ep respectively. One model was trained using the basic DRL
method with 10,000 training episodes, named Basic-DRL. In addition,
we investigated the navigation performance of pure human strategies
in unknown environments. The experiment adopted joystick control
for input, and to ensure that humans and the machine received the
same environmental information, operators could only view the envi-
ronmental information detected by the robot via the RViz visualization
interface. This strategy is named Human.

To ensure the objectivity and validity of the experiments while
avoiding random errors, a total of 100 epochs of tasks were con-
ducted. Each epoch contained 50 episodes, resulting in a total of
5000 navigation tasks. Since pure human experiments require a con-
siderable amount of time, we conducted 500 episodes. These results
are represented by the yellow curve in the partial subplot of Fig. 9.

Episode reward quantifies the comprehensive efficiency of a single
navigation episode, integrating path optimality, task completion speed,
and collision penalties. Calculated by the predefined reward function:
+100 for target arrival, —100 for collisions, and negative penalties for
obstacle proximity. Higher values mean more optimized navigation.
Rewards obtained in each episode were recorded, and to facilitate the
observation of the experimental results, we applied the exponential
moving average (EMA) technique for smoothing. These results are
shown in Fig. 9. The Model-100ep and Model-500ep models, due to
insufficient training, exhibited rewards significantly lower than the
Basic-DRL model. The H-MCDM model, benefiting from human expe-
rience, showed better navigation performance, with its reward curve
positioned above that of the Basic-DRL and the pure human strategy
named Human.
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models.

Specifically, the success rate for each epoch was calculated as the
ratio of the number of episodes reaching the target point to the total
number of episodes. The box plot in Fig. 10(a) depicts the distribution
of these epoch-wise success rates. Additionally, it should be noted that
the pure human operation Human is limited to 500 episodes due to
time constraints, and thus its results were divided into 25 epochs each
comprising 20 episodes, while the remaining models were divided into
100 epochs each with 50 episodes. With the progress of training, the
navigation task success rate of the Model-500ep was slightly higher
than that of the Model-100ep, but both were significantly lower than
that of the Basic-DRL (77.58%). For the Human, 311 out of 500 training
episodes were successfully completed, corresponding to a success rate

of 62.2%, while the H-MCDM model achieved a success rate of 83.5%,
which was significantly higher than those of the Basic-DRL and the pure
human operation. To further investigate the navigation performance of
the four models, we analyzed each epoch during the experiment. For
each epoch, the task success count, collision count, and average reward
for the 50 episodes were recorded, as shown in Fig. 10. As can be seen
from Fig. 10(b), the Basic-DRL model had a significantly higher success
count in each epoch compared to the Model-100ep and Model-500ep
models, but it was still lower than that of the H-MCDM model. In Fig.
10(c), it is evident that the H-MCDM model had the fewest collisions,
while the Model-500ep model experienced far fewer collisions than the
Model-100ep model. This is because, as the number of training episodes
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Fig. 12. Path trajectory of the agent in the simulation environment using the HM-DRL model.

increased, the model gradually realized that collisions resulted in sig-
nificant penalties, and thus made efforts to avoid collisions. However,
due to insufficient training, the model was still unable to complete
tasks successfully and fell into local optima. Similarly, in Fig. 10(d),
it is clear that the H-MCDM model outperforms the Basic-DRL model
in terms of navigation performance. This analysis of the experimental
process further demonstrates that human experience contributes to an

improvement in navigation performance.
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Experimental results demonstrate that the H-MCDM model signif-
icantly outperforms both the Basic-DRL method and the pure human
model Human in key evaluation metrics, including navigation task re-
wards and task success rate. This finding validates that compared with
relying solely on intelligent algorithms or pure human operation, the

human-machine hybrid yields more stable and optimized navigation

outcomes.



Y. Li et al.

Comparison of Success Rates Among Models

Advanced Engineering Informatics 72 (2026) 104379

Successes per Epoch: Target Reaches

1.00/ — 50.0
0.95/ 9 47.5
G 45.0
0.90 g™
g W5
< 0.85 @
g ©40.0
0.801 o
2 5375
0.75 3
' © 35.0
0.701 32.5 H-MCDM Original LTP-DRL Original HM-DRL Original
. —— H-MCDM EMA —— LTP-DRL EMA —— HM-DRL EMA
0.651 : i . 30.0
H-MCDM LTP DRL HM-DRL ) 20 40 60 80 100
Model Name Epoch
(2) (b)
Collisions per Epoch 20 Number of times falling into local optima
14
12 151
g £
210 2
w (N
5 -
g8 2
b4 0
5 6 g 5/
2 ®
S a4 2
Q o
2
0% % 20 40 60 80 100
Epoch
(d)

Fig. 13. Comparison of metrics between the H-MCDM, LTP-DRL, and HM-DRL accident models. (a) Box plot of success rates for different models; (b) Comparison
of the number of successes per epoch for different models; (c) Comparison of the number of collisions per epoch for different models; (d) Comparison of the

number of times the models get trapped in local optima per epoch.

4.3. Experiment 2: dynamic path guidance under local target points

The specific objective of this experiment is twofold. First, it aims to
verify whether the LTP selection and evaluation strategy can decom-
pose long-distance tasks and thereby mitigate the local optima problem.
This verification will be conducted by comparing the performance of a
model integrated with LTP against the baseline H-MCDM model from
Section 4.2. Second, it seeks to confirm whether integrating human
dynamic guidance into the LTP selection process can further enhance
the system’s global optimization ability. This confirmation will be
realized by comparing the proposed HM-DRL method against the model
that only includes LTP; the HM-DRL method combines both LTP and
human guidance.

To achieve these two objectives, this experiment directly builds
on the H-MCDM model established in Section 4.2. We first introduce
local target points to segment long-distance navigation paths, which
results in a modified model named LTP-DRL. On this basis, we further
incorporate dynamic human guidance into the LTP selection process of
LTP-DRL to form the final proposed HM-DRL method. This method is
used to verify the additional value of human intervention. To minimize
experimental bias caused by random factors, the experiment adopts the
identical setup as Section 4.2. This setup includes 100 epochs of testing,
50 episodes per epoch, and consistent environmental parameters such
as obstacle distribution rules and robot kinematic constraints.

Similarly, we recorded the rewards per episode for the H-MCDM,
LTP-DRL, and HM-DRL models in a complex, unknown environment.
To facilitate performance comparison, we applied EMA smoothing to
the data, and the results are shown in Fig. 11. From the displayed re-
wards, it can be observed that the LTP-DRL model, which incorporates
path segmentation, outperforms the H-MCDM model for most of the
time, but it is still below the HM-DRL model, which combines both
path segmentation and human predictions. To qualitatively analyze
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the performance of the HM-DRL method, we saved the autonomous
navigation trajectories using the HM-DRL model and plotted the path
trajectory shown in Fig. 12. This includes the start point, target point,
a variety of fixed obstacles, random obstacles, and the navigation path.
From the autonomous navigation paths, it can be observed that the HM-
DRL model dynamically adjusts its commands based on the surrounding
environmental conditions, successfully completing the task.

For quantitative analysis of the model’s performance, we analyzed
each epoch of the experiment, recording the number of successes,
collisions, and instances of local optima for each epoch of 50 episodes.
The recorded results are plotted in Fig. 13. The success rates from the
5000-episode experiment are summarized in the box plot shown in Fig.
13(a). The success rates for the H-MCDM (83.5%), LTP-DRL (87.14%),
and HM-DRL (93.26%) models increase sequentially, indicating that
both path segmentation using LTP and dynamic guidance through hu-
man prediction improve the navigation performance of the model. The
model combining both methods, HM-DRL, achieves the best navigation
performance. To facilitate comparison, the success and collision counts,
which exhibited large variability, were smoothed using EMA. From Fig.
13(b), it can be seen that the number of successes per epoch for the
HM-DRL, LTP-DRL, and H-MCDM models shows a decreasing trend in
sequence. In Fig. 13(c), the collision counts for the LTP-DRL and H-
MCDM models are quite similar, with the former slightly higher, while
HM-DRL has the fewest collisions. This is because LTP-DRL failed to
properly handle some local optimal situations. If the robot’s euclidean
displacement is less than 0.2 for 50 continuous steps, it is deemed
to be in a local optimum. Fig. 13(d) shows the number of times the
model falls into local optima during each epoch. Here, the curves for
the HM-DRL and LTP-DRL models overlap and are both zero, while the
H-MCDM model lies above them.

Through the qualitative and quantitative analysis of the above
experiments, it is evident that incorporating LTP to decompose the
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navigation path helps mitigate the issue of local optima commonly
encountered in reactive navigation, thus improving overall navigation
performance. The dynamic guidance provided by human predictions
enhances the model by adjusting the sequence in which LTPs are
accessed, effectively integrating human foresight of future conditions
into the navigation process. This approach significantly boosts the
robot’s navigation performance, particularly in complex and unknown
environments.

5. Conclusion and future work

This paper proposes an HM-DRL autonomous navigation system
that integrates human experiential knowledge with a heuristic LTP
evaluation mechanism to address challenges in complex and unknown
environments. By overcoming the local optimum trap and performance
limitations of traditional DRL-based reactive navigation, the system
improves task success rates, reduces collisions, and enhances overall
navigation performance. Experimental results validate the effective-
ness of human-machine collaboration, particularly in incorporating
human predictive capabilities through dynamic guidance. However,
challenges remain, including optimizing control authority allocation
for better human-machine collaboration, enhancing the universality of
the LTP evaluation strategy, and exploring online learning mechanisms
to enable autonomous optimization of human experience, reducing
reliance on human intervention and improving system adaptability and
autonomy.

In future work, we aim to address the remaining challenges by
focusing on two key areas. First, we will develop advanced control au-
thority allocation strategies to optimize human-machine collaboration,
ensuring seamless interaction and improved system efficiency. Second,
we plan to enhance the universality of the LTP evaluation mechanism,
such as surface and underwater robots and aircraft, making it more
robust and adaptable to diverse environments. These advancements
will further strengthen the system’s autonomy and performance in
complex and dynamic scenarios.
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