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Abstract

In the highly dynamic production environment of intelligent logistics centers, autonomous
mobile robots (AMRs) serve as the core carriers connecting automated storage systems
with assembly lines. Their operational efficiency directly determines the overall produc-
tion cycle of the entire facility. In actual working conditions, narrow aisles in line-side
material stacking zones often lead to local deadlocks. Additionally, the presence of mixed
human-machine traffic and numerous dynamic obstacles causes traditional algorithms to
struggle with obstacle avoidance or path oscillation during long-distance delivery. This
paper investigates the M150 warehouse mobile robot and proposes an improved Dynamic
Window Approach (DWA) integrated with adaptive fuzzy control for local path planning.
First, the velocity evaluation function is modified for confined spaces by incorporating
angular velocity to enhance escape capability and adding a target distance function to
optimize sub-goal tracking. Second, a dynamic sampling space based on obstacle distance
is constructed to balance computational load. Finally, a two-input, four-output fuzzy
controller is designed to adaptively adjust evaluation function weighting factors in real
time, enhancing the AMR’s adaptability across diverse scenarios. MATLAB-based simula-
tions demonstrate that compared to traditional algorithms, the improved DWA produces
smoother trajectories, effectively resolving jamming and obstacle avoidance issues, thereby
meeting enterprises’ stringent requirements for AMR operational stability and safety.

Keywords: fuzzy control; dynamic window approach; local path planning; RCS collabora-
tion; intelligent logistics

1. Introduction

Local path planning is closely related to, but distinct from, trajectory planning: the
former addresses the local navigation problem, whereas the latter refers specifically to
the predicted motion paths generated within the velocity sampling window. Unlike static
global path planning, it requires real-time acquisition of local environmental data via multi-
modal sensors, including LiDAR, IMU, and vision cameras. Consequently, this fulfills
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the requirements of a dynamic adaptive planning paradigm [1]. Within the context of
complex industrial operations in intelligent logistics centers, local planning for AMRs
encounters several critical challenges: First, the issue of local deadlock (local-minimum
entrapment) is prominent. When executing long-distance delivery missions dispatched
by the Robot Control System (RCS), narrow lineside aisles and high-density storage areas
frequently cause gradient-based or window-sampling algorithms to converge to local
optima, resulting in vehicle oscillation or immobilization. Second, dynamic environmental
adaptability remains insufficient. Conventional planning algorithms typically employ
fixed weights for evaluation functions. As a result, they struggle to flexibly switch control
logic between wide thoroughfares and scenarios involving human-robot co-existence or
dynamic obstacle avoidance. This rigidity can potentially trigger delayed responses or path
instability. Lastly, there is a fundamental trade-off between computational efficiency and
control precision. For heavy-duty transportation, ensuring operational safety is paramount.
This requires achieving high-frequency, smooth trajectory sampling under limited onboard
computing power while strictly adhering to kinematic constraints.

Current research primarily revolves around aspects such as real-time performance,
dynamic obstacle avoidance, environmental adaptability, and path tracking. Zhang et al. [2]
addressed the challenges of multiple charging stations and energy constraints for mobile
robots in large-scale warehouses. They proposed an improved B-RRT algorithm that
significantly reduces path length and computational time through adaptive Gaussian
sampling and dynamic goal biasing. To meet autonomous driving requirements, Zhang
et al. [3] developed a planning and control framework based on an improved RRT and PSO-
LQR, optimizing convergence speed via variable sampling regions and artificial potential
field methods, and achieving high-precision path tracking by utilizing PSO to optimize
the LOR weight matrix. For complex inspection environments, Zhang et al. [4] introduced
environmental information guidance into the A* evaluation function and combined it
with a bidirectional optimization strategy, effectively addressing the issues of large search
spaces and the lack of path smoothness. Furthermore, regarding local planning in dynamic
environments, Ou et al. [5] proposed an enhanced Timed Elastic Band (TEB) algorithm that
utilizes Kalman filtering to track dynamic obstacles and predicts future positions through
graph optimization, markedly improving the success rate of obstacle avoidance. Although
the aforementioned algorithms demonstrate superior performance in global optimization
and static obstacle handling, the presence of rapidly changing dynamic obstacles in logistics
sites still necessitates reliance on efficient local planners for real-time avoidance.

DWA, originally proposed by Fox, Burgard, and Thrun [6], is a local planning and
obstacle avoidance algorithm centered on an objective evaluation function. By sampling
the motion state space of a mobile robot and integrating real-time sensor data, the algo-
rithm constructs a dynamic window to simulate potential trajectories, enabling the rapid
generation of local paths and collision-avoidance maneuvers. It functions by assessing
various combinations of the robot’s prospective motion states for the subsequent sampling
interval and selecting the optimal state to facilitate efficient navigation toward the target.
Therefore, the algorithm is widely applied in the field of path planning [7-10]. However,
when deployed in complex, unstructured industrial environments, conventional DWA
and its derivatives exhibit significant limitations, including the use of fixed weighting
parameters within the evaluation function and suboptimal adaptability to narrow aisles.

Current research on the DWA manifests two primary trends: optimization and inte-
gration. Zhang et al. [7] incorporated path-smoothing coefficients and local target selection
strategies to enhance the safety and stability of the DWA algorithm. Chen et al. [11] pro-
posed a DT-DWA algorithm that utilizes a decision-making classifier based on judgmental
factors to achieve adaptive adjustment of the weighting factors within the evaluation
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function. To address deficiencies in handling complex crowd scenarios within pedestrian
flow dynamics, Hu et al. [12] introduced a novel evaluation function and a trajectory-
smoothing algorithm. By balancing pedestrian velocity, direction, and spatial distribution,
their approach demonstrates significant advantages in reducing trajectory distance, veloc-
ity fluctuations, and oscillations. Wang et al. [13] developed a dynamic window method
incorporating dual-obstacle evaluation functions, adaptive weights, and the virtual goal
method, effectively mitigating collision risks with dynamic obstacles and resolving local
optima issues.

To address the aforementioned challenges, the integration of intelligent control algo-
rithms has emerged as a critical research frontier. Fuzzy logic control, by virtue of its robust
performance and independence from precise mathematical models, has been extensively
applied in industrial automation, power systems, and agricultural environments [14]. In
local path planning, where sensor data uncertainty and environmental complexity are
prevalent, the core principle of fuzzy algorithms is to utilize sensor data as input and
translate expert knowledge into control strategies through fuzzy rules, thereby regulating
robot motion and obstacle avoidance states. Guo et al. [15] proposed a local path planning
method combining prediction with fuzzy control, integrating standard obstacle avoidance
and wall-following behaviors into a single fuzzy controller; through internal rules, it fa-
cilitates behavior switching to resolve local deadlock and path redundancy. In research
concerning Arctic maritime routes, Wu et al. [16] improved fuzzy control by defining two
scaling factors based on holistic and obstacle-avoidance stages and designed two fuzzy
controllers focused on stability and collision risk; results showed a 19.52% optimization in
performance, significantly reducing the excessive steering angles associated with the DWA.
Furthermore, hybrid strategies such as intelligent vehicle path-tracking merging MPC
and fuzzy control [17], and the FLC-TEB algorithm combining fuzzy logic with TEB [18],
represent significant research directions in intelligent-algorithm-based local path planning.
Compared to these approaches, traditional adaptive DWA lacks heuristic reasoning in
confined spatial scenarios, while TEB-fuzzy models, though excelling in temporal kine-
matic tracking and dynamic obstacle handling, incur significantly higher computational
overhead. Furthermore, existing fuzzy-DWA methods primarily focus on open-space colli-
sion avoidance, often neglecting the bottleneck of narrow-aisle deadlocks. The proposed
method aims to balance this by introducing an environment-aware dynamic sampling
space and target-tracking optimization, achieving both computational efficiency and robust
adaptation in restrictive industrial layouts.

Fuzzy control typically performs reasoning on uncertain and ambiguous events based
on expert experience and fuzzy logic, characterized by high flexibility and strong adapt-
ability to complex, dynamic scenarios. Inherently, the DWA is a nonlinear path planning
and control methodology governed by a nonlinear kinematic model and subject to complex
constraints. Given that the robot’s state space and control inputs present nonlinear chal-
lenges, DWA offers superior real-time performance and computational efficiency; however,
it remains susceptible to local optima and exhibits limited environmental adaptability [19].

Although numerous studies have incorporated fuzzy control or adaptive weighting
strategies into the DWA framework, most existing approaches primarily focus on improving
either evaluation functions or parameter adaptation separately. In addition, relatively
limited attention has been paid to the coordinated optimization of trajectory evaluation,
sampling efficiency, and online weight adjustment under narrow warehouse environments
with frequent local deadlocks and dynamic obstacles.

To address these limitations, this study proposes an integrated local path planning
strategy featuring three complementary improvements. First, the conventional velocity
evaluation function is enhanced by incorporating angular velocity and target-distance infor-
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mation to improve escape capability and trajectory convergence. Second, a distance-aware
dynamic sampling strategy is introduced to balance planning accuracy and computational
efficiency under different environmental complexities. Third, a two-input four-output fuzzy
controller is designed to adaptively tune the evaluation-function weights online according
to obstacle and target distances. Rather than proposing an entirely new DWA framework,
this work provides an integrated engineering-oriented enhancement specifically designed
for industrial warehouse AMR navigation.

Addressing the challenges of local deadlock and dynamic obstacle avoidance within
the Weichai South District Logistics Center, this study takes the M150 model AMR as
the research subject and proposes a local planning strategy that integrates fuzzy control
with an improved DWA. By incorporating actual physical parameters and RCS scheduling
characteristics, the proposed method substantially optimizes the issues associated with
fixed weighting factors in the evaluation function [20]. The remainder of this paper is
organized as follows: Section 2 establishes the kinematic model of the robot and analyzes
the principles of the conventional DWA along with its velocity sampling space; Section 3
details the proposed improvement strategies, including the optimization of the evaluation
function by introducing angular velocity and target distance, the construction of a dynamic
sampling space, and the design of a two-input four-output fuzzy controller; Section 4
presents simulation experiments based on the actual industrial layout to comparatively
analyze the algorithm’s performance in scenarios involving narrow-passage deadlocks,
human-robot mixed flow, and sudden obstacles; finally, Section 5 concludes the paper.

2. Theoretical Background
2.1. Dynamic Window Approach

The DWA [6] is a method that, while satisfying the kinematic constraints of the
AMR, performs velocity sampling within a velocity space composed of linear and angular
velocities (v, w) over a specific sampling interval. It generates multiple two-dimensional
velocity combinations (v, w) and predicts motion trajectories based on the AMR’s kinematic
model; subsequently, an objective trajectory evaluation function is utilized to compute the
optimal velocity combination to regulate the AMR’s motion.

For the evaluation and selection of the optimal future motion trajectory, the trajectory
evaluation function G can be expressed as

G(v,w) = a - Heading(v, w) + B - Dist(v, w) + 7 - Velocity (v, w) (1)

The heading evaluation function, Heading(v, w), represents the angular deviation
between the AMR and the target point, where a denotes the weighting coefficient for the
heading component. For the (1 — ) orientations within the current prediction horizon, the
heading function is expressed as

Heading(i) = m— ]9,,76 — 9’ (2)
Normalization process
Heading(i) = M 3)
Y. heading(;)
j=1

The safety distance evaluation function, Dist(v, w), denotes the minimum distance
between the AMR and the nearest obstacle, where B represents the weighting coefficient
for obstacle proximity. Here, dist_vector refers to the set of distances between the predicted
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subsequent positions of the AMR and the obstacles. Following the same normalization
procedure as in Equation (3), the function is expressed as

Dist(i) = min(dist_vector) 4)

In the application scenarios of this study, obstacles encompass not only static elements,
such as storage rack columns, but also dynamic factors identified in the field layout,
including pedestrian flows and other mobile logistics equipment.

The velocity evaluation function, Velocity (v, w), represents the translational speed
of the AMR, where v acts as the velocity weighting coefficient, and Upre denotes the
linear velocity of the predicted candidate trajectories. Following the same normalization
procedure as in Equation (3), the function is expressed as

Velocity (i) =|vpr| ()

2.2. Kinematic Model Construction

The DWA necessitates the generation of predicted motion trajectories based on the
current velocity of the AMR. Therefore, it is essential to establish an accurate kinematic
model for the AMR. Assuming the current time is ¢, the kinematic model utilized in this
study [21] can be expressed as follows:

The pose information is defined as x(t) = [xt, ys, Gt]T, where (x;, ;) represents the
position of the AMR in the world coordinate system, and 6; denotes the heading angle. The
control information is defined as u(t) = [v¢, wi] T, where v; and w; represent the linear and
angular velocities at time ¢, respectively.

In the DWA framework, the pose information of the AMR at the subsequent time step
is derived from the current control inputs and the state at the previous moment. Given a
sampling interval £, and a prediction horizon tpy., the control information is updated

to the optimal combination u e (t) evaluated within ¢y, for each t;q1,:

vtsam le '
upre(t) = ! (6)

tsam ple

By integrating the pose and control matrices for the subsequent time step, the differen-
tial kinematic model, denoted as Diff, can be derived:

x(t + tsumple) Xt + 0t - tsumple ’ COS(Qt)
y(t + tsample) Yt +0t- tsample : Sil‘l(@t)
Diff = | 6(t + tsample) = Or + Wtsampte * tsample @)
o(t+ tsample) Utsample
(/J(f + tsample) Wt sample

As indicated by Equation (8), by inputting the current state variables, linear accel-
eration, and angular acceleration, the velocity sampling space of the AMR is calculated
within the prediction horizon. The optimal motion trajectory for the next moment is then
predicted through the kinematic model to achieve precise AMR motion control.

The geometric relationship among the world coordinate frame, the robot body frame,
the linear and angular velocities (v, w), the differential wheel velocities, and the instanta-
neous center of rotation (ICR) is illustrated schematically in Figure 1.
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Differential-drive kinematic model of the AMR (top view)

Figure 1. Differential-drive kinematic model of the AMR (top view).

As shown in Figure 1, the model defines the world frame {O} and the robot body
frame {Cr}, together with the heading angle 0, the linear and angular velocities v and w,
the left/right wheel velocities v;, and vg with wheel track L, and the instantaneous center
of rotation (ICR) with turning radius R = v/ w.

2.3. Construction of Velocity Sampling Space

Following the completion of the AMR kinematic model, it is necessary to perform
sampling within the velocity space to obtain multiple sets of two-dimensional velocity
combinations (v, w) as AMR states for predicting trajectory velocities. Since the AMR is
subject to dynamic constraints from onsite hardware and environmental safety constraints
set by the RCS, the available sampling velocity combinations are restricted within a specific
range, defined as the dynamic window [22]. Consequently, the velocity sampling space of
the AMR is influenced by multiple restrictive factors. The following section provides an
analysis and the construction process of the velocity sampling space for a warehouse AMR.

(1) Vehicle Physical Limit Constraints

Based on actual operating conditions and the technical parameters of the AMR, there
exist upper and lower limits for the velocity. Let V; denote the velocity set between the
maximum and minimum values, which is expressed as

Vs = {(v,w)\v € [vminrvmax} Nw e [wminrwmax]} (8)

(2) Motor Dynamic Constraints

Due to the influence of the output torque from the motor drive units, the AMR cannot
reach the target velocity within the sampling interval ty;,,, under the constraints of
acceleration limits. This is particularly critical in heavy-load transportation scenarios, such
as moving engine cylinder blocks, where larger buffer zones are required for starting and
braking. The velocity set V;, considering these dynamic constraints, is expressed as

Vi= {(v,w)‘v € [vt - tsamples Ut + v tsmple] Nw € [wt —w'- tsamples Wt + w' - tsample} } )

(3) Environmental Safety Constraints
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Beyond the internal constraints of the AMR, the motion is affected by lineside equip-
ment in narrow aisles. To ensure the AMR can safely decelerate and avoid obstacles before
a potential collision, the safe motion velocity set V; is defined as

Vo ={(v,w)|}v < /2-dist(v,w) - v, Nw < \/2~dist- (v,w)-w}} (10)

In this equation, dist(v, w) represents the distance between the predicted trajectory
and the nearest obstacle under the current velocity pair (v, w), while v/, and w’; denote the
maximum deceleration rates of the AMR.

By integrating the three constraints—(8), (9), and (10)—the velocity sampling space
within the dynamic window, after being subjected to these various restrictions, is defined
as the intersection of the constrained velocity sets V:

V= [V:NVyN Vi (11)

As illustrated in Figure 2, within the continuous velocity space V, (v, w) is converted
into discrete points based on the specified number of velocity sampling points. Trajectory
prediction is then performed according to the dynamic characteristics of the AMR to
generate multiple potential motion trajectories for the subsequent time step [23].

6.57
('vc = '[)bAt, We + d)aAt)/ (vC + '[)aAt, We + U:)aAt)

6 (Uc, we)
g (ve + VoAt

5-

1 1

60 605 61 6lL5 62 625
z [m]

Figure 2. Multiple sampled trajectories within the velocity space.

3. Integration of Fuzzy Logic Control and Improved DWA

Addressing the challenges of unstructured dynamic obstacles and deadlocks be-
tween RCS path nodes within the Weichai South District Logistics Center, this study
introduces targeted enhancements to the conventional DWA. The proposed improvement
strategy is designed to accommodate the long-body motion characteristics of the M150
model AMR, utilizing fuzzy logic control to facilitate adaptive adjustments under complex
operational conditions.

3.1. Improved DWA Algorithm

(1) Velocity Function Improvement

The Velocity function primarily assesses the operational speed of the AMR. However,
the traditional DWA focuses exclusively on the selection of linear velocity, often neglect-
ing the influence of angular velocity. As illustrated in Figure 3, assuming the predicted
trajectory of the AMR at the next time step consists of five candidate trajectories, the algo-
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rithm tends to prioritize the three middle candidate trajectories characterized by higher
linear velocities. This bias frequently results in the AMR executing repeated, small-scale
movements within a local optimum range, thereby hindering its ability to perform effective
escaping behavior.

(v.+a,At,w, +a,At)

(v.—aAt,w,+a,At)

(v.—aAt,
w, —a,At)

Figure 3. Schematic diagram of local deadlock (local-minimum entrapment).

To mitigate this, this study constructs a dynamic angular velocity evaluation mecha-
nism based on the distance to field obstacles. When the AMR detects a close proximity to
lineside shelves or columns, the algorithm forcibly increases the weight of angular velocity,
guiding the AMR to prioritize posture adjustment to “cut” away from the obstacle rather
than attempting a head-on passage. By incorporating angular velocity into the Velocity
function, a distance-influenced dynamic evaluation mechanism is established: when the
predicted trajectory is close to an obstacle, the influence of the candidate trajectory’s angu-
lar velocity is increased, prompting the Velocity function to select trajectories with larger
angular velocities. This allows the AMR to quickly rotate out of trap regions when stuck in
local optima. Conversely, when the distance to obstacles is large, the influence of angular
velocity is attenuated, and linear velocity remains dominant. The dynamic angular velocity
evaluation mechanism is defined as

_ dist(cur,obs)

w= dist( fur,obs) e (12)

where dist(cur, obs) represents the distance from the current position to the nearest obstacle,
and dist(fur,obs) denotes the distance from the predicted trajectory point to the nearest
obstacle. The redefined improved Velocity function is expressed as

Velocity' (v, w) = ky x |[v| + kp X |w] (13)

In this equation, k; and k, represent the proportional coefficients between the velocity
and angular velocity evaluation mechanisms. The motion behavior of the AMR is optimized
by adjusting these proportions, ensuring enhanced escape capabilities within narrow aisles.

(2) Introduction of the Target Distance Function

While existing RCS scheduling systems dispatch global path nodes, the AMR fre-
quently loses track of the subsequent sub-goal after performing local obstacle avoidance
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maneuvers, resulting in path oscillation on wide logistics corridors. This occurs because
the traditional DWA primarily relies on the Heading function to maintain directional con-
sistency, avoid frequent turning, and ensure path smoothness, but fails to account for the
actual distance to the target. This lack of spatial correlation may prevent the AMR from
effectively approaching the goal.

Consequently, this study introduces the Target function to strengthen the correlation
between the AMR and the target distance, reduce ineffective steering maneuvers, and opti-
mize local selection and motion efficiency. This function effectively suppresses unnecessary
rotations in open areas, ensuring the time efficiency of material distribution tasks. The
target distance function Target is defined as

Target(v, @) — digt(start, goal) (14)

dist(fur,goal)
where dist(start, goal) represents the distance from the predicted trajectory point to the
target point, and dist(fur, goal) denotes the distance from the start point to the end point.

In summary, the improved evaluation function enhances the robustness of the tra-
ditional model. The Heading and Target functions balance the trade-off between target
proximity and directional consistency, while the inclusion of angular velocity in the Velocity
function optimizes local selection and improves trajectory safety and escape capabilities.
The synthesized improved evaluation function can be expressed as

G'(v,w) = a - Heading (v, w) + B - Dist(v, w) + 7y - Velocity' (v, w) + 6 - Target(v,w) (15)

(3) Dynamic Sampling Space Based on RCS Computational Resources

As detailed in Section 2.3 regarding the construction of the velocity sampling space,
traditional DWA algorithms typically employ fixed sampling frequencies for the predicted
(v,w). In this study, the baseline sampling frequencies for the AMR model are set as
v, = 0.01 for linear velocity and w, = 7r/180 for angular velocity. The sampling frequency
is intrinsically linked to the number of predicted trajectories. In thoroughfare areas far from
obstacles, the sampling frequency is reduced to reduce computational overhead for RCS
task parsing. Conversely, in workstations or high-density pedestrian areas, the sampling
frequency is increased. The mathematical model for the adaptive sampling frequency of
the linear and angular velocities based on obstacle distance is expressed as follows:

o . k-vr,  dobstacle > dmax (16)
requency —
rei ! Ury dobstacle < dmax

k-wr,  dopstacle > dmax
W frequency= (17)
Wr, Aobstacle < Amax

In these equations, k denotes the adjustment parameter for the sampling frequency,
where k € (1,2]; dgpstacte represents the distance between the current AMR position and the
nearest obstacle; and dmax signifies the maximum safety distance.

Compared to conventional functions, the improved algorithm demonstrates three
primary advantages: 1. Optimization of the Velocity function: It refines the selection of
AMR velocity commands, enhancing the capability to escape from local deadlock (local-
minimum entrapment) situations and avoiding prolonged trajectory computations in
deadlock scenarios. 2. Enhanced algorithm robustness: The synergistic guidance of
the Target and Heading functions balances target proximity with directional consistency;,
optimizing the motion efficiency of the AMR in local optimal regions and dynamic obstacle
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scenarios. 3. Dynamic optimization of the sampling space frequency: By reducing the
sampling frequency in low-obstacle or distant-obstacle areas, the overall planning efficiency
is improved.

3.2. Fuzzy Control Design Based on Safety Considerations

To enable the algorithm to adapt to the volatile logistics scenarios within the Weichai
South District, this study defines four weighting coefficients: «, B, v, and J. This section
primarily focuses on the directivity and safety of the AMR’s motion states and behaviors.
As illustrated in Figure 4, two input variables—obstacle distance and target distance—are
introduced to design a safety-oriented fuzzy control system. This system dynamically
adjusts the four parameters («, B, v, and ) based on real-time environmental information,
thereby enhancing the AMR’s adaptability across diverse scenarios and ensuring safe and
stable arrival at designated measurement locations.

[ Inputs |

| I

| Obstacle |

| Distance |

| Fuzzy as Byoys 3 Dynamic N Sampling Space Output Optimal
Controller »| Evaluation > Trajectory [ Control

I | Function Evaluation Command

|

|

Goal Distance

Figure 4. Flowchart of the fuzzy control system based on the improved evaluation function.

Based on the improved evaluation function, this paper designs a safety-oriented fuzzy
controller. The system utilizes the distance from the AMR’s current positional state to the
nearest obstacle (OBSTACLE) and the straight-line distance to the target point (GOAL)
as inputs. It outputs four weighting factors: «, B, v, and ¢ for the improved evaluation
function, thereby establishing a two-input, four-output fuzzy controller. The design of this
fuzzy controller is illustrated in Figure 5.

(mamdani)

\ \ /
AV Z \/
X

OBSTACLE

Figure 5. Design diagram of the fuzzy controller.

|

myDWAFuz / /><><\
'\

These two inputs are deemed sulfficient for the local planning layer because the global
RCS already governs macro-level path optimization and network congestion prevention.
Thus, relying solely on OBSTACLE and GOAL allows the local planner to effectively resolve
immediate collision threats and maintain sub-node tracking progress without introducing
redundant computational overhead.

The fuzzification definitions for the input variables GOAL and OBSTACLE are
as follows:

The fuzzy sets for the input variables are defined as { Near, Medium, Far}, represent-
ing the proximity of distances. Considering the safety radius and safety distance of the
AMR, the universe of discourse for the input GOAL is established as [0, 5]. Specifically,
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when GOAL € [0,2.5], it is fuzzified as Near; when GOAL € [1.5,3.5], it is fuzzified as
Medium; and when GOAL € [2.5,5], it is fuzzified as Far. If the current distance to the
target exceeds the universe of discourse, it is set to the maximum value of 5. To ensure
operational safety, the universe of discourse for the input OBSTACLE is set to [0, 6]. When
OBSTACLE € [0,2.5], it is fuzzified as Near; when OBSTACLE € [2,4], it is fuzzified as
Medium; and when OBSTACLE > 3.5, it is fuzzified as Far. If the distance to the nearest
obstacle exceeds the universe of discourse, it is set to the maximum value of 6. The design
of the membership functions for the two input variables is illustrated in Figure 6.

Js ™ A(8 Js ™M YL

o o
> 3
o o
> 3

o
P

Degree of membership
°
2

Degree of membership

o
N
o
o

o
o

0 1 2 3 4 5 0 1 2 3 4 5 6
GOAL OBSTACLE

(a) (b)
Figure 6. Membership functions for input variables GOAL and OBSTACLE: (a) membership functions
of the input variable GOAL; (b) membership functions of the input variable OBSTACLE.

The weighting factors «, ,, and 6 involved in the outputs each have a universe of
discourse of [0, 1]. Based on the effectiveness considerations of path planning, the fuzzy
set for parameters « and J is defined as {XS, S, M, L}. For path safety considerations, the
fuzzy set for output quantities § and vy is defined as {S, M, L}. The membership functions
for the outputs a, y and 5, 6 are shown in Figures 7 and 8, respectively.

Xs s M L

08
06

04}

Degree of membership

02

ol
0 0.2 04 0.6 08 1

Figure 7. Membership functions for outputs a and 4.

Xs S M L

08}
06}

04f
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Figure 8. Membership functions for outputs B and +.
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The design of fuzzy rules constitutes the core component of the controller. Based on
the analysis of the evaluation function, the AMR selects the candidate trajectory with the
maximum total evaluation value as its optimal motion command. This study establishes
the fuzzy logic rules by considering the safety of the AMR’s motion state and the two input
variables, GOAL and OBSTACLE, as detailed below:

(1) When both GOAL and OBSTACLE are large: This state indicates that the AMR
currently has a high safety margin. Accordingly, the weighting factors § and 7y are set
to larger values, while « and p are set to smaller values. Under the premise of ensuring
operational safety, the algorithm prioritizes the distance-related weight of the AMR to
expeditiously minimize the distance to the target point.

(2) When GOAL is large and OBSTACLE is small: In this scenario, a larger § value
is selected to prioritize obstacle avoidance behavior. Simultaneously, the weighting influ-
ence of &, 4, and vy is reduced to prevent the AMR from becoming stagnant within local
trap regions.

(3) When OBSTACLE is large and GOAL is small: This indicates that the AMR is in
close proximity to the target and possesses a high safety index. At this stage, the weight
of the parameter « is increased to allow the heading function to guide the AMR’s motion
precisely toward the goal.

(4) When both GOAL and OBSTACLE are small: This suggests that the AMR is in a
hazardous position but very close to the target. Consequently, the weights of « and 5 are
increased, while those of v and J are decreased, ensuring the safety of motion behavior
while avoiding target overshoot.

(5) When both GOAL and OBSTACLE are moderate: In this state, the AMR operates
within a complex and dynamic environment. When OBSTACLE is relatively small, the pa-
rameters 7y and J are increased while « and p are decreased. Conversely, when OBSTACLE
is relatively large, the opposite adjustments are made. Overall, the weights of « and y are
attenuated to mitigate the risk of pathfinding failure.

Based on the analysis of the rules described above, the fuzzy control rules established
in this study are summarized in Table 1.

Table 1. Fuzzy control rules for weighting factors.

GOAL  OBSTACLE o B v §
IS IS L L S XS
IS ZM M M M S
IS YL L S M S

ZM JS S L S S
ZM ZM S M M M
ZM YL XS S L M
YL IS XS L S S
YL ZM S M L M
YL YL S S L L

After completing the design of the fuzzy rules, the fuzzy relationship surfaces be-
tween the controller inputs (GOAL, OBSTACLE) and the four output weighting factors are
illustrated in Figures 9-12.

Based on the fuzzy rules designed above, this study utilizes the Mamdani inference
method [24-26] to perform fuzzy reasoning and solve the fuzzy relational equations. To
integrate the fuzzy controller into the real-time navigation system, the fuzzy control quanti-
ties derived from the inference engine are converted into precise, explicit control signals
using the centroid method (center of gravity). The defuzzified crisp values of «, 3, y, and ¢
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are subsequently generated as the final outputs of the system to dynamically regulate the
trajectory evaluation function.

1
OBSTACLE 0 o GOAL

Figure 9. Relationship surface between inputs and output a.

08
07
06

© 05
04
03
02

OBSTACLE 0 o T son

Figure 10. Relationship surface between inputs and output B.

OBSTACLE 0 o GOAL

Figure 11. Relationship surface between inputs and output 7.

1
OBSTACLE 0 o GOAL

Figure 12. Relationship surface between inputs and output J.
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3.3. Qualitative Boundedness and Feasibility Discussion

This subsection qualitatively analyzes the stability of the integrated algorithm from
input-output boundedness, without strict Lyapunov mathematical proof. Four inherent
stability guarantees of the proposed method are summarized:

1. Bounded velocity output constrained by dynamic window: The velocity sampling
space is limited by AMR physical speed, motor acceleration/deceleration and safe braking
distance. All linear/angular velocity outputs fall within hardware-feasible intervals, which
eliminates unbounded control signals.

2. Bounded weight coefficients from fuzzy logic: The input universes of discourse and
output weight universe [0, 1] are normalized. The Mamdani fuzzy inference + centroid de-
fuzzification ensures «, B, v, 6 always stay between 0 and 1, avoiding parameterdivergence.

3. Persistent target guidance term: The added Target distance function continuously
provides a directional cost gradient towards the sub-goal, reducing, though not formally
eliminating, the likelihood of sustained limit-cycle oscillation in narrow deadlock zones.

4. Computational stability via dynamic sampling: Adaptive sampling frequency
adjusts trajectory prediction density according to obstacle distance. Sparse sampling in
open corridors reduces computation load without breaking planning continuity, while
dense sampling near obstacles maintains safety constraints steadily. This constitutes
computational stability in the sense of bounded per-cycle computation load, which is
distinct from control-system stability and is not invoked here as evidence of the latter.

Overall, these four points establish only qualitative input-output boundedness and
feasibility under the stated engineering assumptions; they do not constitute a rigorous
Lyapunov or input-to-state stability proof, nor a formal convergence or recursive-feasibility
guarantee, and such a theoretical treatment is left for future work.

4. Experimental Analysis
4.1. Scenario Description

To ensure that the algorithm can be directly applied to industrial sites, this study moves
beyond the generalized point-mass model and establishes a differential drive kinematic
model specifically for the M150 latent lifting AMR operating in the Weichai South District,
as specified in Table 2.

Table 2. Specifications of the M150 Warehouse Robot AMR.

M150 Warehouse Robot AMR

Load Handling Method Latent lifting
Navigation Mode OR code + Laser navigation
Travel Functions Forward, backward, and rotation
No-load forward /backward 1.2m/s
Travel Speed Loaded forward /backward 1.0m/s
P Turning angular velocity 180°/s
Loaded climbing capability 1°
Straight lateral deviation +10 mm
T | Precisi Turning lateral deviation +10 mm
ravel brecision Stopping precision 410 mm
Positioning precision +10 mm
Lifting Height 556 mm
Lifting Capacity 1500 kg /1000 kg
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In the actual production scenarios of the Weichai Group South District Intelligent
Logistics Center, the AMR serves as the core carrier connecting the automated three-
dimensional warehouse with the assembly production lines. Its operational efficiency
directly impacts the production cycle of the entire plant. Currently, this area primarily
relies on global task commands dispatched by the RCS, as shown in Table 3, and performs
node-to-node traffic control based on a topological map.

Table 3. RCS functional requirements list.

System

Module

Function Functional Description

RCS

Intelligent Path Planning Congestion Prevention

The AMR plans an optimal cost route based
on global information and costs; while not
necessarily the shortest physical path, the
overall cost is minimized.

Cost Optimization

Avoiding congestion in path planning is
achieved by selecting the optimal cost route,
as that route represents the path with the
lowest network-wide congestion.

The AMR dynamically requests lock points
during movement; if a request fails, it will

Re-planning continue to request. After a set number of
failures or a period of time, the path is
re-planned.

This study utilizes the layout shown in Figure 13 as a prototype to conduct high-fidelity
grid-based modeling. The environment exhibits typical high-dynamic and unstructured
characteristics, encompassing both wide main distribution thoroughfares and narrow,
dense storage areas, accompanied by frequent human-machine mixed-flow phenomena.
Such a complex environmental layout provides an ideal scenario for verifying the perfor-
mance of the improved DWA algorithm in terms of local deadlock escape and emergency
obstacle avoidance.

As shown in Figure 13, the warehouse layout is represented with normalized coordi-
nates: gray blocks denote storage racks, green blocks denote assembly workstations, the
blue circle is the AMR, the orange diamond denotes a dynamic obstacle (worker /forklift),
the red cross marks a sudden obstacle, and the purple triangle marks a narrow-aisle
deadlock point; the blue line is a normalized reference path. These markers respectively
correspond to the scenarios of Experiments 1-3.

To preserve confidentiality while retaining academic clarity, the original site screenshot
has been replaced by this abstracted generic grid map, and all quantitative metrics in the
comparative experiments are reported as normalized or relative values. The narrow-
aisle deadlock marker corresponds to Experiment 1, the dynamic obstacle in the shared
thoroughfare corresponds to Experiment 2, and the sudden-obstacle marker on the reference
path corresponds to Experiment 3.

The layout consists of three core functional areas:

West AS/RS zone: Parallel high storage racks with 1.8 m narrow aisles for AMR
inbound and outbound operations; Central north—south main thoroughfare: 4.5 m wide
shared channel for AMRs, manual forklifts and walking workers; East assembly worksta-
tion zone: 12 two-row stations with material staging areas in front of each workstation.

The M150 AMR receives global node scheduling commands from RCS, navigates
from the stereoscopic warehouse to assigned workstations through the main channel, and
dynamically avoids static shelf structures and random dynamic obstacles during driving.
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AS/RS storage zone Main thoroughfare Workstation zone
(narrow 1.8 m aisles) (4.5 m mixed flow) (two-row stations)
Exp. 1 scenario Exp. 2 scenario .I |:.| ]
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Workstation ‘ Dynamic obstacle (worker/forklift) 'V Deadlock point Navigation grid node

Figure 13. Generic grid-map abstraction of the warehouse layout.

The actual Weichai South logistics environment contains multiple types of moving
obstacles, including manual forklifts (1.5-2.5 m/s), crossing workshop operators, other
collaborative AMRs, and temporary material trolleys parked beside stations. The three
groups of simulation experiments are carefully screened to cover typical working condi-
tions, including three core failure modes of traditional fixed-weight DWA: narrow aisle
local deadlock, human-machine mixed-flow dynamic avoidance, and emergency response
to sudden obstacles, which are the most frequent failure cases encountered in on-site
transportation tasks.

A simulation platform is established using MATLAB R2023b (version 23.2) to con-
struct a map model of local optimum scenarios. Three sets of experiments are designed:
Experiment 1 focuses on local optimum escape within narrow aisles; Experiment 2 involves
dynamic obstacle avoidance in human-machine mixed-flow environments; and Experiment
3 evaluates emergency avoidance for sudden obstacles. These experiments serve to verify
the AMR'’s adaptability to traps, dynamic environments, and unexpected road conditions.

To establish a fair and rigorous quantitative comparison, three DWA-series algorithms
were implemented and evaluated under identical environmental configurations, kinematic
models, and velocity sampling constraints:

Baseline algorithms for quantitative comparison:

(1) Conventional DWA: The standard dynamic window approach with fixed evaluation
weights [heading = 0.2, clearance = 0.3, velocity = 0.3], without any of the proposed
improvements. This serves as the fundamental baseline.

(2) Fuzzy-DWA (without Target function): An ablation variant incorporating the
velocity evaluation improvement and fuzzy adaptive weight mechanism, but without the
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proposed Target distance function. This variant represents the class of traditional fuzzy-
DWA approaches, as it shares the core fuzzy-control architecture but lacks the key novelty
of the proposed method.

(3) Proposed method: The full method integrating all four components: velocity
evaluation improvement, Target distance function, fuzzy adaptive weights, and dynamic
sampling space.

The following quantitative metrics are recorded for each trial: (1) Success rate: percent-
age of trials reaching the goal without collision or timeout. (2) Collision rate: percentage
of trials resulting in obstacle collision. (3) Path length: total Euclidean distance of the
executed trajectory (m). (4) Number of iterations: total planning cycles to complete the task.
(5) Computation time: average and maximum per-iteration planning time (ms). (6) Min-
imum clearance: minimum distance to any obstacle during execution (m). (7) Velocity
smoothness: standard deviation of linear velocity (v_std) and angular velocity (w_std).
(8) Average acceleration: mean absolute acceleration (m/s?). (9) Minimum time-to-collision
(TTC): minimum predicted time to collision with dynamic obstacles (s), applicable to Ex-
periment 2. (10) Energy consumption: normalized estimate computed as E = Z(v-dt) +
0.5%(a2-dt), where v is linear velocity, a is acceleration, and dt = 0.1 s is the simulation
time step.

Statistical methodology: To ensure the reliability and reproducibility of the compara-
tive results, each experimental scenario was repeated for N = 30 independent randomized
trials for each algorithm. Randomization was applied to obstacle positions, dynamic obsta-
cle velocities (1.5-2.5 m/s), obstacle appearance times, and initial AMR heading angles. All
quantitative metrics are reported as mean +/ — standard deviation (mean +/ — std) across
the 30 trials. Only successful trials are included in the computation of path-dependent
metrics (path length, iterations, velocity profiles, energy), while success rate and collision
rate are computed over all 30 trials.

4.2. Experiment

Experiment 1: Local Optimum Escape in Narrow Aisles

This experiment simulates the AMR entering a narrow passage, similar to the dense
shelf area on-site, while performing raw material outbound tasks. The traditional DWA
often oscillates or performs in-place rotations because safety distance constraints lead it to
judge the path as “no way forward,” thereby trapping it in a local optimum.

The trajectory planning results, along with the velocity and weighting factor variation
curves for the improved DWA algorithm, are illustrated in Figures 14-17.
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Figure 14. Simulation experiment of local deadlock escape in a narrow shelf area.
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Figure 15. Variations in weighting factors in Experiment 1: (a) variation of the heading weight «

over iterations; (b) variation of the weight ; (¢) variation of the angular-velocity influence factor v;

(d) variation of the target weight J.
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Figure 16. Linear velocity curve in Experiment 1.
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Figure 17. Angular velocity curve in Experiment 1.

As illustrated by the path comparison in Figure 14, the traditional DWA algorithm

fails to effectively plan an exit route when encountering a narrow deadlock zone, resulting
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in AMR stagnation. In contrast, the improved algorithm proposed in this study auto-
matically initiates fuzzy controller intervention upon detecting sustained proximity to
obstacles. Specifically, as shown in Figure 15, when the algorithm reaches the 89th itera-
tion at the local optimum critical point, the system automatically reduces the proportions
of the heading weight « and the target weight J, while simultaneously increasing the
angular velocity influence factor. This strategy is designed to diminish the persistence
toward the target direction, prioritizing obstacle avoidance and rapid escape from the
restricted area.

Under the guidance of this control strategy, the AMR actively executes in-place self-
rotation adjustments, utilizing the geometric characteristics of the vehicle’s length-to-width
ratio to identify the optimal cut-in angle. By proactively altering its motion trajectory while
still at a distance from the trap, the AMR successfully navigates out of the confined region,
resulting in a smoother overall path.

Further analysis of the motion curves in Figures 16 and 17 reveals that, compared to the
high-frequency control fluctuations and the “sudden start/stop” phenomenon prevalent
in the traditional DWA algorithm, the improved DWA algorithm maintains a consistently
stable acceleration during obstacle avoidance in terms of linear velocity. The oscillation
amplitude of the angular velocity is also significantly suppressed, with no instance of
the velocity dropping to zero throughout the entire escape process. This characteristic
effectively addresses the frequent AMR deadlock issues caused by narrow passages in
aging production lines within the Weichai South District, markedly reducing the operation
and maintenance costs associated with manual intervention and resetting.

To quantitatively validate the deadlock-escape performance, 30 independent random-
ized trials were conducted for each of the three algorithms under the same U-shaped
narrow-corridor configuration. The corridor width was approximately 3 m (simulating
the 1.8 m shelf aisle with the AMR footprint), with a single internal pillar creating a local-
optimum zone. Randomization was applied to the AMR initial position (+/—0.5 m), initial
heading angle (+/—0.15 rad), goal position (+/—0.3 m), and obstacle wall positions (trial-
dependent offset of +/—1 m). For a fair visual comparison, a single shared scenario (with
an identical initial pose, goal, and obstacle layout for all three algorithms), in which both
baseline methods become trapped while the proposed method succeeds, is selected to plot
the trajectories and velocity profiles in Figures 18 and 19.

Experiment 1: Narrow-Aisle Deadlock Escape (one shared scenario)

12 . Conventional DWA
Baselines stagnate after
small in-place rotation Fuzzy-DWA (no Target)
all in-pla a Proposed Method
1= % Goal
10 — Proposed method escapes »Z RN Y
to the goal A 4 \
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9 . '
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Figure 18. Quantitative comparison of trajectories among the three algorithms in the narrow-aisle
deadlock scenario.
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Figure 19. Comparison of linear and angular velocity profiles among the three algorithms.

Quantitative comparison with baseline algorithms:

As shown in Figure 18, all three algorithms are evaluated on one identical shared
scenario: Conventional DWA (red), Fuzzy-DWA without the Target function (orange), and
the proposed method (green). The gray dots represent obstacles and the blue star indicates
the goal. The Conventional and the target-free Fuzzy-DWA trajectories only make a small
in-place rotation and stagnate near the start inside the U-shaped zone (magnified in the
inset), whereas the proposed method escapes directly and reaches the goal.

Figure 19 compares the linear velocity (left) and angular velocity (right) profiles of
the three algorithms on the same shared scenario during the deadlock-escape maneuver.
Both baseline velocities decay toward zero as they stagnate, whereas the proposed method
(green) accelerates out of the trap and reaches the goal with smoother angular regulation.

The quantitative results over N = 30 randomized trials reveal significant performance
differences among the three algorithms. The proposed method achieved the highest
deadlock-escape success rate of 90.0 +/— 30.5%, compared with 76.7 +/— 43.0% for Con-
ventional DWA and only 20.0 +/— 40.7% for the Fuzzy-DWA variant without the Target
function. The dramatically lower success rate of the target-free Fuzzy-DWA is a critical
finding: when obstacles are in close proximity within the narrow corridor, the fuzzy con-
troller assigns excessive weight to obstacle avoidance (beta) and insufficient weight to
goal heading (delta), causing the AMR to become immobilized rather than attempting
to escape. The proposed Target distance function compensates for this by maintaining a
persistent directional gradient toward the goal, and the integrated deadlock-detection mech-
anism further ensures escape when stagnation is detected. In terms of planning efficiency,
the proposed method required 243.7 +/— 30.2 iterations, fewer than Conventional DWA
(257.4 +/ — 21.5), despite the additional fuzzy inference overhead. The proposed method
also exhibited a lower angular-velocity standard deviation (0.145 +/— 0.003 rad/s) than
the target-free Fuzzy-DWA (0.162 +/— 0.002 rad/s), indicating smoother rotational control
during the escape maneuver. The minimum obstacle clearance was comparable across
algorithms (0.68-0.95 m), confirming that all methods maintain basic safety, while the
proposed method achieves this with substantially higher task completion. The average
per-iteration computation time for the proposed method was 10.15 +/ — 2.26 ms (maximum
20.63 ms), which remains well within the 100 ms real-time control requirement of the
M150 AMR platform. These performance differences across all key metrics are visually
summarized in Figure 20, which compares success rate, planning iterations, path length,
minimum clearance, angular-velocity smoothness, and energy consumption side by side.
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Experiment 1: Key Metrics Comparison (mean =+ std)
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Figure 20. Key metric comparison among the three algorithms in the deadlock-escape scenario.

Figure 20 summarizes six key metrics (N = 30, mean +/— std); from left to right:
success rate, planning iterations, path length, minimum obstacle clearance, angular-velocity
standard deviation, and normalized energy consumption. The proposed method (green)
achieves the highest success rate with competitive path efficiency and motion smoothness.

Experiment 2: Dynamic Obstacle Avoidance in a Human-Machine Mixed-Flow Envi-
ronment

As shown in Figure 21, Experiment 2 simulates the AMR's start and end state informa-
tion as (5,6,0) and (16,18, 71/2), respectively. The red trajectory represents the schematic
of the improved algorithm’s path planning under a static map. A dynamic obstacle, repre-
sented by a gray square, moves back and forth between coordinates (13,11) and (15,11) at
a velocity of 0.5 m/s to simulate a manual forklift encountered by the AMR.
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Figure 21. Schematic diagram of Experiment 2.

Based on these conditions, the trajectory planning results, velocity curves, and weight-
ing factor variations for Experiment 2 are illustrated in Figures 22-25.

The results of the dynamic avoidance and parameter variations indicate that the
evaluation function parameters fluctuate significantly when obstacles are in a state of
dynamic change. When the distance to an obstacle is relatively short, the parameter
increases to prioritize obstacle avoidance. In contrast, the traditional DWA algorithm’s
path remains biased toward local optima and fails to identify a viable route. Regarding
linear and angular velocity, the AMR maintains relatively stable motion commands within
the dynamic environment. No emergency stop or reset phenomena triggered by the RCS
occurred. This ensures the stability of material transportation in actual production and
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avoids the risk of cargo tipping caused by sudden braking. Consequently, the improved
algorithm better fulfills trajectory planning tasks in dynamic environments.

(a) Obstacle State 1~ (b) Obstacle State 2 (c) Obstacle State 3 (d) Final State

Figure 22. Simulation experiment of dynamic human-machine mixed-flow obstacle avoidance in the
main thoroughfare.
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Figure 23. Variations in weighting factors in Experiment 2: (a) variation of the heading weight «
over iterations; (b) variation of the weight §; (c) variation of the angular-velocity influence factor y;
(d) variation of the target weight 4.
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Figure 24. Linear velocity curve in Experiment 2.

For quantitative evaluation of dynamic-obstacle avoidance, 30 independent random-
ized trials were conducted for each algorithm in the 4.5 m-wide main thoroughfare configu-
ration. A single dynamic obstacle traversed the channel perpendicular to the AMR direction
at a randomized velocity of 1.5-2.5 m/s (simulating manual forklifts and crossing pedes-
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trians). Randomization was applied to the obstacle appearance time (3-8 s after the start),
initial position (+/—1.5 m across the channel), and velocity. The minimum time-to-collision
(TTC) was computed as an additional safety metric for this scenario. As in Experiment 1,
the trajectories and velocity profiles in Figures 26 and 27 are plotted on one identical shared
scenario (in which Conventional DWA fails) to allow a direct like-for-like comparison.
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Figure 25. Angular velocity curve in Experiment 2.

Experiment 2: Dynamic-Obstacle Crossing (one shared scenario)
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Figure 26. Quantitative comparison of trajectories among the three algorithms in the dynamic-
obstacle scenario.

Experiment 2: Dynamic-Obstacle Crossing

Linear Velocity Profile Angular Velocity Profile

1r 04r
Conventional DWA
03} Fuzzy-DWA (no Target)
: Proposed Method
0.8 s
— Conventional DWA w 0.2f
kY Fuzzy-DWA (no Target) (‘C“
\E, Proposed Method =
0.1
>06 2
© ‘c
Ke] oS 0
[ [
> >
§ 0.4 E 01t
£ 3
- £ 02
0.2
-0.3
0 -0.4 - - -
0 200 400 600 800 0 200 400 600 800

Iteration Iteration

Figure 27. Comparison of linear and angular velocity profiles among the three algorithms.
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Quantitative comparison with baseline algorithms:

As shown in Figure 26, all three algorithms are evaluated on one identical shared sce-
nario. The dashed purple line marks the crossing path of the dynamic obstacle (1.5-2.5 m/s).
Conventional DWA (red) maneuvers and then stalls before the crossing obstacle without
reaching the goal; the target-free Fuzzy-DWA (orange) eventually passes but follows a long,
redundant detour (54.1 m); the proposed method (green) follows a near-direct and smooth
path (24.1 m) to the goal.

Figure 27 compares the linear (left) and angular (right) velocity profiles on the same
shared dynamic scenario. Conventional DWA (red) decelerates to zero as it stalls; the
target-free Fuzzy-DWA (orange) sustains repeated large steering corrections over many
more iterations, while the proposed method (green) completes the maneuver earlier with
the smallest and briefest velocity adjustments.

The quantitative results over N = 30 randomized trials demonstrate that the proposed
method achieves the highest planning success rate of 76.7 +/— 43.0%, compared with
73.3 +/— 45.0% for the target-free Fuzzy-DWA and 60.0 +/— 49.8% for Conventional
DWA. The collision rate was reduced from 30.0% (9/30 trials, Conventional DWA) to 23.3%
(7/30 trials, proposed method), while the target-free Fuzzy-DWA achieved the lowest
collision rate of 20.0% (6/30 trials) at the cost of lower path efficiency. In terms of path
quality, the proposed method produced a significantly shorter path (24.72 +/— 1.35 m)
compared with the target-free Fuzzy-DWA (26.48 +/— 6.60 m), representing a 6.7% re-
duction. The proposed method also required fewer planning iterations (288.0 +/— 22.4
vs. 316.0 +/—99.1), indicating more consistent and efficient decision-making in dy-
namic environments. The linear-velocity standard deviation of the proposed method
(0.235 +/— 0.017 m/s) was lower than both baselines (0.246 and 0.241 m/s), confirming
smoother velocity regulation. The minimum time-to-collision (TTC) remained comparable
across all three algorithms (1.43-1.46 s), indicating that all methods maintain a basic safety
margin against dynamic obstacles. Notably, the average per-iteration computation time for
the proposed method was 3.01 +/— 0.72 ms, which is actually lower than Conventional
DWA (4.19 ms) due to the dynamic sampling mechanism reducing the number of predicted
trajectories when obstacles are far away. The maximum computation time (14.83 ms) occurs
during close-proximity obstacle encounters when full sampling is activated, but still satis-
fies real-time constraints. The comparative performance across all key metrics is visualized
in Figure 28, confirming that the proposed method achieves the best balance among success
rate, path efficiency, computation time, and safety.

Experiment 2: Key Metrics Comparison (mean =+ std)

Success Rate (%)
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Figure 28. Key metrics comparison among the three algorithms in the dynamic-obstacle scenario.
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Figure 28 compares the key metrics (N = 30, mean +/— std). The proposed method
(green) achieves the highest success rate, a competitive path length (6.7% shorter than the
target-free variant), and the lowest average computation time (due to dynamic sampling),
while maintaining a low collision rate.

Experiment 3: Emergency Obstacle Avoidance for Sudden Obstacles

This experiment simulates a peak production period where a material box is suddenly
placed near a workstation, requiring the AMR to react within an extremely short distance.

As illustrated in Figure 29, no obstacle has appeared at time ty. However, at time t;,
just as the AMR is about to reach the destination, a sudden obstacle is introduced, causing
the AMR to enter a local deadlock (local-minimum) zone; the corresponding adaptive
weighting-factor variations are shown in Figure 30. As shown in Figures 31 and 32, the
linear velocity of the AMR decreases briefly, while the angular velocity responds rapidly to
assist the AMR in completing close-range emergency avoidance. Subsequently, the AMR
quickly resumes tracking the RCS target point and successfully avoids the obstacle to reach
the goal at time f;.

(d) Final state

(c) At time t

(a) At time to (b) At time t1

Figure 29. Simulation experiment of emergency obstacle avoidance for sudden obstacles.
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Figure 30. Variations in weighting factors in Experiment 3: (a) variation of the heading weight «
over iterations; (b) variation of the weight ; (c) variation of the angular-velocity influence factor v;

(d) variation of the target weight J.

In the sudden-obstacle emergency avoidance scenario, 30 independent randomized
trials were conducted for each algorithm. A static obstacle (simulating a suddenly placed
material box) was introduced at a randomized time of 5-9 s after the start, when the AMR
was within 2-3 m of the goal position. The obstacle position was randomized within a
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1 m radius of the goal approach path. The maximum deceleration was recorded as an
additional metric specific to this emergency scenario, reflecting the hardware stress during
abrupt braking. The trajectories and velocity profiles in Figures 33 and 34 are likewise
plotted on one identical shared scenario for a direct like-for-like comparison.

08 The Robot V Changes

08

Value of V
© © o o o
@ &2 o o =

I
o

o

s L L P n
0 100 200 300 400 500 600 700
Interation

o

Figure 31. Linear velocity curve in Experiment 3.
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Figure 32. Angular velocity curve in Experiment 3.

Experiment 3: Sudden-Obstacle Emergency Avoidance (one shared scenario)
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Figure 33. Quantitative comparison of trajectories among the three algorithms in the sudden-
obstacle scenario.

Quantitative comparison with baseline algorithms:

As shown in Figure 33, all three algorithms are evaluated on one identical shared
scenario. The red block marks the static obstacle that suddenly appears at t = 5-9 s.
Conventional DWA (red) decelerates and comes to a halt before this obstacle without
finding a feasible escape command, whereas the target-free Fuzzy-DWA (orange) and the
proposed method (green) both deviate around it and reach the goal; the proposed method
detours with a smaller lateral deviation.

Figure 34 compares the linear (left) and angular (right) velocity profiles on the same
shared sudden-obstacle scenario. After the obstacle appears, Conventional DWA (red)
decelerates to a standstill and remains stalled, whereas both fuzzy-based methods (orange
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and green) briefly slow down, steer around, and resume; the proposed method (green) uses
the smallest and briefest steering corrections.

Experiment 3: Sudden-Obstacle Emergency Avoidance

Linear Velocity Profile Angular Velocity Profile
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Figure 34. Comparison of linear and angular velocity profiles among the three algorithms.

The quantitative results over N = 30 randomized trials reveal a stark contrast in
emergency obstacle response capability. Conventional DWA achieved a 0.0% success rate,
failing to respond to the suddenly appearing obstacle in all 30 trials. This is because the
fixed evaluation weights cannot rapidly reallocate priority when an obstacle appears within
the near-field sensing range; after an initial braking action, the controller cannot generate a
feasible command that both clears the obstacle and advances toward the goal, so the AMR
comes to a standstill and exhausts its iteration budget (the task fails without a physical
collision, consistent with the 0% collision rate). In contrast, both the target-free Fuzzy-
DWA and the proposed method achieved a 100.0% success rate, demonstrating that the
fuzzy-adaptive weight mechanism is essential for emergency obstacle response by rapidly
increasing the obstacle-avoidance weight (beta) when the obstacle distance drops below
the safety threshold. Among the two successful methods, the proposed method required
fewer planning iterations (261.0 +/— 0.7 vs. 265.4 +/— 2.4) and produced a slightly shorter
path (22.53 +/— 0.02 m vs. 22.56 +/— 0.04 m). More importantly, the proposed method
exhibited substantially lower angular-velocity standard deviation (0.016 +/— 0.007 rad/s
vs. 0.028 +/— 0.007 rad/s), indicating more precise and stable rotational control during
the emergency avoidance maneuver. The maximum deceleration was 0.20 m/s? for both
methods, consistent with the AMR hardware constraints. No collisions were observed for
either fuzzy-based method in this scenario. The average per-iteration computation time
for the proposed method was 4.43 +/— 0.31 ms, with a maximum of 17.15 ms during the
emergency response phase, both well within real-time requirements. These metrics are
graphically compared in Figure 35, which highlights the complete failure of Conventional
DWA and the superior control precision of the proposed method among the two successful
fuzzy-based approaches.

Figure 35 compares the key metrics (N = 30, mean +/— std). Conventional DWA (red)
achieves a 0% success rate, while both fuzzy-based methods achieve 100%. The proposed
method (green) exhibits lower angular-velocity variation and fewer iterations than the
target-free Fuzzy-DWA (orange).

Comprehensive analysis of the above experiments demonstrates that the improved
DWA algorithm possesses strong adaptability to various environments, resolving issues
inherent in the traditional DWA such as local optima, circling, and poor environmental
adaptability. Furthermore, the improved DWA algorithm exhibits superior performance in
terms of iteration counts, stability of velocity commands, and path smoothness.
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Experiment 3: Key Metrics Comparison (mean + std)
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Figure 35. Key metrics comparison among the three algorithms in the sudden-obstacle scenario.

4.3. Quantitative Comparative Analysis and Ablation Study
4.3.1. Cross-Scenario Quantitative Summary

The comprehensive quantitative comparison across all three scenarios (Table 4) demon-
strates consistent advantages of the proposed method. In the deadlock-escape scenario
(Experiment 1), the proposed method achieves the highest success rate (90.0%) while main-
taining competitive path length and iteration count. In the dynamic-obstacle scenario
(Experiment 2), the proposed method achieves the highest success rate (76.7%), a path
length (24.72 m) 6.7% shorter than the target-free Fuzzy-DWA, and the lowest average
computation time (3.01 ms, due to dynamic sampling). In the sudden-obstacle scenario
(Experiment 3), both fuzzy-based methods achieve 100% success while Conventional DWA
completely fails (0.0%), and the proposed method exhibits lower angular-velocity variation
(0.016 vs. 0.028 rad/s). Across all scenarios, the proposed method maintains minimum
obstacle clearance above 0.4 m and per-iteration computation time below 21 ms, satisfying
both safety and real-time requirements for the M150 AMR platform.

Table 4. Quantitative comparison of three algorithms across three experimental scenarios (N = 30,
mean +/ — std). Path-dependent metrics are computed only over successful trials.

Scenario Metric Conventional DWA  Fuzzy-DWA (No Target) = Proposed Method
Success Rate (%) 76.7 +/— 43.0 20.0 +/—40.7 90.0 +/— 305
Iterations 2574 +/— 215 212.8 +/— 125 243.7 +/— 30.2
Path Length (m) 7.65+/—0.37 7.69 +/— 0.35 7.74 +/— 0.36
Exp 1: Deadlock Avg Calc (ms) 427 +/—0.23 3.99 +/—0.35 10.15 +/— 2.26
Escape Min Clear (m) 095 +/—0.38 0.68 +/—0.18 0.88 +/— 0.40
W Std (rad/s) 0.142 +/— 0.002 0.162 +/— 0.002 0.145 +/— 0.003
Travel Time (s) 25.7 21.3 244
Energy (normalized) 7.84 7.82 791
Success Rate (%) 60.0 +/— 49.8 733 +/—45.0 76.7 +/—43.0
Collision Rate (%) 30.0 20.0 23.3
Path Length (m) 24.20 +/— 0.40 26.48 +/— 6.60 2472 +/—1.35
) Iterations 2873 +/— 64 316.0 +/—99.1 288.0 +/— 224
Exp 2: Dynamic Avg Calc (ms) 419 +/— 011 412 +/— 020 3.01+/— 072
Avoidance Min TTC (s) 1.45 +/— 0.50 1.46 +/— 0.48 143 +/— 0.66
V Std (m/s) 0.246 +/— 0.005 0.241 +/— 0.029 0.235 +/— 0.017
Travel Time (s) 28.7 31.6 28.8

Energy (normalized)

24.83 27.12 25.28
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Table 4. Cont.
Scenario Metric Conventional DWA  Fuzzy-DWA (No Target) = Proposed Method

Success Rate (%) 0.0+/—0.0 100.0 +/— 0.0 100.0 +/— 0.0

Iterations N/A 2654 +/—24 261.0+/—0.7

Path Length (m) N/A 22.56 +/— 0.04 2253 +/—0.02

Exp 3: Sudden Avg Calc (ms) N/A 427 +/— 0.05 443 +/— 0.31
Obstacle W Std (rad/s) N/A 0.028 +/— 0.007 0.016 +/— 0.007
Max Decel (m/s?) N/A 0.200 +/— 0.000 0.200 +/— 0.000

Travel Time (s) N/A 26.5 26.1
Energy (normalized) N/A 22.79 22.74

4.3.2. Ablation Study on Component Contributions

The ablation study was conducted in the narrow-aisle U-shaped deadlock scenario
(the same configuration as Experiment 1), as this scenario most clearly differentiates the
contributions of individual components, particularly the Target function and fuzzy weight
mechanism. Each variant was evaluated over N = 30 independent randomized trials with
the same randomization parameters as Experiment 1.

Five algorithm variants were constructed by incrementally adding each proposed
component: V1 (Conventional DWA): the standard DWA with fixed weights [heading = 0.2,
clearance = 0.3, velocity = 0.3], serving as the baseline; V2 (+Velocity improvement): DWA
with the improved velocity evaluation function that penalizes sudden velocity changes; V3
(+Target function): V2 plus the Target distance function that provides persistent directional
gradient toward the goal; V4 (+Fuzzy weights, without Target): V2 plus the fuzzy adaptive
weight mechanism but without the Target function, representing traditional fuzzy-DWA
approaches; V5 (Full proposed method): all four components integrated, including dynamic
sampling space.

The quantitative ablation results are summarized as follows (mean +/— std, N = 30):
V1 (Conventional DWA) achieved 73.3 +/— 45.0% success with 265.5 +/— 17.0 iterations
and 7.88 +/— 0.42 m path length; V2 (+Velocity improvement) achieved 60.0 +/— 49.8%
success with 263.8 +/— 20.8 iterations and 7.80 +/— 0.28 m path length; V3 (+Target func-
tion) achieved 100.0 +/ — 0.0% success with 251.7 +/— 22.3 iterations and 7.82 +/— 0.36 m
path length; V4 (+Fuzzy weights, without Target) achieved 26.7 +/— 45.0% success with
2149 +/— 9.3 iterations and 7.88 +/— 0.36 m path length; V5 (Full method) achieved
100.0 +/— 0.0% success with 252.0 +/— 23.7 iterations and 7.76 +/— 0.34 m path length.

Figure 36 shows the deadlock-escape success rate (left) and average planning iterations
(right) across the five algorithm variants (V1-V5) in the narrow-aisle scenario (N = 30,
mean +/— std). The Target function (V3) is the critical component, raising success from
73.3% to 100.0%, while fuzzy weights alone without Target (V4) reduce success to 26.7%.

Figure 37 shows the path length, angular-velocity standard deviation, and aver-
age computation time across the five variants in the narrow-aisle deadlock scenario
(N =30, mean +/ — std). The full method (V5) achieves the shortest path with competitive
computation time.

The ablation results reveal several critical findings regarding the contribution of
each proposed component. First, the Target distance function is the decisive component
for deadlock escape: adding only the Target function (V3) raises the success rate from
73.3% (V1 baseline) to 100.0%, while adding only the fuzzy weight mechanism without
Target (V4) drops the rate to 26.7%. This counterintuitive result for V4 occurs because the
fuzzy controller, when obstacles are in close proximity within the narrow corridor, assigns
excessive weight to obstacle avoidance (beta) and insufficient weight to goal heading (delta),
causing the AMR to become immobilized. The Target function compensates for this by
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maintaining a persistent directional gradient toward the goal, and the integrated deadlock-
detection mechanism further ensures escape when stagnation is detected. Second, the full
method (V5) achieves 100.0% success with the shortest path length (7.76 m) and competitive
iteration count (252.0), confirming that all components work synergistically: the Target
function prevents deadlock, the fuzzy controller adapts to obstacle proximity, the velocity
improvement smooths motion profiles, and dynamic sampling reduces computation when
obstacles are distant. Third, the velocity-improvement component (V2) alone does not
significantly improve success rate (60.0%), but contributes to lower velocity standard
deviation and smoother motion when combined with other components. Fourth, the
average computation time for the full method (11.44 +/— 1.44 ms) is higher than the
baseline (4.52 +/— 0.41 ms) due to the fuzzy inference overhead, but remains well within
the 100 ms real-time control requirement. These ablation results provide strong empirical
evidence that the proposed method is not merely a reparameterization of existing fuzzy-
DWA approaches, but introduces functionally distinct components that address specific
failure modes of conventional methods.

Ablation Study: Component Contribution Analysis
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Figure 36. Ablation study on deadlock-escape success rate and planning iterations.

Ablation Study: Path Quality and Efficiency
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Figure 37. Ablation study on path length, angular-velocity variation, and computation time.
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5. Conclusions

Addressing the complex and dynamic operational requirements of the Weichai South
District Intelligent Logistics Center, this study conducts research on local path planning for
AMRs based on an improved DWA algorithm integrated with fuzzy control. By establishing
a kinematic model for the M150 vehicle and introducing a dynamic angular velocity
gain mechanism and a target distance tracking function, Target, into the conventional
evaluation function, coupled with an environment-aware dynamic sampling space, the
deadlock and oscillation issues associated with long-body vehicles in narrow aisles are
effectively resolved at the algorithmic level. Concurrently, a fuzzy controller with two
inputs and four outputs is designed to achieve real-time adaptive online tuning of the
weighting factors a, 8,7, and ¢ of the evaluation function. This approach significantly
enhances the robustness and planning smoothness of the system under human-machine
mixed-flow and emergency scenarios. High-fidelity simulation results, mapped from
the actual field layout, demonstrate that the improved algorithm significantly optimizes
trajectory performance and operational efficiency while ensuring obstacle avoidance safety.
The proposed method effectively resolves velocity control fluctuations and the “sudden
start/stop” phenomenon, meeting the stringent requirements for AMR operational stability
and production cycle assurance in industrial environments, thereby possessing substantial
engineering application value.

Despite these promising findings, several limitations remain. First, the algorithm was
validated within a simulated high-fidelity grid map; thus, the effects of real-world physical
constraints such as wheel slippage, sensor noise, and communication delays were not fully
captured. Second, while the dynamic sampling space reduces computational overhead,
the real-time execution of the multi-input fuzzy inference system under extremely dense,
chaotic obstacle configurations requires further optimization to ensure strict real-time
guarantees on resource-constrained onboard microcontrollers.

Consequently, future work will focus on two major directions. First, we plan to
transition from simulations to physical deployment and conduct field experiments using
the actual M150 AMR platform in the Weichai South District Logistics Center to assess
the algorithm’s robustness under practical operational noise and load variations. Second,
we aim to integrate advanced dynamic obstacle intention prediction models into the
local planner to further elevate safety and coordination efficiency in collaborative human-—
robot environments.
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