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To tackle the critical challenges confronted by mobile robots in dynamic environments, such as the demand
for short replanning time, high computational complexity, and unreliable planning results arising from en-
vironmental uncertainty, the majority of existing methods merely implement local obstacle avoidance in the
post-processing phase, which leads to limited improvements in global path optimization. Moreover, the fixed
coordination mechanism between global and local planning is difficult to adapt to varying scenario pressures. To
this end, this paper proposes a planning method with a predictive dynamic cost field and a complexity-adaptive
coordination mechanism (PADP), which employs Kalman-filter-based prediction to construct a direction-aware
dynamic cost field and integrates it into global path generation. An online complexity indicator composed
of obstacle density and other metrics is designed to dynamically adjust planning weights. Meanwhile, a
lightweight residual correction module is introduced to reduce multi-step prediction errors while retaining
the core Kalman filtering framework. Experimental results based on MATLAB grid simulations demonstrate
that PADP achieves an overall success rate of 80.56% and has the minimum average collision count among all
comparison methods in 36 dynamic scenarios. The hybrid PADP-KFRes reduces the prediction RMSE from
1.053 to 0.457.
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1. Introduction

Path planning for mobile robots in dynamic environments
requires a balanced trade-off among reachability, safety,
and real-time performance. This problem arises extensively
in scenarios such as warehouse logistics, indoor services,
inspection, and collaborative manufacturing [1, 2]. With the
navigation environment evolving from sparse to crowded,
robot interaction becomes more frequent. This problem is
no longer merely a shortest-path search on a static map.
The planner must judge whether future obstacle motions
affect route selection in the early path generation stage. It
also needs to decide whether the coupling between global
and local planning should change with scenario pressure

[3, 4]. Therefore, the core issue lies not only in the success
of local obstacle avoidance, but also in whether future risks
can be incorporated into path generation sufficiently early
and whether the coordination mechanism can respond in a
timely manner. To address this problem, heuristic search,
local trajectory optimization, and potential field methods
remain the most common engineering-oriented technical
routes [5, 6].

Some studies improve path smoothness and local fea-
sibility by refining the combination of A* and DWA [7–
10]; others rely on APF, TEB, or perception constraints
to enhance near-field obstacle avoidance [11–13]; a few
works attempt to unify global path design and local ob-
stacle avoidance [14]. These methods are attractive due to
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their clear structure and ease of online deployment. How-
ever, when obstacles intersect, interleave, or compete at
close range, risk modeling is still primarily based on cur-
rent positions or instantaneous geometric relationships.
Under such conditions, global paths often fail to anticipate
potential conflict zones in a timely manner [11, 12, 15–17].
In recent years, learning-based methods, motion prediction
models, and navigation in crowded environments have ex-
panded robots representation ability for dynamic scenarios
[18, 19]. Reinforcement learning is often adopted for contin-
uous decision-making in unknown environments [19, 20],
while velocity obstacle prediction, motion prediction net-
works, and multimodal prediction are used to strengthen
interactive modeling capabilities [21, 22]. Currently, most
prediction modules focus solely on local obstacle avoidance
and fail to introduce predictive information as explicit costs
into global planning, thus resulting in limited improvement
in global path optimization.

To address these issues, this paper integrates future risk
awareness into global path planning and employs scenario
complexity to adapt the coordination between global re-
planning and local evaluation. This paper presents three
methodological innovations:

• A predictive dynamic cost field is introduced to
explicitly incorporate future obstacle motion into
global path generation.

• A complexity-adaptive coordination mechanism is
developed to dynamically balance global replanning
and local trajectory evaluation.

• A residual Kalman prediction framework is pro-
posed to improve short-horizon motion estimation
while preserving model interpretability

2. Method

2.1. Overall Framework

The overall framework of the proposed PADP method is
illustrated in Fig. 1. The static map is first converted into
a static risk base layer via clearance cost mapping, while
dynamic observations are used to construct a predictive
dynamic cost field through short-term Kalman-filter-based
prediction. In the hybrid extension developed in this study,
a lightweight residual corrector is embedded inside this
prediction module, with the outer planning framework
remaining unchanged. The static risk and dynamic risk
together form a unified risk-aware cost map. Meanwhile,
complexity evaluation and hysteresis-based mode switch-
ing jointly regulate global replanning and local trajectory

evaluation, forming a closed-loop planning pipeline for
dynamic environments.

Fig. 1. Overall framework of the PADP method

2.2. System Modeling and Problem Formulation

Let the planar position, heading angle, linear velocity, and
angular velocity of the robot at discrete time k be pk, θk, vk,
and ωk, respectively. Then its discrete kinematic model is
given as follows:

pk+1 = pk + vk∆t
[

cos θk
sin θk

]
, θk+1 = θk + ωk∆t (1)

where ∆t is the sampling period. In the present experi-
ments, ∆t = 0.40s, and the maximum number of simulation
steps is 280. Let the goal position be pg. The robot is con-
sidered to have reached the goal when ∥pk − pg∥ ≤ 1.25.

For the i-th dynamic obstacle, the state vector is defined
as si,k = [xi,k, yi,k, ẋi,k, ẏi,k]

T, and the observation vector is
denoted by zi,k. Obstacle state estimation adopts a constant-
velocity model: si,k+1 = Fsi,k + qi,k

zi,k = Hsi,k + ri,k
(2)

where F denotes the state transition matrix, H represents
the observation matrix, and qi,k and ri,k denote the process
noise and observation noise, respectively. Since state es-
timation, cost map update, and path replanning must be
performed online within each planning cycle, the predictor
is required to capture the short-term motion trendwithout
introducing excessive closed-loop overhead.

Based on Eq. (2), the base predicted position oi,k+τ

and motion direction ψi,k+τ over the next Np steps can
be obtained, where Np is the prediction horizon and τ ∈
{1, 2, . . . , Np}. To preserve the interpretability and stabil-
ity of the Kalman predictor while compensating system-
atic multi-step errors near turning and reversal motions,
a lightweight residual corrector is further introduced. Let
∆oi,k+τ denote the residual sequence predicted by a small
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multilayer perceptron from the filtered state, covariance
traces, and a short position-history window. The corrected
forecast is written as

õi,k+τ = ôi,k+τ + αci,k∆oi,k+τ , ci,k = I
(
χi,k ≥ χth

)
(3)

where α is the residual gain, ci,k is a curvature gate, χi,k

is the recent motion curvature, and χth is the activation
threshold. When recent obstacle motion remains nearly
linear, ci,k = 0 and the predictor reverts to the standard
Kalman prediction. In that way, the Kalman filter stays
as the primary estimator, while learning only supplies a
bounded correction term for the short-horizon prediction
block.

2.3. Predictive dynamic cost field

This paper constructs an anisotropic risk kernel aligned
with motion direction around the predicted position. For
a spatial point p, we first transform its coordinates into a
local coordinate system aligned with the obstacle’s motion
direction to obtain the offset.[

∆xi,k+τ , ∆yi,k+τ

]T
= R

(
−ψi,k+τ

) (
p − δi,k+τ

)
(4)

Here, R(·) is the two-dimensional rotation matrix,
∆xi,k+τ denotes the relative displacement along the direc-
tion of motion, and ∆yi,k+τ denotes the lateral offset. This
transformation rotates the principal axis of the risk kernel
with the obstacle motion direction, so that the forward risk
band and the lateral yielding width can be distinguished
within the same coordinate frame. Based on Eq. (4), the
predictive dynamic cost field is defined as

Jdyn(p) =
No

∑
i=1

Np

∑
τ=1

γτ exp

(
−
(∆xi,k+τ)

2

2σ2
∥,i,k+τ

−
(∆yi,k+τ)

2

2σ2
⊥,i,k+τ

)
(5)

where No is the number of dynamic obstacles, γ is the
temporal decay factor, and σ∥,i,k+τ and σ⊥,i,k+τ denote the
diffusion scales along and normal to the direction of mo-
tion, respectively These two parameters serve different
roles. The longitudinal scale σ∥,i,k+τ mainly controls the
length of the forward risk band and reflects the space that
the obstacle may occupy if it keeps moving ahead. By
contrast, σ⊥,i,k+τ controls the lateral yielding width and
captures the safety margin needed in crossing and passing
interactions. The physical meaning and selection criteria of
each parameter are as follows.No: Number of dynamic ob-
stacles. Determined by sensor range and computation.Np:
Prediction steps. Np = 7 balances prediction ability and
error. γ: Time attenuation weight. γ = 0.80 weakens dis-
tant future uncertainty. σ∥: Forward risk range. Reflects
velocity uncertainty; set to 1.60. σ⊥: Lateral safety mar-
gin. Ensures passing space; set to 1.00. All parameters are

selected to balance prediction accuracy, safety margin, com-
putational efficiency and motion uncertainty. In the current
implementation, both scales increase with prediction steps,
and the longitudinal scale increases more rapidly because
long-horizon uncertainty tends to accumulate along the
motion trend. In that sense, Eq. (5) is not just a softened
obstacle inflation. It is a direction-aware approximation of
future occupied regions.

Static obstacle risk is represented by the clearance cost
Jsta(p), and the unified cost map is written as

J(p) = κs Jsta(p) + κd Jdyn(p) (6)

where κs and κd are the static and dynamic cost weights,
respectively. By inserting the predictive risk directly into
Eq. (6), the global path can respond to future interactions
during path generation rather than being corrected only
afterward at the local control stage.

2.4. Complexity metric and mode switching

By introducing dedicated complexity variables as online
coordination indicators, the local pressure imposed on the
planner can be quantitatively characterized. Let ρk denote
the density of dynamic obstacles within the sensing range,
βk represent the blockage rate ahead of the current global
path, and Hk be the local cost entropy that reflects the con-
flict uncertainty of local cost distribution. The formulation
is defined as follows:

Hk = −
B

∑
b=1

pb,k ln pb,k, Φk = λ1ρk + λ2βk + λ3Hk, (7)

where B is the number of cost bins, pb,k is the probability
of the b-th bin, Φk is the integrated complexity score, and
λ1, λ2, λ3 are the corresponding weights. They are com-
bined in nondimensional form for online use. So the linear
combination in Eq. (7) should be read as a coordination
score, not as a universal definition of scenario complexity.

On this basis, the planning mode is updated through a
hysteresis-based switching function:

mk = Γ (Φk, mk−1; θL, θH , δθ) (8)

where mk is the planning mode at time k, θL and θH are
the lower and upper complexity thresholds, and δθ is the
hysteresis width. The hysteresis term is used to prevent
frequent switching when Φk fluctuates near a threshold,
thereby maintaining continuity of the control output. The
three modes correspond to different coordination tenden-
cies. Mode A uses a longer global replanning interval and
a stronger preference for efficiency, and is suitable for low-
pressure regions. Mode B strikes a balance among global
path consistency, local risk avoidance, and online computa-
tional cost. Mode C shortens the replanning interval and
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increases the weight of local risk constraints so as to cope
with near-field interactions in high-pressure regions.

2.5. Experimental Scenario Design and Comparison
Method

All experiments were implemented in MATLAB. The envi-
ronment was modeled as a 60 × 60 grid map, with a fixed
start point at [4, 4] and a fixed goal point at [56, 56]. To
ensure consistent comparison conditions, all algorithms
utilized the identical static map, dynamic obstacle trajecto-
ries, start/goal configurations, and random seed. For the
simple scenario, the controlled variables included a 60 × 60
grid map and a time step of 0.40 s. For the moderate sce-
nario, the controlled variables were a maximum step count
of 280 and a perception range of 11.5. For the complex sce-
nario, the controlled variables consisted of the same start
point, goal point, and random seed set.

Eight methods are compared in this paper:

1. PADP: with predictive dynamic cost field and
complexity-adaptive coordination;

2. PADP-w/oPred: without prediction, only using cur-
rent dynamic risk;

3. PADP-w/oAdapt: with prediction but fixed coordina-
tion, no adaptive adjustment;

4. PADP-Base: without prediction and adaptive coordi-
nation;

5. A*: static global path tracking;

6. DWA: local obstacle avoidance baseline;

7. A*+APF: combination of static global path and local
artificial potential field avoidance;

8. D*Lite: incremental dynamic replanning.

2.6. Experimental Parameter Design and Data Collection

The parameters described below are uniformly adopted
as the default operating configuration across all compari-
son and ablation experiments to ensure fairness and repro-
ducibility.

In the map module, the static inflation radius and clear-
ance kernel standard deviation are set to 2 and 1.8, provid-
ing a balance between safety margin and map smoothness.
For the robot model, the radius is 0.90, while the maxi-
mum linear velocity, angular velocity, and acceleration are
set to 1.45, 1.25, and 1.10, respectively, ensuring kinematic
feasibility.

In the prediction module, the horizon is fixed at Np = 7,
and the temporal decay factor is γ = 0.80, prioritizing near-
term predictions. The lateral and longitudinal diffusion
scales are set to 1.00 and 1.60 to capture anisotropic motion
uncertainty.

For the cost function, the static and dynamic weights
are κs = 1.40 and κd = 2.35, emphasizing dynamic obsta-
cle influence while maintaining environmental constraints.
In the complexity regulation module, the weights are
[λ1, λ2, λ3] = [0.38, 0.37, 0.25], with thresholds [θL, θH ] =

[0.38, 0.64] and hysteresis width δθ = 0.05 to reduce fre-
quent mode switching.

For global replanning, the intervals of Modes A/B/C
are set to 12/5/2. Correspondingly, the local rollout hori-
zons for Modes A/B/C are 4/6/7, enabling adaptive plan-
ning under different environment complexities.This unified
configuration ensures consistency and reproducibility, al-
lowing performance differences to be attributed solely to
algorithmic design.

For the KF residual extension module, all baseline
PADP parameters are fully retained. The residual predictor
adopts a lightweight MLP with two hidden layers, each
containing 64 neurons. It takes the filtered obstacle states,
covariance traces, and the most recent five position incre-
ments as inputs, and outputs a 7-step residual correction
term. The residual gain and curvature gating threshold are
set to 0.75 and 0.22 rad, respectively, while the maximum
single-step correction is limited to 2.4 grid cells. Since obsta-
cle motion tends to be nearly linear in simple scenarios, the
residual model is trained and evaluated solely on moderate
and complex scenarios.

For the learning-based residual module, random seeds
1–8, 9–10, and 11–12 are used for training, validation, and
testing. To ensure fairness, seeds are reset per episode so
that paired runs share identical observation noise. Since
path length is computed only for successful runs, large
differences in failure rates across complex scenarios may in-
troduce sample selection bias; thus, path length is reported
only as supplementary information and not used for main
performance conclusions.

3. Results and discussion

3.1. Overall comparison

Table 1 summarizes the performance on the benchmark
scenarios. PADP achieves the highest overall success rate
and the lowest average number of collisions among the
compared methods. D*Lite, DWA, and A*+APF represent
incremental global replanning, reactive local avoidance,
and typical global and local hybrid strategies, respectively,
while A* serves as a static baseline. Compared with DLite,
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Table 1. A comprehensive comparison of 36 scenarios across all methods

Method Success rate (%) Mean collisions Replanning count Planning time (ms)

PADP 80.56 0.194 52.69 6.98
PADP-w/oPred 61.11 0.389 33.86 5.57
PADP-w/oAdapt 77.78 0.222 60.00 8.99
PADP-Base 61.11 0.333 49.89 6.46
A* 33.33 0.667 0.00 0.02
DWA 41.67 0.583 0.00 4.30
A*+APF 30.56 0.694 0.00 0.04
D*Lite 52.78 0.472 152.64 19.29

Table 2. Results of the PADP variants across scenario categories

Scenario Method Success rate (%) Mean collisions Replanning count Planning time (ms)

Simple PADP 100.00 0.000 12.00 2.06
Simple PADP-w/oPred 83.33 0.167 11.67 1.32
Simple PADP-w/oAdapt 100.00 0.000 35.50 2.47
Simple PADP-Base 100.00 0.000 35.42 1.63
Medium PADP 100.00 0.000 20.25 8.89
Medium PADP-w/oPred 75.00 0.250 19.83 6.62
Medium PADP-w/oAdapt 100.00 0.000 44.83 13.33
Medium PADP-Base 66.67 0.333 40.50 8.92
Complex PADP 41.67 0.583 125.83 9.98
Complex PADP-w/oPred 25.00 0.750 70.08 8.75
Complex PADP-w/oAdapt 33.33 0.667 99.67 11.17
Complex PADP-Base 16.67 0.667 73.75 8.83

PADP increases the success rate by 27.78 percentage points,
reduces collisions from 0.472 to 0.194, and decreases plan-
ning time from 19.29 ms to 6.98 ms. It also shows higher
success rates than DWA and A*+APF. Overall, these results
suggest that PADP improves the balance among success
rate, safety, and computational cost under the current ex-
perimental settings.

Fig. 2 tells a fairly consistent story. Differences are minor
in simple scenarios but become significant as interactions
grow denser and more frequent. PADP stays at 100% suc-
cess in simple and medium scenarios, then drops to 41.67%
in complex ones. D* Lite remains comparatively competi-
tive in medium scenarios, but it does so with many more
replanning events and higher planning time. By contrast,
A*, DWA, and A*+APF deteriorate sharply in complex
scenes. Notably, the separation among methods becomes
most visible when dynamic interference intensifies and
path intersections accumulate.

3.2. Analysis of the Roles of Prediction and Mode Switch-
ing

As shown in Table 2, although the roles of the two modules
cannot be completely isolated, it is clear that the prediction
mechanism is more closely associated with the reachabil-
ity of complex scenarios, while the complexity-adaptive

Fig. 2. Trends of core metrics for different methods across
various scenarios

coordination mainly affects the resource allocation strat-
egy of the planner. The prediction mechanism determines
the upper bound of reachability, whereas the coordination
mechanism optimizes online resource distribution. Based
on the current descriptive statistics, compared with PADP-
w/oPred, PADP improves the success rate in complex sce-
narios from 25.00% to 41.67% and reduces the average colli-
sion number to 0.583. In medium scenarios, the success rate
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increases from 75.00% to 100.00%, demonstrating that rely-
ing only on current position risk fails to guarantee reacha-
bility under intensified interactive motions.

After removing the adaptive mechanism, PADP reduces
the replanning count to 20.25 and increases the average
velocity to 1.331 in medium scenarios, without affecting
success rate. In complex scenarios, it shows a slight im-
provement in success rate at the cost of more frequent re-
planning. These results suggest that adaptive coordination
primarily regulates resource allocation between global and
local planning rather than directly reducing replanning
frequency.

Mode switching varies notably across scenarios. PADP
remains in Mode A for simple cases. In medium scenar-
ios, Mode A dominates (96.57%), with limited activation of
Mode B (3.43%). In complex scenarios, Mode B becomes
dominant (91.72%), with occasional use of Mode C (5.14%).
This indicates that the adaptive mechanism is mainly trig-
gered under higher scene complexity, adjusting the balance
between global and local planning as interaction intensity
increases.

3.3. Ablation Experiment Analysis of the KFRes Module

To evaluate the necessity of the residual module and its
auxiliary designs, four variants are compared on moderate
and complex scenarios: PADP without residual correction,
PADP-KFRes-w/oGate, PADP-KFRes-w/oClip, and the
full PADP-KFRes. Simple scenarios are excluded due to
near-linear obstacle motion, which limits the effect of resid-
ual correction.

At the prediction level, the validation RMSE decreases
from 1.053 to 0.457 after training. A gain scan shows that
setting the residual gain to 0.75 maintains the success rate
75.00% and collision mean 0.250, while reducing planning
time from 21.53 ms to 18.50 ms. This setting is therefore
adopted in the subsequent ablation.

Table 3 shows that curvature gating is the more critical
internal design. When gating is removed, residual correc-
tion is also applied to approximately linear motion seg-
ments, and the success rate in complex scenarios drops
from 58.33% to 50.00%. This reflects the noise distur-
bance of the learning model under non-specific distribu-
tions. The average number of collisions rises from 0.417 to
0.500, and the overall success rate decreases from 79.17%
to 75.00%. These results indicate that the learned residual
is not equally beneficial at all stages and must therefore be
used selectively through conditional activation.

Compared with the full PADP-KFRes, the clipping
mechanism plays a secondary yet non-negligible role. Re-
moving clipping does not affect success rate or collision

statistics on the full subset, but increases the average plan-
ning time from 17.20 ms to 17.46 ms, and from 20.86 ms
to 21.52 ms in complex scenarios. This indicates that clip-
ping is not critical for reachability, but effectively constrains
correction magnitude and enhances online stability.

Similar trends are observed on the held-out test set. The
success rate of PADP-KFRes-w/oGate decreases to 75.00%,
with a drop to 50.00% in complex scenarios, whereas the
full PADP-KFRes maintains 100% success and zero colli-
sions. Although PADP-KFRes-w/oClip remains safe on
this small test set, the full model demonstrates more con-
sistent performance across both the test set and the full
subset.

3.4. Performance Validation and Analysis in Complex
Dynamic Scenarios

Fig. 3 visually presents the path planning results in com-
plex scenarios. It can be observed that only PADP and
PADP-w/oAdapt successfully reached the target, while all
other methods failed before completing the task. In the rep-
resentative complex environment, PADP generated a path
deviation earlier before entering the obstacle intersection
area. This indicates to a certain extent that the predictive
risk field has affected the upstream path selection, rather
than only functioning in the final stage of local obstacle
avoidance.

Fig. 3. Trajectory overview of different methods in
complex scenarios

3.5. Stability Analysis Under Complex Scenarios

Fig. 4 shows that significant random seed fluctuations still
exist in complex scenarios. PADP exhibits certain disper-
sion in success rate, speed, and planning time, indicating
that the method cannot fully eliminate the uncertainty in-
troduced by complex dynamic interactions. However, its
collision distribution is more concentrated than those of
PADP-w/oPred, PADP-Base, and traditional baseline meth-
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Table 3. Ablation study results of the Kalman filter residual module

Level Method Success rate (%) Mean collisions Replanning count Planning time (ms)

Medium PADP 100.00 0.000 20.33 13.35
Medium PADP-KFRes-w/oGate 100.00 0.000 20.42 15.12
Medium PADP-KFRes-w/oClip 100.00 0.000 20.42 13.40
Medium PADP-KFRes 100.00 0.000 20.42 13.53
Complex PADP 58.33 0.417 130.17 20.14
Complex PADP-KFRes-w/oGate 50.00 0.500 127.67 23.00
Complex PADP-KFRes-w/oClip 58.33 0.417 129.50 21.52
Complex PADP-KFRes 58.33 0.417 129.75 20.86
Overall PADP 79.17 0.208 75.25 16.74
Overall PADP-KFRes-w/oGate 75.00 0.250 74.04 19.06
Overall PADP-KFRes-w/oClip 79.17 0.208 74.96 17.46
Overall PADP-KFRes 79.17 0.208 75.08 17.20

ods, and successful runs cover a wider range of random
seeds. This confirms its comparative advantages in stability,
though such benefits are still scenario-dependent.

Fig. 4. Means and standard deviations over multiple
random seeds in complex scenarios

4. Conclusions

This paper presents a path planning approach for mobile
robots in dynamic grid environments, integrating Kalman-
based prediction with complexity-adaptive coordination,
and extending it with a residual prediction module. The
method incorporates predicted future risk into global plan-
ning and adjusts global and local interaction via online
complexity metrics, forming a unified closed-loop scheme.
Across 36 simulated scenarios, PADP shows competitive
performance in success rate, collision avoidance, and com-
putational cost. Ablation results suggest that prediction
mainly affects reachability in complex scenarios, while
adaptive coordination regulates runtime resource alloca-
tion.

For the KF-Res residual extension, curvature gating en-
ables selective activation, and residual clipping improves
stability. PADP-KFRes reduces prediction error and plan-
ning time without degrading success rate or collision per-
formance. These results are obtained under grid-based
simulation settings, which define the scope of applicability.
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