Ingegneria sismica

International Journal of Earthquake Engineering
Anno XLIIT - Num. 1 - 2026

Research on adaptive control of path planning and trajectory tracking in
complex environment

Fengzhen Chen!”, Wanfang Lin® and Tingting Wu!

! Department of Information Engineering of Meizhouwan Vocational Technology College
PuTian 351119, Fujian, China

SUMMARY: In order to solve the problems of low efficiency of path planning in complex
environments, disconnection between local obstacle avoidance and trajectory execution, and
easy amplification of tracking error in dynamic disturbances, this paper proposes an integrated
adaptive control method for path planning and trajectory tracking. In the planning layer, guided
sampling and risk cost field modeling were introduced to improve the search efficiency, path
smoothness and reachability under complex obstacle distribution. In the control layer, an
adaptive tracking structure including feedforward compensation, error feedback and online
gain adjustment is constructed to enhance the system's ability to suppress model mismatch and
external disturbance. The experimental results show that in the scene with 25% obstacle density,
the average planning time of the proposed method is 0.43 s, the average path length is 78.4 m,
and the task success rate reaches 96.7%. When the obstacle density increases to 35%, the
success rate still maintains 91.5%. In the field test, the average tracking error in the dynamic
obstacle scene is 0.038 m, the maximum lateral error is 0.074 m, and the replanning recovery
time is 0.93 s. The results show that the proposed method achieves a good balance between
path quality, control ride comfort and environmental adaptability.
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1 Introduction

With the continuous landing of mobile robots, unmanned vehicles and intelligent inspection
equipment in scenarios such as storage and transportation, park services, complex
manufacturing and emergency operations, the requirements for autonomous movement ability
of the system no longer stop at "being able to reach the target position™, but further shift to
"reaching the target position stably, in real time and safely in complex environments”. Complex
environments are usually characterized by irregular distribution of obstacles, narrow access
areas, frequent local dynamic disturbances, and enhanced model uncertainty. This makes path
planning and trajectory tracking no longer two isolated problems, but a computational process
involving environmental modeling, state estimation, planning decision and closed-loop control.
If only the geometric reachability of the path is emphasized, and the dynamic constraints and
external disturbances of the vehicle or robot execution layer are ignored, the planning results
are often difficult to be smoothly reproduced in the actual operation. On the other hand, if the
controller only tracks around a given trajectory and lacks the fast response ability to
environmental changes and path reconstruction, the system is prone to obstacle hysteresis, local
oscillation and even tracking instability.
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Around this problem, domestic and foreign research has formed a rich technical
accumulation in the direction of graph search, sampling planning, artificial potential field,
dynamic window, reinforcement learning and model predictive control [1]. The existing
methods can achieve good results in structured scenes or single task conditions. However, when
facing the application scenarios with dense obstacles, incomplete environmental information,
and high requirements for path curvature continuity, some common shortcomings are still
exposed. The other kind of method has strong real-time performance, but is easily affected by
factors such as local optimum, speed jitter and control unsmoothness [2]. More notably, many
studies deal with path planning and trajectory tracking in segments, and the discrete paths
output by the planning layer lack deep coupling with the control layer, resulting in an obvious
fracture between path feasibility, tracking accuracy and control stability, which is also an
important reason why the system performance is difficult to be further improved in complex
environments [3].

Based on this, this thesis focuses on the integrated goal of "path planning, trajectory
generation, adaptive tracking control”, and attempts to construct a unified method framework
for complex environments from the perspective of computer modeling and control cooperation.
In the research, the environment grid expression, obstacle constraint judgment, path cost
evaluation and trajectory state update are integrated into the same computing link, which
improves the feasibility and continuity of path search in the planning layer. The adaptive
adjustment mechanism is introduced in the control layer to correct the speed error, heading
deviation and external disturbance online. Thus, the tracking stability of the system is enhanced
under the condition of dynamic disturbance and parameter perturbation. The focus of this paper
IS not simply to shorten the path length or reduce the instantaneous error, but to achieve the
coordination and unification between planning quality, control ride comfort and real-time
response capability in a multi-constrained environment.

The purpose of this paper is to verify whether the co-design of the path planning model and
the trajectory tracking adaptive control strategy can improve the path quality, tracking accuracy
and operation robustness of the system more effectively than the traditional separated method
under complex environmental constraints. The follow-up content will focus on the control
structure design and parameter optimization, the path planning model construction in complex
environments, the integrated implementation mechanism and performance verification, in order
to provide engineering feasible technical reference for the autonomous movement of mobile
agents in non-ideal environments.

2 Related Research

Path planning and trajectory tracking control in complex environments have gradually
developed from "single path search” to the coupled research direction of "environment
modeling-decision generation-closed-loop execution™. The core difficulty is not whether a
feasible path can be obtained, but whether the system can maintain high planning quality, small
tracking error and sufficient real-time response ability when the obstacle distribution, scene
topology, vehicle motion constraints and external disturbances change simultaneously. Around
this problem, the existing research mainly advances along three technical routes: path planning
optimization, trajectory tracking control enhancement, and planning and control collaborative
design, and has formed a rich application results in mobile robots, unmanned vehicles, and
complex operating platforms.

At the path planning level, the research focuses on global search efficiency, local obstacle
avoidance flexibility and path smoothness improvement. Liu et al. [4] conducted a systematic
review of mobile robot path planning technologies, and pointed out that traditional graph search

2



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

and heuristic methods have stability advantages in clearly structured scenes, but are often
limited by problems such as high frequency of re-planning and insufficient local adaptation in
dynamic environments. Yang et al. [5] combined the improved dynamic window method with
the A* algorithm to establish a connection between local obstacle avoidance and global
guidance, and enhanced the online planning ability in indoor environments. Hou et al. [6]
further introduced the improved sparrow search algorithm into DWA to optimize the local
trajectory evaluation process and improve the path search quality under complex obstacle
distribution conditions. In addition to heuristic methods, deep reinforcement learning has also
been used for local path generation. Park et al. [7] and Tao et al. [8] implement path decision
in dynamic environment based on DDPG and deep reinforcement learning framework
respectively, so that the system has certain self-learning ability, but these methods usually rely
on high-quality training samples and long training period. There is still instability in
generalization across scenarios. Zhang et al. [9] combined SAC with LSTM to deal with the
local planning problem in dynamic indoor scenes, which shows that the learning method has
the potential to deal with time-dependent environmental changes, but its interpretability and
engineering deployment cost are still worthy of attention.

For trajectory tracking control, research has been extended from classical PID, sliding mode
control to model predictive control, adaptive control, and data-driven compensation control.
Sun et al. [10] proposed an autonomous vehicle path following system based on model
predictive control, which can balance lateral error correction and control ride comfort under
constraints. Liu etal. [11] introduced an adaptive MPC mechanism to solve the model mismatch
problem caused by scene changes and improved the tracking stability of autonomous vehicles
under variable driving conditions. Wang et al. [12] used the state expansion method to construct
an adaptive trajectory tracking controller, which still maintained good error convergence
performance in the presence of external disturbances and parameter perturbations. Compared
with the control method relying on accurate models, Liu et al. [13] used Gaussian process
regression to compensate the unmodeled dynamics of wheeled mobile robots, so that the
controller could correct the prediction deviation in the uncertain environment, which indicates
that data-driven modeling is gradually becoming an important means to enhance the robustness
of control. However, the controller optimization alone cannot solve the inconsistency problem
between the planning path and the execution trajectory. When the planning result has curvature
mutation or local untraceability segments, the upper bound of the control layer performance
will still be significantly constrained.

In recent years, the integration of planning and control has gradually become a research
hotspot. Marashian et al. [14] simultaneously dealt with the path planning and path following
problems of mobile robots from the perspective of dynamic programming, trying to weaken the
separation error between them. Feng et al. [15] integrated obstacle avoidance path planning and
trajectory tracking into the operation process of automated guided vehicles for the scenario of
automated terminals, reflecting the actual demand for collaborative design in engineering
systems. Zhang et al. [16] combined the improved RRT* and PSO-LQR for path planning and
tracking control of autonomous vehicles, improving the execution stability while ensuring the
feasibility of the path. Zhang et al. [17] improved the combination of artificial potential field
and sliding mode control to realize the linkage of local obstacle avoidance and trajectory
tracking. Zhang et al. [18] further constructed an adaptive planning and tracking system based
on MPC, which made local obstacle avoidance and trajectory execution complete under a
unified prediction framework, showing good dynamic adaptive ability. This kind of research
has obviously broken through the series mode of "planning before, control after”, but there are
still two common problems. First, the connection between the path cost function and the control
performance index is not close enough, and the planning layer often pays more attention to the
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length or safety margin, but does not consider the traceability enough. Second, the scene update
in complex environment is uncertain and sudden, and the existing methods are still not
sufficient in real-time reconstruction of control parameters and planning strategies. To
summarize the representative work more clearly, Table 1 provides an inductive comparison of

related studies.

Table 1: Comparison of representative methods of related studies

Reference Core Method Rgsi)ejzgcth Main Advantages | Main Limitations
B_alances global Limited path
guidance and local
Indoor . smoothness and
Improved DWA + . obstacle avoidance, )
[5] - navigation of ; . dynamic
A . with relatively good :
mobile robots i adaptation
real-time -
capability
performance
High training
Deep Mobile robots Possesses online cost, and
[9] reinforcement in dvnamic decision-making generalization
learning for local envir)(;nments and self-learning stability is
planning capability affected by the
scenario
Relatively heavy
Dynamic Focuses on the Cgmgg;atxi?ﬁ I
[14] | Programmingfor |00 ohots coordination limited
path planning and between planning e
. . scalability in
tracking and tracking
complex
scenarios
Strong parameter
Improved RRT* + | Autonomous 'mpTOY‘?S path coupllng,. making
[16] PSO-LOR vehicles feasibility and online
control stability adjustment more
complex
. Local obstacle | Strong predictive Depends on
Adaptive X - model accuracy,
. . avoidance for capability and g ;
[18] planning-tracking X with relatively
autonomous suitable for .
MPC ) . high pressure for
vehicles constrained control ) .
real-time solving
Can compensate for : .
Gaussian process unmodeled Requires hlgh
. Wheeled . sample quality
[13] regression + robust . dynamics and .
. mobile robots . and regression
adaptive control provides good Y
efficiency
robustness

Based on the existing results, it can be seen that the key contradiction of motion control in
complex environments is no longer the pursuit of shorter paths or smaller errors, but how to
achieve a balanced improvement of planning quality, tracking accuracy and computational
efficiency under the condition of environmental uncertainty, dynamic changes of obstacles and
system parameter perturbation. Based on this understanding, this paper puts the path planning
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model construction and trajectory tracking adaptive control into a unified framework, and tries
to narrow the gap between "path planning" and "trajectory executable™ by introducing
traceability constraints in the planning layer and online parameter adjustment mechanism in the
control layer. Such a research idea also constitutes the direct starting point for the design of the
method below.

3 Path planning and trajectory tracking adaptive control
method in complex environment

3.1 Trajectory tracking adaptive control structure design and control
parameter optimization

Trajectory tracking control in complex environments is not only to make the moving object
move forward along a given curve, but also to maintain the cooperative convergence of position
error, heading error and velocity error under the conditions of obstacle disturbance, ground
attachment change, local curvature mutation and actuator response lag. If the controller still
adopts a fixed parameter structure, although a relatively stable output can be obtained under a
single working condition, once the reference trajectory is switched from a straight line to a
sharp curve, or temporary obstacles in the environment cause local replanning, the system is
prone to problems such as steering lag, lateral swing and speed adjustment discontinuity. Based
on this, a four-layer coupling structure of "reference trajectory feedforward - error feedback
correction - parameter online adaptation - disturbance compensation correction™ is constructed
under the digital control framework, so that trajectory tracking does not rely on a single set of
static control parameters, but is continuously adjusted according to the current operating state.
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Figure 1: Overall structure of adaptive control for trajectory tracking in complex environments

As shown in Figure 1, the system takes the discrete reference trajectory sequence output by
the path planning layer as input, and combines the fusion positioning results of the on-board
odometer, inertial measurement unit and lidar to construct the tracking error state in real time.
In order to make the controller reflect the geometric deviation and the kinematic deviation at
the same time, the lateral error, the heading Angle error and the longitudinal velocity error are
uniformly written as the state vector:
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ex = [ey(K) ey(k) ey (K)]T (1)

Here, e, (k) represents the lateral offset at time k, ey (k) represents the Angle deviation
between the actual heading of the vehicle body and the reference heading, and e, (k)
represents the difference between the actual speed and the desired speed. Considering that the
system dynamics changes with speed, curvature and road condition in a complex environment,
the discrete error propagation relation is expressed as in this paper:

ex+1 = Agek + Bruyg + wy (2)

where, A, and By are time-varying state matrices and control matrices, uy =
[8x, a ] Tcorrespond to steering control quantity and acceleration control quantity respectively,
and wy represents the comprehensive disturbance term composed of model mismatch, sensor
noise and external disturbance. The significance of this expression is not to establish a
completely accurate physical model, but to provide a unified computational carrier for
subsequent parameter tuning and error prediction.

In the design of control law, this paper does not use a single feedback correction, but
constructs a compound control form of feedforward and feedback parallel. The feedforward
part directly uses the reference trajectory curvature and the desired velocity to generate the
reference control signal, so that the system has a certain pretuning ability before entering the
large curvature section. The feedback part modifies the reference input according to the current
error state, which is used to suppress the execution deviation and the burst disturbance. Its
control law can be written as:

Uy = uf(f - Kkek + ak (3)

Here, uff is the feedforward quantity calculated from the reference trajectory, Ky is the
time-varying feedback gain matrix, and dy is the disturbance compensation term. Different
from the traditional fixed gain control, K is not a constant, but is determined by the off-line
optimization initial value and the on-line adjustment increment. The reason for this treatment
is that the importance of different error components is not constant in complex environments.
In the stage of narrow channel low-speed obstacle avoidance, lateral deviation suppression is
more critical than velocity recovery. In the acceleration phase of open area, the speed error and
heading comfort become the dominant factors. If the same set of gains is used in all scenarios,
it is often difficult to balance stability and flexibility.

In order to obtain better initial control parameters, the constrained particle swarm
optimization method is introduced to optimize the reference gain in the offline stage. The
optimization objects include the lateral error feedback gain ky, the heading error feedback gain
ky;, the velocity error feedback gain k., and the control increment penalty weight. Considering
that trajectory tracking should not only pursue the minimum error, but also avoid sudden turning
and sharp acceleration fluctuations, this paper constructs the following performance indicators:

N

J= Z(qlei(k) + gzef,(K) + q3ef (k) + r;48%(K) + rpa% (k) (4)
k=1

Among them, q4,q,,q3 are used to measure the importance of the three types of errors,
and r;,r, are used to constrain the change rate of the control quantity. The objective function
makes the optimization process pay attention to both tracking accuracy and control ride comfort,
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avoiding the degradation of one type of error only by reducing the other type of performance.
The particle update process follows the following iterative relationship:

it+1 = U)Vit + C1r1(pit - Xlt) + Czrz(gt - Xit);Xit+1 = Xit + Vit-lr1 (5)

\"
where, x| represents the parameter position of the ith particle at the TTH iteration, v}
represents the particle velocity, pf and g* correspond to the individual and global optimal
positions, o is the inertia weight, and c; and c, are the learning factors. In this paper, the
number of particles is set to 30, the maximum number of iterations is set to 120, the initial value
of o is set to 0.72, and both ¢; and c, are set to 1.6. The parameter search range is limited to
k, €[0.2,3.5], ky, €[0.5,4.5], k, €[0.1,2.5], so as to ensure that the parameters obtained have
sufficient adjustment amplitude, and do not lead to control overshoot under local high noise
conditions. Figure 2 shows the overall process of offline optimization and online update.

Parameter Trajectory Performance Particle Swarm Baseline
Initialization Simulation Sampling Metric Calculation Optimization Gain Output

'

‘ Baseline Gain Output ’

e S Yo \
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Figure 2: Process of offline optimization and online update of control parameters

Relying only on initial values obtained from offline optimization is still not sufficient to
cover real-time changes in complex environments. To this end, this paper further introduces a
fuzzy adaptive gain scheduler in the execution layer, which takes the normalized tracking error
en and the error change rate ecn as inputs, and generates the gain correction factor online
according to the current deviation intensity and the deviation evolution trend. Instead of directly
reconstructing all the control parameters, a small range of constrained continuous correction is
carried out near the offline optimal values, so as to give consideration to both adaptive ability
and numerical stability. Table 2 shows the fuzzy rules for the gain correction factor. It can be
seen that when the error and the error change rate are in a large positive interval at the same
time, the output tends to be strongly positive regulation to enhance the correction strength.
When the error is already close to zero and the change rate is small, the output falls back to near
zero, avoiding the repeated swing of the controller due to excessive sensitivity.

Table 2: Fuzzy rule table of gain correction factor
| ecy\e, | NB | NM | Z0 | PM | PB |
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NB PB PB PM PM Z0
NM PB PM PM Z0 Z0
Z0 PM PM Z0 NM NM
PM Z0 Z0 NM NM NB
PB Z0 NM NM NB NB

Based on this, the online update of the feedback gain matrix is written as:
Kis1 = Ho(Ky + AAX) (6)

Here, AAy is the gain correction of the fuzzy inference output, A is the diagonal matrix that
scales different error channels, and Ty (-) represents the boundary projection operator used to
restrict the updated parameters to the allowable interval Q. There are two considerations in
using the projection mechanism. First, the error peak may be caused by instantaneous occlusion
or positioning drift in complex environments. Secondly, online control programs are usually
deployed on embedded platforms, and controlling the numerical range is beneficial to maintain
the execution efficiency and thread safety of the algorithm.

In order to further weaken the influence of external disturbances on the control results, this
paper adds a low-order disturbance estimation module to the control loop, and updates the
unknown disturbance recursively according to the error residual of the latest period. When the
local path is replanned due to temporary obstacles, there is often a short-term discontinuity
between the old and new reference trajectory. If the system completely relies on the error
feedback to absorb this mutation, the steering amount will spike. After introducing the
disturbance estimation, a part of the sudden changes can be interpreted as compensable terms,
and the control pressure can be released in advance by feedforward correction. At the same
time, in order to verify the convergence trend of the parameter update, the Lyapunov candidate
function is constructed:

Vi = %eEPek + %K;{r-lﬁk (7)
Here, K represents the estimated deviation between the current parameter and the ideal
parameter, and both P and I' are positive definite matrices. Under the condition of projection
constraint and small step update, the system can maintain the non-increasing trend of Vi along
the time direction, so as to ensure that the trajectory error will not unboundedly enlarge in
successive iterations. This treatment does not pursue strict analytical optimality in form, but
puts more emphasis on stable availability in real-time control of complex environments.
Taken together, the adaptive control structure for trajectory tracking designed in this section
has three characteristics. First, the controller no longer regards the path planning result as a
static input, but incorporates the reference curvature, velocity expectation and local trajectory
switching information into the control calculation link, which strengthens the connection
between the planning layer and the execution layer. Secondly, a two-stage strategy of "offline
optimization to give the benchmark and online adjustment to complete the correction” is
adopted, so that the parameters not only have the optimal initial values obtained by global
search, but also have the dynamic adaptation ability for scene changes. Thirdly, through the
combination of incremental constraint, disturbance compensation and stability judgment, the
common problems of overshoot, oscillation and command mutation in complex environment
are reduced, which lays a foundation for the integration of subsequent path planning model and
controller.
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3.2 Path planning model construction and integration of planning and
control in complex environment

The trajectory tracking adaptive controller, constructed in the previous section, solves the
problem of stable execution under the condition that the reference trajectory is known, but
autonomous motion in complex environments does not stop there. In order to maintain
continuous operation in scenes with dense obstacles, narrow channels and frequent local
dynamic disturbances, the system must also have the overall ability to cooperate with path
generation, local correction and control. In other words, just because the controller can "follow"
doesn't mean that the system is "going right." When the environment topology changes with
time, or the global path has unexecutable segments in the local area, simply relying on control
gain adjustment cannot fundamentally eliminate the structural defects of the path layer. Based
on this understanding, based on the adaptive control framework described in 3.1, this paper
further constructs a path planning model for complex environments, and incorporates path
search, local re-planning and tracking control into the same closed-loop system to realize the
collaborative coupling of planning layer and execution layer.

( Environment Monitoring}—

(e — -
Sensor Inputs \
T ‘P[Occupancy Grid Update}v‘ Dynamic Risk Modeling }—» Local Adjustment Trajectory Output
) ‘
—— LIDAR
Environmental Representation —>[ Local Replanning J [ Reference Trajectory ]
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Figure 3: Structure diagram of path planning model in complex environment

As shown in Figure 3, the path planning model constructed in this paper adopts a four-level
structure of “environment expression-global planning-local correction-trajectory output”. At
the bottom of the system, the environment and pose information are obtained by lidar, depth
camera, inertial measurement unit and wheel speed encoder, and the real-time environment map
is generated by raster mapping and local occupancy update. In the middle layer, the global
search method of guided sampling is used to generate the main path from the starting point to
the target point. When dynamic obstacle intrusion, local channel contraction or original path
curvature does not meet the execution constraints are detected, the local planning module is
activated to perform short-term reconstruction of the affected road section. The upper layer then
converts the modified path sequence into a reference trajectory with velocity annotation and
sends it to the adaptive controller designed in Section 3.1 for closed-loop tracking. Compared
with the traditional serial structure, the path planning is no longer regarded as a one-time
calculation result, but the path is regarded as a sustainable updating intermediate state, so that
the system has the ability of online adaptation for complex environments.

In order to make the planning results closer to the real execution conditions, this paper does
not only use the binary occupancy grid to describe the environment, but introduces the dynamic
risk and the scene traffic cost in addition to the free space judgment, and constructs a fusion
environmental cost field. For any position p=(x,y), the combined risk is defined as:
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@ (p) = 2,0c(p) + 2;Dc(p) + A3S(p) (8)

where O.(p) represents the static occupied state of position p at time t, and takes a larger value
if the position is occupied by obstacles. D.(p) represents the dynamic risk probability
predicted by the movement disorder. S(p) represents difficulty information such as terrain
constraints, attenuation of channel width or proximity to boundaries. The A;,A,,A; are the
weight coefficients. The meaning of this formula is to distinguish "whether it can pass" from
"whether the cost of passing is too high". In this way, the global planning no longer only pursues
the shortest geometric distance, but actively avoids high-risk areas and narrow channel edges,
and reduces the correction burden of subsequent control layers from the path source.

In the global planning module, this paper adopts the improved sampling search strategy
under the guided corridor constraint. Although the traditional random sampling method has
good scalability in high-dimensional space, it still often has problems such as too many invalid
expansion nodes, slow convergence speed and redundant turning points in complex two-
dimensional/quasi-two-dimensional environment. In order to improve the search efficiency, we
generate an adaptive sampling distribution according to the current optimal path, target
orientation and free space distribution, so that new nodes are more inclined to fall near the
existing good path and its natural extension direction, rather than evenly scattered on the whole
map. Its sampling probability model is denoted by:

P(x) =N (X 1g Zg) + (1 — 1) U(Qy) %)

Here, V(x; g, Zg) represents the Gaussian distribution with the guided path node mean
ue and covariance X, as parameters, U({¢) represents the uniform distribution on the free

space Qy, and n € (0,1) is the guided sampling weight. This formula retains the necessary
exploration of random search, and enhances the ability to focus on potential excellent regions
through the guidance term. In the implementation of the program, KD-tree is used to accelerate
the nearest neighbor search, and fast collision detection is performed on the newly expanded
edges to reduce the time overhead of the node reconnection process.

Node expansion alone is not enough to generate execution-friendly primary paths, and the
path evaluation function must also take curvature and safety margin into account. To this end,
this paper defines the following global cost for the candidate path = {p;,p2, -, pPn} :

N-1

JoP) = > (llpss = pill + BOpid) + vl +

k=1

dy + s) 10)

Here, |lpk+1 — Pkl represents the Euclidean distance between adjacent waypoints, xy
represents the discrete curvature near the KTH node, dy represents the distance from this node
to the nearest obstacle boundary, € is a tiny constant to prevent the denominator from being zero,
and o.f,y,{ are weight parameters. Different from the traditional way of selecting the optimal
path only according to its length, the objective function will suppress the excessively curved
path segments and encourage the path to stay away from the obstacle boundaries while
maintaining the accessibility. The main path generated in this way is geometrically more
suitable for subsequent trajectory smoothing and control execution. The discrete node sequence
obtained by searching is further continuized by cubic B-spline, and the reference centerline
satisfying the curvature continuity constraint is obtained.

However, the global path, even if smoothed, cannot fully cope with the instantaneous
changes in complex environments. Especially when dynamic obstacles are traversed, local view
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is occluded, or narrow channels are temporarily blocked, only relying on global recomputation
will bring large time overhead and may cause short-term stagnation of the execution link.
Therefore, this paper superimposed a local velocity space planning module on the main path,
sampled the linear velocity v and angular velocity ® at the current time, generated multiple
short-term prediction trajectories, and selected the optimal obstacle avoidance action from them.
The local trajectory evaluation function is written as:

G(v,w) = aH(v, ) + bV(v,w) + cD(v, w) + dT (v, w) (11)

where H(v,w) represents the heading consistency index towards the target direction, V(v,®)
represents the velocity gain term, D(v,®) represents the minimum safety distance evaluation
with obstacles, T(v,0) represents the tracking consistency term between the local predicted
trajectory and the global reference path, and a,b,c,d are the corresponding weights. In particular,
T(v,) 1s introduced to prevent the local obstacle avoidance action from going too far away
from the main path. Without this item, although local planning may avoid obstacles in a short
time, it is easy to produce the problem of too large detour and difficulty in returning to the main
path. With the addition of consistency constraints, local actions will be more inclined to select
those velocity combinations that can safely avoid obstacles and facilitate reintegration into the
global path.

In order to make path planning and control execution truly form linkage, this paper does not
regard the local planning results as the final output directly, but further constructs the planning-
control joint optimization index. Let the control sequence in the prediction time domain be U,
then its integrated cost is denoted by:

Np

U* = argmuinZ(]g +Elleclld + vilAuclI}) (12)

=1

Here, Jg represents the path cost on the prediction step T, e is the tracking error vector at

the corresponding time, Au, represents the control increment, Q and R are the error weight
matrix and the control smoothing weight matrix, respectively, £ and v are the coordination
coefficients. This formula puts the traversability of the path layer, the error convergence of the
control layer and the smoothness of the execution layer into the same target, avoids the planning
module giving a trajectory that is "theoretically feasible but difficult to track™, and avoids the
control module from excessive tracking of local geometric optima, which causes high-
frequency action jitter. From the perspective of implementation, this joint cost does not require
a heavy optimization solution at each time, but starts the local update when the trigger condition
is satisfied, and takes the optimal solution at the previous time as the initial value of the current
iteration, so as to improve the efficiency of online calculation.

Table 3 shows the key parameter Settings of the proposed integrated planning and control
model. The relevant parameters are not arbitrarily selected, but determined jointly according to
the size of the simulation environment, the scale of the robot, the control refresh frequency and
the local obstacle avoidance requirements. In particular, there is a significant coupling
relationship between the safe expansion radius and the local prediction time domain. If the
expansion radius is too large, the narrow passage will be judged as impassable prematurely. If
the prediction time domain is too short, it is difficult for the system to give stable obstacle
avoidance action in time in the high-speed motion stage. In this paper, the parameters are
balanced through multiple sets of experiments.

Table 3: Key parameter Settings of the integrated model of path planning and control
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Parameter Item Setting Description
Value
Grid Map Resolution 0.10m Environment discretization precision
Obstacle Safety Inflation Radius 0.35m Accounts for ver:]];crlgeirs;hape and safety

Maximum Number of Global
Sampling Nodes

Goal Bias Probability 0.18

2500 Upper limit for guided sampling search

Increases the expansion frequency toward
the target region

Neighborhood Rewiring Radius 1.20m Optimization range for the global path

Prediction length for velocity-space

Local Planning Prediction Horizon 20s

sampling
Number of Linear Velocity Samples 7 Number of candidate local trajectories
Number of Angular Velocity Samples 9 Number of discretized steering actions
Minimum Safety Distance Threshold | 0.45 m Key criterion for triggering local obstacle
avoidance

Update frequency of closed-loop
coordination

Planning—Control Refresh Period 50 ms

As shown in Figure 4, the integration implementation process of this paper is not a one-way
execution chain, but a continuous rolling closed-loop update process. When the system is
running, the sensor thread continuously updates the pose estimation and local environment slice,
and the map thread synchronously maintains the occupancy grid and the risk cost field. When
the main path is available and there is no local high-risk disturbance, the system advances
according to the global reference trajectory, and the steering and driving commands are output
by the adaptive controller designed in Section 3.1. When dynamic obstacles are detected in
front of the path, the passable gap is narrowed, or the predicted tracking error exceeds the
threshold, the local planner is triggered to perform short-term reconstruction near the main path,
and the new trajectory segment is passed to the controller to complete the smooth connection.
If the reachability cannot be maintained after multiple local corrections, the global planning
module is restarted and the main path skeleton is updated. The result of this design is that the
system can maintain the global goal orientation, but also has enough local mobility, and will
not gradually deviate from the overall task route by a single local obstacle avoidance.

[ Stati Eetimation & P[ Map & Cost Field Update P[ Global Path Planning
erception

Local Disturbance

No Disturbance S

Detection

Disturbance Detected

Follow Reference Path . .
[ 1 ]ﬁ Local Path Adjustment %l Path Tracking

Controller T-mgger

l Replan
[ Pose Feedback ]
[ Short-Term Replanning

> Trigger Next Planning & Control Cycle ]
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Figure 4: Flowchart of closed-loop realization of integrated planning and control

In general, the path planning model for complex environments constructed in this section
has three characteristics. On the one hand, the environment representation is no longer limited
to static obstacle occupation, but incorporates dynamic risk and passage difficulty into the cost
modeling, which makes the path search closer to the real scene. On the other hand, through the
combination of guided sampling, path cost reconstruction and local velocity space correction,
the system achieves a good balance between global efficiency and local flexibility. At the same
time, the path planning result is not separated from the controller, but forms a closed-loop
coupling with the adaptive control structure of Section 3.1 through the joint cost function and
the state feedback mechanism. The integrated implementation of planning and control provides
a method basis for the experimental analysis of path quality, tracking accuracy and dynamic
adaptability in the subsequent performance verification part.

4 Performance verification of adaptive control methods for
path planning and trajectory tracking

4.1 Performance evaluation of path planning in complex environments

In order to verify the effectiveness of the path planning model in complex environments
proposed in this paper, this section carries out comparative experiments under the unified
simulation platform, and makes comprehensive evaluation from five dimensions of planning
time, path length, safe spacing, curvature smoothness and task success rate. Considering that
the method in this paper is not a single search algorithm, but jointly models the global planning
of guided sampling, local dynamic correction and control enforceability constraints, the
experimental focus is not only on "whether the path can be found", but also on whether the path
Is smooth enough to facilitate the stable execution of subsequent trajectory tracking control.
RRT*, Hybrid A* and traditional DWA are selected as the comparison methods. RRT* focuses
on the global sampling search ability, Hybrid A* takes into account the vehicle kinematics
constraints, and DWA emphasizes the real-time performance of local obstacle avoidance. The
proposed method is denoted as IPC-APTC (Integrated Planning and Control with Adaptive
Path-Tracking Control).

The experimental scene was set as a 60 m>60 m two-dimensional raster map with a
resolution of 0.1 m. The density of known static obstacles was set to 15%-35% and randomly
generated in different trials. The number of unknown dynamic obstacles was set as 3, and the
motion speed range was 0.2-0.8m /s. The initial position of the robot is (2, 2) and the target
point is (55, 54). The maximum linear velocity and angular velocity of the system are 1.2 m/s
and 1.5 rad/s, respectively. In order to reduce the influence of chance factors, each group of
algorithms was run 30 times independently, and the results were counted in the form of mean.
The relevant experimental parameters are shown in Table 4.

Table 4: Parameter Settings of path planning experiment in complex environment

Parameter Item Setting Value
Map Size 60 m <60 m
Grid Resolution 0.1m
Static Obstacle Density 15%-35%
Number of Dynamic Obstacles 3
Dynamic Obstacle Speed 0.2-0.8 m/s
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Maximum Linear Velocity of the Robot 1.2 m/s
Maximum Angular Velocity of the Robot 1.5 rad/s
Local Planning Refresh Period 0.05s
Number of Independent Trials per Group 30
Evaluation Metrics Planning time, pgth 'Iength, safety clearance,
curvature variation rate, success rate

In A medium complexity scenario (obstacle density 25%), the average planning time of the
proposed method is 0.43 s, which is significantly shorter than 0.86 s of RRT* and 0.61 s of
Hybrid A*, and is also lower than 0.57 s of traditional DWA under global-local segmentation
processing. In terms of path quality, the average path length generated by the proposed method
is 78.4 m, which is 9.7% shorter than RRT* and 6.1% shorter than Hybrid A*. More importantly,
the minimum safe distance of the proposed method reaches 0.71 m, and the average rate of path
curvature change is 0.184, which indicates that the method still retains good turning continuity
when approaching the obstacle boundary, and there is no obvious sharp corner line. The
corresponding task success rate reaches 96.7%, which is higher than 88.9% for RRT, 92.3% for
Hybrid A and 85.6% for DWA. This indicates that the proposed model can not only give a
feasible path faster in complex environments, but also the output trajectory is more suitable as
a reference input for the subsequent tracking controller.

Figure 5 further shows the variation of the task success rate of each algorithm under
different obstacle densities. It can be seen that when the obstacle density increases from 15%
to 35%, the success rate of each method decreases, but the decrease is not consistent. The
success rate of the proposed method under the obstacle density of 15%, 20%, 25%, 30% and
35% is 98.6%, 97.9%, 96.7%, 94.8% and 91.5%, respectively, and the overall change is
relatively gentle. RRT* decreased from 95.1% to 82.4%, Hybrid A* decreased from 96.0% to
86.1%, and DWA decreased from 91.8% to 76.9%. This difference shows that as the traversable
space of the environment is continuously compressed, the path planning methods that only rely
on random expansion or simple local response are more susceptible to narrow channels and
dynamic interference. However, the proposed method can still maintain a high path reachability
with the help of risk cost field constraints, guided sampling mechanism and local re-planning.
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Figure 5: Comparison of path planning success rates of each algorithm under different obstacle
densities

Combining Table 4 and Figure 5, it can be found that the advantages of the proposed method
are not only reflected in a single indicator. On the one hand, it compressed the invalid search
range by guided sampling and reduced the global planning time in complex environments. On
the other hand, with the help of local velocity space modification and control executability
constraints, the path mutation and near-obstacle jitter are reduced, so that the planning results
achieve a better balance between safety and smoothness. For the path-following system, this
path quality improvement has direct significance, because the more continuous curvature
distribution and more reasonable safety margin can significantly reduce the instantaneous
regulation pressure of the control layer. It can be seen that the complex environment path
planning model proposed in this paper is superior to the comparison methods in terms of
comprehensive performance, and can provide a more stable and higher quality reference
trajectory for subsequent trajectory tracking adaptive control.

4.2  Practical application analysis of adaptive control method for trajectory
tracking

After the path planning performance verification at the simulation level, this paper further
carries out field application experiments to verify the stability and deployability of the proposed
trajectory tracking adaptive control method under real execution conditions. Compared with
the ideal simulation environment, the sensor sampling in the actual scene has time jitter, the
wheel speed feedback is affected by the difference of ground adhesion, and the reference
trajectory is also switched for a short time due to partial occlusion and temporary obstacle entry.
Therefore, this section no longer simply investigates whether the path is reachable, but focuses
on the evaluation of motion ride comfort, trajectory tracking accuracy, error recovery speed,
and continuous operation ability under complex disturbance conditions. The control program is
deployed by ROS 2 and Python/C++. The planning thread and control thread run at the
frequency of 20 Hz and 50 Hz respectively. The experimental site is a 14 m>10 m indoor test
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area, and a 0.2 m calibration grid is laid on the ground to facilitate subsequent pose verification.
The relevant platform parameters are shown in Table 5.

Table 5: Field experimental platform and operating environment parameters

Configuration Item Parameter Setting
Mobile Platform Dimensions 0.82 m x0.58 m x0.46 m
Vehicle Body Mass 38 kg
Maximum Payload 80 kg
Maximum Linear Velocity 1.2 m/s
Maximum Angular Velocity 1.6 rad/s
LiDAR Range 20m
IMU Sampling Frequency 100 Hz
Control Host Intel Core i7-12700H, 32 GB RAM
Operating System Ubuntu 22.04
Software Environment ROS 2 Humble, Python 3.11, C++17
Control Refresh Frequency 50 Hz
Planning Refresh Frequency 20 Hz

Three kinds of typical disturbance scenarios are set up in the experiment: the first is the
conventional detour under the condition of known static obstacles; Second, unknown static
obstacles temporarily intrude into the main path; Third, dynamic obstacles cross laterally to
form a short - time blocking. In order to reflect the advantages of the method, the proposed
method is compared with three combination strategies: RRT*+PID, Hybrid A*+MPC and
DWA+ fixed gain control. The same starting point, end point and speed upper limit were used
for each method, and each set of scenarios was run 20 times independently. The evaluation
metrics include task success rate, average tracking error, maximum lateral error, average
replanning recovery time, and average running time. It should be noted that the average tracking
error is defined as the average Euclidean distance between the actual position of the robot and
the closest point of the reference trajectory in the execution phase of the whole trajectory, and
the maximum lateral error is taken as the peak value of the vertical deviation during a single
run.

From the field test results, the proposed method shows more stable tracking quality in all
three types of scenes. Under the condition of known static obstacles, the system can smoothly
pass along the main path without frequent correction of control commands, and the changing
curve of steering Angle is more continuous. When the unknown static obstacle suddenly entered
the reference path, the local planning module completed the path correction within 0.41 s, and
the adaptive controller adjusted the lateral error gain synchronously, so that the vehicle returned
to the reference trajectory within 1.3 s without obvious secondary swing. In the dynamic
obstacle traversing scenario, the proposed method does not adopt a conservative wide range
detour, but combines obstacle velocity prediction and local traversable gap calculation to give
a short obstacle trajectory on the premise of ensuring the safety distance, and then suppresses
the control impact caused by trajectory switching by online parameter adjustment. Figure 6
shows the trajectory tracking accuracy variation of each method in dynamic obstacle scenarios.
It can be seen that the tracking accuracy of the proposed method is improved to 98.7% within
6 s and stabilized at 99.1% after 12 s. In contrast, RRT*+PID shows a significant fluctuation in
the middle, with a peak accuracy of only 95.6%, and DWA+ fixed gain control produces a large
error spike at the obstacle cut, and the recovery process is also longer.
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Figure 6: Comparison of trajectory tracking accuracy and lateral error variation of each
method in dynamic obstacle scenario

To quantify the differences more intuitively, Table 6 lists the comprehensive performance
of different methods under three categories of field scenarios. It can be found that the task
success rate of the proposed method is higher than 95% in all scenarios, and the scene with
known static obstacles reaches 100.0%. In the dynamic obstacle crossing scenario, the average
tracking error of the proposed method is 0.038 m, which is 42.4% lower than that of RRT*+PID
and 50.6% lower than that of DWA+ fixed gain control. The average replanning recovery time
isonly 0.93 s, which indicates that the system can quickly complete the trajectory reconstruction
and control convergence after the local path is interrupted. At the same time, the average
running time of the proposed method is 31.8 s, which is shorter than the other three methods,
indicating that the proposed integrated framework does not significantly increase the execution
burden due to the introduction of online adjustment mechanism, but shortens the task
completion time by reducing invalid detours and large oscillations.
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Table 6: Performance comparison of different methods under field application scenarios

Success Average Maximum | Replanning | Average
Scenario Method Rate (%) Tracking |Lateral Error| Recovery Runtime
Error (m) (m) Time (s) (s)
Known static | Proposed | 4454 | ¢ 096 0.061 0.00 24.7
obstacles method
RRT*+PID| 95.0 0.054 0.118 0.00 28.9
Hybrid A* +
MPC 100.0 0.039 0.086 0.00 26.8
DWA +
fixed-gain 90.0 0.063 0.131 0.00 29.6
control
Unknown Proposed
static obstacle 97.5 0.033 0.072 0.41 27.9
. ) method
intrusion
RRT*+PID| 90.0 0.061 0.126 0.88 335
Hybrid A* +
MPC 95.0 0.046 0.094 0.57 30.8
DWA +
fixed-gain 87.5 0.074 0.149 0.96 34.2
control
Dynamic Proposed
obstacle 95.0 0.038 0.074 0.93 31.8
) method
crossing
RRT*+PID| 825 0.066 0.143 1.47 39.6
Hybrid A* +
MPC 90.0 0.051 0.101 1.16 35.2
DWA +
fixed-gain 775 0.077 0.158 1.62 40.4
control

In order to further investigate the necessity of each sub-module in the integrated design, an
additional comparative analysis is carried out. After the online gain adjustment is turned off,
the average tracking error in dynamic obstacle scene is increased from 0.038 m to 0.052 m, and
the maximum lateral error is increased to 0.097 m. After removing the local risk cost term, the
system can still complete path generation, but the success rate in dynamic obstacle scenarios
drops to 89.2%, and it is easier to operate close to the obstacle boundary after replanning. This
shows that the risk constraint of the path planning layer and the adaptive adjustment of the
control layer are not independent additional functions, but key components to jointly support
the stable operation of the system in a complex environment.

5 Discussion

Based on the above experimental results, it can be found that the performance improvement of
the proposed method does not come from the local optimization of a single planner or a single
controller, but from the tighter computational coupling between the path planning layer and the
trajectory tracking layer. In the path planning experiment of complex environment, the average
planning time of the proposed method is 0.43 s when the obstacle density is 25%, which is
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shorter than 0.86 s of RRT and 0.61 s of Hybrid A. The average path length is 78.4m, and the
task success rate reaches 96.7%. When the obstacle density is further increased to 35%, the
success rate of the proposed method still remains at 91.5%, while RRT* and DWA decrease to
82.4% and 76.9%, respectively. This indicates that the combination of guided sampling and risk
cost field not only compreses the invalid search range, but also weakens the destruction of path
reachability by complex obstacle distribution. From the practical application analysis, the
average tracking error of the proposed method is 0.038 m, the maximum lateral error is 0.074
m, and the replanning recovery time is 0.93 s in the dynamic obstacle crossing scene, which is
better than that of RRT*+PID, Hybrid A*+MPC and DWA+ fixed gain control. Especially after
the unknown obstacle intruded into the main path, the system could still complete the local
trajectory correction and recover the stable tracking in a relatively short time, which indicates
that the online gain adjustment mechanism constructed in the previous section has a direct effect
on suppressing the trajectory switching impact. In other words, the proposed method not only
improves the ability to "find a path”, but more importantly improves the ability to "run stably
along an executable path”, which is particularly critical for mobile robots in complex
environments.

However, the experimental results also show that there is still room for further improvement.
Taking the dynamic obstacle traversing scene as an example, although the success rate reaches
95.0%, it is still lower than 100.0% in the static scene, indicating that the current prediction
model is not sufficient to describe the high dynamic disturbances when the obstacle speed,
direction and local channel constraints change simultaneously. At the same time, the scale of
the experimental site in this paper is mainly concentrated in small and medium-sized indoor
environments, and the map scale and obstacle complexity are still relatively controllable. If it
is extended to a wider range of storage, inspection or mixed traffic scenarios, the cost field
update frequency, local replanning overhead and multi-sensor synchronization pressure may
increase significantly. The follow-up research can focus on the prediction of high-dynamic
obstacle intention, the compressed expression of hierarchical map, and the lightweight online
optimization to further enhance the real-time performance and generalization ability of the
method in large-scale complex environments.

6 Conclusions

Aiming at the problems of insufficient path planning efficiency, disconnection between local
obstacle avoidance and trajectory execution, and easy amplification of tracking error in
dynamic disturbances in complex environments, this paper constructs an integrated path
planning and trajectory tracking adaptive control method. In the method design, the global
planning of guided sampling, local velocity space modification, risk cost field modeling and
online gain adjustment are integrated into a unified closed-loop framework, so that path
generation, trajectory reconstruction and control execution can be continuously coordinated.
The experimental results show that the average planning time is 0.43 s, the average path length
is 78.4 m, and the task success rate reaches 96.7% when the obstacle density is 25%. At 35%
obstacle density, the success rate remains 91.5%. In the field application test, the average
tracking error of the system in the dynamic obstacle crossing scene is 0.038 m, the maximum
lateral error is 0.074 m, and the replanning recovery time is 0.93 s. The overall performance of
the system is better than the comparison methods. The results show that the proposed method
can balance the path accessibility, control smoothness and dynamic adaptability, which is
suitable for the autonomous operation of mobile robots in complex environments. In the future,
it can continue to be optimized around real-time calculation compression in large-scale
scenarios, high dynamic obstacle intention prediction and multi-platform migration ability.
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