TEOPETI/I‘IECKI/IE OCHOBbI

NHDOOPMATHUKHU

THEORETICAL FOUNDATIONS
OF COMPUTER SCIENCE

VIIK 004.896:004.942

YCOBEPITEHCTBOBAHHBIN METOA
AVMHAMUYECKOI'O OKHA AAST AOKAABHOU HABUTAITUN
B YCAOBUAX MHOJKECTBA IIPEIIATCTBUUAU

H TAH", JI. 0. TIEPLEB", /1. B. KYIIPHAHOBA"

”Eexzopyccxuﬁ 20Cy0apCmEeH bl YHUBEPCUmMem UH@GOPMaAmuKy U paouodieKmpOHUKU,
yn. I1. Bpoeku, 6, 220013, 2. Munck, Berapyce

Anuomauuﬂ. PaCCManI/IBaIOTCSI OIrpaHUYICHHUA KIIACCUYCCKOTO METOJa JUHAMUYECKOIO OKHA B 3a/a4ax JIOKaJIbHOTO
TUIAHUPOBAHUSA TPACKTOPUHN: OTCYTCTBUC IJIABHOCTH TPACKTOPUU, HGYCTOﬁqHBOCTL COCTOsAHHA, HEAOCTAaTOYHAasA ajaalli-
Talusa K 100aNbHOM HaBUI'alluH. B kauecTBe peUICHUA MpeaaracTcs YCOBCpIHeHCTBOBaHHBIﬁ METOd TMHAMHWYCCKOI'O
OKHa, pa6OTa}OH1PII>'I B YCJIOBHUSX MHOXKECTBA HpeHHTCTBHfI. ﬂaHHLIfI METOA ONTUMU3UPYCT OLCHKY TPACKTOPUU 3a CUET

OO0pa3en UMTHPOBAHUS:

WU Tan, Ilepues YO, Kynpusuosa JIB. YcoBepuieHCcTBOBaH-
HBII METO AMHAMHYECKOTO OKHA JUISl TOKAaJbHOW HAaBUTAUH
B YCJIOBHUSX MHOXECTBA MPENATCTBUN. JKypran benopycckoeo
eocyoapcmeennozo ynueepcumema. Mamemamuxa. Hngopma-

For citation:

Yi Tang, Pertsau DYu, Kupriyanava DV. Multi-constraint enhan-
ced dynamic window approach for robust and smooth local na-
vigation. Journal of the Belarusian State University. Mathematics
and Informatics. 2026;2:110-121.

muxa. 2026;2:110—121 (ua anr.). EDN: XZXUKP
EDN: XZXUKP
ABTOpBI: Authors:

H Tan — acnivpant kadenpsl HHGOPMALMOHHBIX TEXHOJIOT Uit
aBTOMAaTH3UPOBAHHBIX CUCTEM (haKyiIbTeTa HH()OPMALMOHHBIX
TEXHOJIOTUI U ynpasieHus. Hayunslil pykoBoauTeNb — KaH U~
JlaT TeXHUYecKuX Hayk, JoueHT O. B. I'epman.

Jmumpuit FOpveeuu Ilepyes — xanauJar TEXHUYECKUX HAyK,
JIOIEHT; IOLEHT KaeaPHhl HIEKTPOHHBIX BEIMHCIUTEIBHBIX Ma-
IHMH (aKy/nbTeTa KOMIBIOTEPHBIX CUCTEM U CETei.

Juana Bauecnasoena Kynpusanoea — crapiuuii mpernojgaBareib
Ka(eapsl MEKTPOHHBIX BEIMHCIUTENBHBIX MAIIHH (aKyIbTeTa
KOMIIBIOTEPHBIX CUCTEM U CETEH.

Yi Tang, postgraduate student at the department of information
technologies in automated systems, faculty of information tech-
nology and control.

tangyijcb@163.com

https://orcid.org/0009-0008-7673-017X

Dmitry Yu. Pertsau, PhD (engineering), docent; associate pro-
fessor at the department of electronic computer machines, faculty
of computer systems and networks.

pertsev@bsuir.by

https://orcid.org/0000-0003-3830-378X

Dziana V. Kupriyanava, senior lecturer at the department of elec-
tronic computer machines, faculty of computer systems and
networks.

d.kupriianova@bsuir.by

110



Teopernueckue 0CHOBbI HH(POPMATUKH
Theoretical Foundations of Computer Science

BBEJICHUS HECKOJIBKUX JTOTOJHUTEIBHBIX ITAPAMETPOB: JABYCTOPOHHETO OTKIOHEHMS OT Kypca, COOMIOAeHUs o0Ieit
TPACKTOPUH, KOHTPOJIS M3MECHEHUS KPUBU3HBI M MTOJABICHHUS PHIBKOB MpHU JBIKCHUU. OHU WHTETPUPOBAHBI B CIUHYIO
(DYHKIIMIO OLIEHKH, KOTOpasi CIIOCOOCTBYET OoJiee MIaBHOMY, 000CHOBAaHHOMY W IMHAMHUYECKH MOBTOPSIEMOMY CO3JJaHUIO
tpaextopun. st npoBepku 3G PEeKTHBHOCTH NpeIaraeMoro MeTo/ia IPOBOAUTCS CEPHUs IKCIIEPUMEHTOB C IIPUMEHEHUEM
Pa3IMYHbIX KapT, BKIKOUYAIOLIUX KaK IIPOCTOE, TAK U CI0KHOE OKPY>KEHUE. YCOBEPLIEHCTBOBAHHBIM METOJ] CPAaBHUBAETCS
C KJIACCUYECKUM METOJI0M JUHAMUYECKOTO OKHA U HECKOJIBKUMH €T0 yIy4IlIeHHBIMH BapUaHTAMU. YCTaHABIUBAETCS, YTO
npeuIaraeMblii METOJI IOCTUraeT 0osee BHICOKUX XapaKTePUCTHK C TOYKHM 3pPEHUsI KauecTBa IyTH, O€30IMacHOCTH U 00-
el HaJe)KHOCTU [JIAHUPOBAHUS, IEMOHCTPUPYSI YAYUIIEHHYIO aJallTUBHOCTh U HA/IEKHOCTh MIPU PEILIEHUU CIOMKHBIX
HaBHUTallMOHHBIX 3a]1au.

Knroueswie cnosa: MeTo] TMHAMUYECKOTO OKHA; MJIAHUPOBAHHE MECTHOTO IyTH; ONITUMU3ALIMS I MHOXKECTBA Mpe-
MATCTBUH; TII00aIbHas M JIOKaJIbHAs KOOPAWHAIIWS; IUTABHOCTH TPAGKTOPHH; ABTOHOMHBII 00X0 MPETIATCTBHM.

Bknao aemopos. V1 Tan BBITOTHIII OCHOBHYIO YacTh HMCCIEIOBAaTENBCKON pabOTHI, BKIIOUas pa3paboTKy an3aiiHa
MIPOEKTA, MIPOBEJCHUE IKCIIEPUMEHTOB, aHAJIN3 JAaHHBIX W TOJArOTOBKY YepHOBOrO BapuaHta pykomucu. J1. FO. Ilepues
OCYIIECTBIISUI HAyYHOE PYKOBOJICTBO MCCIIEI0BaHHUEM, JIaBaJl [IEHHbIE PEKOMEHIaI[M1 Ha BCEX dTarax paboThl U TIIATEILHO
OTpeIaKTHPOBAJ PYKOMHCH, TOBBICUB €€ HAYYHBIM YPOBEHb U JOTHYECKYyIo cTpoitHocTh. J{. B. Kympusnosa Baecna psan
MIPAaBOK B UEPHOBOW BapHAHT CTaThbH M y4acTBOBAJIA B pa3paboTKe qu3aiiHa UCCICAOBAHUSL.
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Abstract. The limitations of the traditional dynamic window approach in local path planning, including poor trajec-
tory smoothness, unstable control performance and insufficient global navigation guidance, are examined. An improved
multi-constraint dynamic window approach is proposed as a solution. This method enhances the trajectory evaluation
by introducing several refined constraint metrics: dual-angle heading deviation, global path adherence, curvature varia-
tion control and jerk suppression. They are integrated into a unified multi-objective scoring function that promotes
smoother, more reasonable and dynamically feasible trajectory generation. To verify the effectiveness of the propo-
sed approach, a series of experiments is conducted across various representative map scenarios, including both standard
and complex environments. The enhanced algorithm is compared with the classical dynamic window approach and
several of its improved variants. It is established that the proposed approach achieves superior performance in terms
of path quality, safety and overall planning robustness, demonstrating improved adaptability and reliability in solving
complex navigation tasks.

Keywords: dynamic window approach; local path planning; multi-constraint optimisation; global-local coordination;
trajectory smoothness; autonomous obstacle avoidance.
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Introduction

Due to the continuous development of intelligent and automation tools, mobile robots are being increa-
singly applied in various fields such as industry, healthcare and logistics. As a core component of autonomous
navigation, path planning has become one of the most critical research topics in the field of robotics. The goal
of path planning is to generate an optimal path from the robot’s starting position to its target destination that
is safe, collision-free and meets performance requirements. It concerns not only the safety of robot motion,
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but also addresses the challenge of optimising navigation in complex and dynamically changing environments
to ensure efficient and reliable task execution [1].

Path planning algorithms are usually divided into global path planning and local path planning. Global
path planning assumes complete knowledge of the environment and generates a globally optimal path ba-
sed on a pre-constructed map. Classical algorithms such as A" and Dijkstra are widely used and are well-suited
for static and well-structured environments [2]. In contrast, local path planning relies on real-time perception
of the environment, enabling the robot to dynamically adjust its motion strategy during execution in response
to environmental uncertainties and obstacle changes. In practice, mobile robots are often encountering dynami-
cally changing environments and incomplete sensor information. In such conditions the flexibility and real-time
adaptability of local path planning are particularly crucial, especially in tasks involving dynamic obstacle
avoidance and path reconfiguration [1]. As a result, local path planning serves as an essential foundation for
ensuring safe navigation and successful task completion for mobile robots.

The dynamic window approach (DWA) is a classic local path planning algorithm, first proposed by D. Fox,
W. Burgard and S. Thrun in 1997 [3]. This method generates possible short-term trajectories by simulating
the robot’s motion in the velocity space in real time and selects the optimal trajectory to execute based
on a scoring function applied to the possible trajectories. However, the traditional DWA algorithm has limi-
ted consideration of the robot’s kinematic and dynamic characteristics during trajectory generation. At the
same time, factors such as trajectory smoothness, stability and curvature variation are not properly taken
into account. As a result, the robot may experience abrupt turns or sudden velocity changes during motion,
which can negatively affect the stability of the control system and reduce the reliability of trajectory. To this
end, the researchers have proposed various improvements from different perspectives. As for the target
guideline, X. Gong and his colleagues [4] introduced a fuzzy control mechanism based on the distances
to the target and surrounding obstacles, which allows to dynamically adjust the velocity and heading weights
within the DWA. This approach has improved the adaptability of the algorithm to various environments.
However, because it is based on manually developed fuzzy rules, it lacks a systematic mechanism to guide
the path shape effectively, especially in dynamic and time-varying scenarios. To solve the problem of deviation
from the global path, A.-Z. Liu, C. Liu, L. Li, R.-C. Wang and Z. Lu [5] proposed a function for estimating
the similarity of trajectories based on dynamic time warping to enforce shape consistency between local
trajectories and the global path. However, this method aligns the trajectories only geometrically, without
considering motion smoothness or control continuity, which can lead to unstable execution in high-curvatu-
re regions. To improve control stability, Z. Wang and G. Li [6] introduced constraints on trajectory curva-
ture variation and jerk (i. e., the derivative of linear and angular velocities), enabling more continuous and
stable command outputs. However, their approach embeds these constraints as additional cost terms without
unified coordination within the evaluation framework, which can lead to conflicts with other objectives and
degrade the overall quality of planning. In addition, Y. Lu and C. Da [7] combined an improved ant colo-
ny optimisation algorithm with DWA, incorporating a direction angle cost function and velocity sampling
optimisation to improve obstacle avoidance and simultaneously improve directional attraction to the target.
However, due to the slow convergence of search based on the ant colony optimisation algorithm, this method
remains limited in highly dynamic environments. Integrated strategies combining global and local planning
have recently attracted increasing attention. W. Sang, Y. Yue, K. Zhai and M. Lin [8] proposed a two-stage
planning framework that integrates an improved A" algorithm for global path generation and DWA for local
execution. The nodes of the global path are used as dynamic sub-goals for the DWA, and the cubic B-spline
is used to smooth the global trajectory. Although this method works well in structured static environments, it
suffers from fixed parameter settings that can lead to delayed responses and trajectory deviation in complex
and dynamic scenarios.

In summary, although the existing studies have proposed various improvements to the DWA, several li-
mitations remain. These include insufficient consistency of local and global paths, which can cause the robot
to get stuck in local minima during navigation; insufficient consideration of trajectory smoothness and dynamic
stability, which can lead to sudden motions and reduced task performance; simplified mechanisms for attracting
targets, which are often ineffective over long distances, resulting in detours or reduced navigation efficiency.
To address these issues, this paper proposes an improved multi-constraint dynamic window approach (MC-DWA).
The proposed method introduces multiple evaluation dimensions and constraint mechanisms, constructs a unified
multi-objective scoring model to enhance the global rationality, local smoothness and control stability of the
planned path. The key improvements are the following.

1. Enhanced heading guidance and target alignment. A dual-angle deviation evaluation mechanism is int-
roduced to assess the angular deviation between the predicted trajectory endpoint and both the target direction
and the global path orientation. Then a weighted course evaluation function is created. This mechanism enhances

112



Teopernueckue 0CHOBbI HH(POPMATUKH
Theoretical Foundations of Computer Science

the robot’s directional alignment toward the goal and its coordination with the global path, reducing deviations
from the intended navigation route.

2. Global path adherence constraint. During local planning, a segment of the global path near the robot’s
current position is dynamically extracted. The average minimum distance between predicted trajectory points and
this local path segment is computed and used as a path adherence score. This design ensures spatial consistency
between local and global paths, prevents the robot from entering densely obstructed regions and improves the
overall rationality and safety of path planning.

3. Trajectory smoothness and dynamic stability control. To ensure continuity and dynamic feasi-
bility, MC-DWA includes constraints on trajectory curvature variation and jerk (i. e., the rate of change
of linear and angular velocity). Curvature variation reflects the geometric smoothness of the path, while
jerk quantifies the smoothness of control commands. The combined control of these two indicators effec-
tively suppresses trajectory fluctuations and sudden speed changes, thereby improving path stability and
control robustness.

4. Unified trajectory scoring model. MC-DWA establishes a comprehensive trajectory-scoring model
that combines multiple evaluation indicators (heading consistency, path adherence, smoothness and stabili-
ty, target attraction) using weighted fusion. This enables multi-dimensional assessment and quality control
of the trajectory within a unified decision-making system.

With these enhancements, the MC-DWA algorithm significantly improves global-local coordination, tra-
jectory smoothness control and adaptability to difficult obstacles, while retaining the real-time performance
advantages of the original DWA. As a result, it provides a more robust and efficient path planning solution for
autonomous navigation of mobile robots in difficult conditions.

Multi-constraint dynamic window approach

Basic principles of the classical DWA algorithm. The classical DWA algorithm is a real-time local path
planning algorithm. Its core concept is to sample multiple pairs of linear and angular velocities within the ve-
locity space based on the robot’s current state. By evaluating the predicted short-term trajectories corresponding
to these velocity combinations, the method selects the optimal control command to effectively avoid obstacles
and direct the robot to the goal. The set of selected velocity pairs in the velocity space must satisfy kinematic
constraints, dynamic constraints and safety constraints [3].

1. Kinematic constraints ¥;,. The robot’s velocities must comply hardware limits, including the allowable
ranges of linear velocity v and angular velocity ®. Assume that the minimum and maximum values of the linear
velocity are v,;, and v, .., and the minimum and maximum values of the angular velocity are o, ;, and ®

max?
respectively. Then the set of velocities that satisfy the kinematic constraints can be calculated as follows:

Vkin = {(V9 (D) |V € [Vmin7 Vinax ]’ 0e [mmin’ (’Omax ]}

'min max >

Typically, the robot is unable to move in the opposite direction (v,,;, = 0), and the allowable angular velocity
is symmetrical in both directions, i. ., ®,;, = —®, .-

2. Dynamic constraints V3 ,. Due to the robot’s limited acceleration capabilities, the change in velocity
within a single control time step At is also limited. Let the current linear and angular velocities be v, and ®,),
respectively, and let the maximum allowable linear and angular accelerations be a,* and a**. Then the set
of velocities satisfying the dynamic constraints can be expressed in equation:
ve [Vo —a)™At, vy + af‘a"AIJ
~1(v, 0) .
®e [030 —a, At ©)+ a;)na"At]

3. Safety constraints ¥,;.. The robot must ensure that it does not collide with any obstacles. Assume that

the robot is moving at the current velocity v, and applies the maximum deceleration of braking a, . (here

_max

2
Apraie = —a, ), the required braking distance d, . can be calculated using d, ;. = 2|a—‘|. A possible veloci-
brake

ty is considered safe only if the minimum distance to obstacles d,;, along the predicted trajectory, is bigger

than the sum of d,,,. and safe margin d,. Thus, V.

I/svzalfe = {(V, ('0) | Ve < \/2|abrake|(dmin_ dsm)}'

1s calculated as follows:
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Then the final dynamic window is defined as the intersection of three sets of constraints:
Vo=V V,.NV

dyn safe*
Each velocity pair (v, ) € ¥}, is forward-simulated over a short time horizon 7, generating a corresponding
trajectory. The quality of each trajectory is then evaluated using a weighted evaluation function:

w

G = - heading + B3 - clearance + y - velocity.

In this formula, the heading term measures the angular alignment between the trajectory endpoint and
the target direction, promoting goal-oriented motion. The clearance term is the shortest distance between the
predicted trajectory and nearby obstacles, which provides safer paths. The velocity term prefers trajectories
with higher speeds, which contributes to the efficient use of time. The weights o, 3, y are tuning parameters
used to balance these three objectives according to the task requirements. The detailed formula is given in
paper [3].

Multi-constraint enhanced DWA. Although DWA has significant advantages in terms of real-time per-
formance and dynamic obstacle avoidance, it still faces significant challenges in complex or highly dynamic
environments. Firstly, its evaluation function is relatively simple and usually takes into account only basic fac-
tors such as goal direction, velocity and obstacle proximity, while lacking effective integration of global path
information. As a result, the robot may deviate from the planned global path during local planning and become
trapped in local minima. Secondly, in densely cluttered environments, improper weighting of the obstacle
distance term may result in excessive deviation from the route or unnatural avoidance behaviours, deteriorating
the quality of the path and travel efficiency. Furthermore, the conventional DWA does not sufficiently take into
account the smoothness of the trajectory or dynamic controllability; it lacks restrictions on acceleration, curvature
variation and other dynamic characteristics, which can lead to movement jitter, increased energy consumption
or even control instability during execution.

To effectively eliminate these limitations in trajectory generation, this paper proposes a redesigned trajectory
evaluation function, resulting in MC-DWA. By introducing constraint terms with clear physical meaning and
engineering applicability, MC-DWA enhances global consistency, control stability and dynamic adaptability
in difficult environmental conditions, while maintaining the real-time benefits of the original algorithm. Specific
improvements are described in details below.

Enhanced heading guidance and target alignment. To improve the robot’s directional control capabili-
ties during navigation, MC-DWA implements a dual orientation consistency evaluation mechanism, including
target orientation consistency and global path orientation consistency. In particular, let the terminal orientation
of the predicted trajectory be 6,4, the orientation of the target point be GgoaI: and the terminal orientation of the

global path be 6, . Figure 1 shows a diagram of orientation angles in MC-DWA. In addition, the orientation
deviations between them are calculated using the following expression:

A8, =0

9

pred egoal

0

final

ABfipq = ‘9

pred
Based on this, the heading consistency score is calculated by the formula

AL
H(v, ®)=}, " . goal Lo,

T — ABpp
2 B

where A, and A, are weighting factors to balance the contributions of goal direction and path direction align-

ment, respectively (here we set A, = A, = 0.5).

However, when the robot is far from the target, heading-based scoring alone may be insufficient to pro-
vide strong attraction toward the goal [9]. To solve this problem, a goal distance factor is included in the
evaluation function. The exponential attraction function is used to introduce a non-linear response to dis-
tance variations:

Gyl(v, ©)= —exp(ocdg(v, (o)),

where dg(v, co) represents the Euclidean distance between the predicted trajectory endpoint and the goal, and
o =0.51s a configurable parameter to control the strength of the attractive force. Therefore, the heading guidance
and target alignment evaluation function is denoted as O(V, 0)):

O(v, ®) =H(v, ®)+G,(v, ®).
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Fig. 1. lllustration of orientation consistency angles

Global path adherence constraint. To solve the problem in classical DWA, where local path planning
may deviate significantly from the global reference path, which causes the robot to fall into local minima,
we are introducing a global path adherence constraint. Specifically, let the global path generated by a global
planner (e. g., A') be denoted as Py, ={R, B, ..., B}, where each P, =(x,, y;) represents a waypoint on
the global path. At each control cycle the algorithm first identifies the index i* of the global path point closest
to the robot’s current position X, = (x,, , ). Alocal segment P, of the global path is selected, consisting of M
consecutive nodes starting from P Then given the predicted trajectory consisting of 7" points, denoted as

global*

Tea= {t), 1,, ..., ty}, the path adherence metric is defined as the maximum deviation between the predicted

trajectory and the selected local global path segment. The calculation process is described in equations

o .
1= argmmls:’sL“Pi - X,

2’

Boa = {Ber Brypo oo By

D(v, ®)=—max, ;. y min

t-p,

Here ||||2 indicates L, distance (Euclidean distance). By focusing on path consistency within the local range and
avoiding interference of distant path points in the local evaluation, the accuracy and stability of the local tra-
jectory can be significantly improved.

Trajectory smoothness and dynamic stability control. In classical DWA the lack of temporal continuity
in decision-making often leads to abrupt changes in velocity and steering, resulting in trajectories intermittent
and unstable robot motion [4]. To solve this problem, MC-DWA introduces a penalty term based on the va-
riation in motion state from the previous time step during candidate velocity selection. In addition, MC-DWA
enhances the trajectory evaluation function by incorporating constraints on trajectory curvature variation and
jerk (i. e., the rate of change of acceleration), optimising trajectory smoothness and dynamic stability from both
spatial and dynamic perspectives. Specifically, the curvature variation is defined as the average absolute se-
cond-order difference of consecutive trajectory points in the lateral direction, serves as a lightweight yet highly
effective heuristic proxy for lateral oscillation:

Yisa= 2N+ ‘

1 N-2
Cvar(v’ m):_N—Z Z 2 2
i=l (xi+1 _xi) + (yi+1 - yi) +e
where € is a small constant to prevent division by zero. This expression captures the local bending intensity

of the trajectory. Furthermore, jerk metrics, which are introduced for both linear and angular velocities to sup-
press control shocks during execution, can be calculated as follows:

PER

ocal

b

a,iv1— 4,

1 N-2
M o)=-573 ;| At

b
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N-
N-24 At |

Its design limits sudden changes in velocity commands, improving trajectory control and smooth execution,
especially for mobile platforms that require high trajectory continuity. The overall smoothness and stability
evaluation function is denoted as S (v, u)):

S(v, ®)=Cyp(v, @)+ (v, @)+, (v, 0).

var

Jy(v, ) =—

|a

At the same time, dynamic stability control is especially important during high-speed cornering. For mobile
platforms with significant velocity or centre of mass height (e. g., differential-drive robots or automated forklifts),
a sharp turn at high speed can cause skidding or even rollover. To mitigate this, MC-DWA includes restrictions
on the radius of curvature and lateral acceleration during the velocity space filtering stage. Specifically, the
maximum allowable angular velocity at a given linear velocity is limited based on the lateral acceleration thre-
shold a,,,, as formulated in equation

at

Nat = {(v, co)|voo< alat}.

This constraint ensures that the resulting centrifugal force during turning does not exceed the platform’s
stability limit, thereby enhancing dynamic controllability and operational safety. Accordingly, in MC-DWA the
admissible velocity space of the dynamic window is defined as

Vaw= N N N

mn
Unified trajectory scoring model. In order to effectively integrate the aforementioned constraints, MC-DWA
creates a complex trajectory evaluation function:

N VN K,

w yn safe

score(v, @) =w,O(v, ®)+wpD(v, ®)+wsS(v, o).
Here w,,, w, and wy are weighting factors that can be changed to adapt to specific applications. In this pa-

per, all values are 1. The final scoring function with multiple metrics acting synergistically, allows the robot
to generate smooth, robust and goal-oriented feasible paths in complex environments.

Experiments and results

Experimental environment and parameter settings. The improved DWA algorithm framework was imp-
lemented on the MATLAB R2024a platform. To systematically evaluate the effectiveness of path planning
performance and control stability, 50 two-dimensional grid maps were designed, covering typical navigation
tasks such as dense obstacle regions and long corridor intersections. Each map includes a defined start and goal
point with a guaranteed feasible global reference path.

All evaluation metrics were obtained statistically based on these 50 representative test scenarios, which are
characterised by different map structures, obstacle densities and dynamic obstacle patterns. This diverse task
setup ensures strong generalisation and a realistic level of complexity, thereby providing a more objective and
comprehensive verification of the proposed method’s robustness and adaptability in difficult dynamic conditions.
The robot’s control and physical parameters used in the simulation are shown in table 1.

Table 1
Simulation parameters

Name Symbol Value
Time step At 0.1s
Horizon T 20s
Max step — 500
Maximum linear velocity Vinax 2.0 m/s
Minimum linear velocity Vinin 0m/s
Maximum linear acceleration a,™ 0.4 m/s’
Minimum linear acceleration amn —0.4 m/s’
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Ending of the table 1

Name Symbol Value

Robot radius - 0.4

Safe margin dg, 0.2
Maximum lateral acceleration Ay 1.0 m - rad/s’
Maximum angular velocity ®pax 1.57 rad/s
Minimum angular velocity Opin —1.57 rad/s
Maximum angular acceleration ag™ 0.78 rad/s’
Minimum angular acceleration amn —0.78 rad/s’

Comparison of the proposed MC-DWA algorithm with other improved DWA algorithms. To compre-
hensively evaluate the practical performance of the proposed MC-DWA algorithm, we conducted a systematic
comparison with the classical DWA algorithm as well as three representative improved variants: energy efficient
DWA (EDWA) [10], fuzzy adaptive DWA (fuzzy-DWA) [11] and predictive DWA (pred-DWA) [12].

To ensure fairness, all algorithms were tested under the same initial conditions and map configurations,
and a unified evaluation framework was adopted to quantify performance across multiple dimensions. Specifi-
cally, the evaluation metrics include minimum safe distance (MSD), which measures the minimum distance
between the robot and obstacles along the path and reflects the safety margin; time step (TS), which denotes
the total number of control cycles required to achieve the goal and indicates the efficiency of time use; path
length (PL), which evaluates the overall compactness and rationality of the planned trajectory; path curva-
ture (PC), which quantifies trajectory smoothness and dynamic controllability based on the average curvature
variation. Taken together, these metrics provide a comprehensive overview of each algorithm’s performance
in terms of path safety, efficiency, smoothness and control stability. Table 2 provides a comparative analysis
of the proposed MC-DWA against the classical DWA and three representative improved variants for four key
performance metrics.

Table 2
Comparison of the proposed MC-DWA algorithm
with other DWA algorithms
Method MSD PL PC TS
Classical DWA 0.20 35.67 0.706 357
EDWA 0.19 30.41 0.513 304
Fuzzy-DWA 0.16 35.15 0.792 352
Pred-DWA 0.22 33.04 0.763 330
MC-DWA 0.53 37.97 0.323 380

Overall, the MC-DWA demonstrates excellent performance in terms of path safety, trajectory smoothness
and control stability, which confirms the effectiveness of its multi-constraint fusion mechanism.

As for MSD, MC-DWA provides a minimum obstacle clearance of 0.53, which is significantly higher than
other algorithms, indicating improved obstacle avoidance safety and greater navigational redundancy. This im-
provement is mainly due to the introduction of restrictions on compliance with the global path, which ensures that
local trajectories remain closely aligned with global navigation goals and allows you to effectively bypass areas
with dense obstacles. For PC, MC-DWA gives an average change in curvature equal to 0.323, which indicates
a high degree of trajectory smoothness. In contrast, classical DWA, pred-DWA and fuzzy-DWA have curvature
values exceeding 0.7, suggesting more pronounced oscillations in their paths. This result directly reflects the
effectiveness of the curvature variation constraint and jerk suppression mechanisms used in MC-DWA, which
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help to soften sharp turns and sudden velocity changes, thereby improving trajectory executability and control
system stability. As for PL, MC-DWA produces a trajectory length of 37.97, which is slightly longer than some
other methods such as EDWA and pred-DWA, but comparable to classical DWA and fuzzy-DWA. This result
is closely related to the dual heading guidance mechanism implemented in MC-DWA, which improves the
stability of the robot’s directional consistency and goal orientation, while reducing oscillations and heading
deviations. Although the path is a bit longer, this compromise is acceptable, given the substantial gains in safety
and controllability. In terms of TS, MC-DWA completes the navigation in 380 control cycles, which is slight-
ly higher than classical DWA and fuzzy-DWA, while EDWA is the most time-efficient. Although MC-DWA
is slightly behind in time efficiency, the smoother and safer trajectories it generates make it more suitable for
dynamic or high-risk environments, emphasising the balance between control stability and trajectory quality.

Thus, MC-DWA surpasses existing algorithms in several key performance metrics, in particular, in trajectory
smoothness and obstacle avoidance safety. These improvements stem from its trajectory evaluation mechanism,
which integrates multi-dimensional control constraints and global guidance strategies. This design effective-
ly eliminates the limitations of traditional DWA in trajectory continuity and dynamic feasibility, significantly
improving the algorithm’s robustness and adaptability in complex dynamic environments and providing a more
practical and reliable solution for high-quality path planning in real-world applications for mobile robots.

Visualisation. To further provide an intuitive comparison of the path planning performance across different
environments, the experimental results were visualised. Figure 2, a, and figure 2, b, illustrate the paths generated
using the proposed MC-DWA algorithm, classical DWA and improved A" algorithm under normal and dense
obstructed environments, respectively. To avoid visual clutter, only these three representative algorithms were
selected for comparison.
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Fig. 2. Visual comparison using classical DWA algorithms and the global A" algorithm on different maps:
a — normal environment; b — dense obstructed environment

From the visualisation, it can be seen that under normal conditions, although the classical DWA is able
to successfully reach the target, its generated path tends to closely follow the boundaries of static obstacles,
which creates a higher risk of collision. In more difficult environment with dense obstacles the classical DWA
often fails to complete navigation, which often leads to an interruption of the path or a complete stop of the
robot due to the lack of effective global guidance and dynamic obstacle avoidance strategies.

In contrast, the proposed MC-DWA successfully completes the navigation task in both environments. Its ge-
nerated trajectories ensure good adherence to the global path and constant maintenance of a safe distance from
surrounding obstacles throughout the motion process (greater than the predefined minimum safety distance),
demonstrating excellent adaptability to difficult environmental conditions and increased path safety.

Furthermore, figure 3 shows a visual comparison of the proposed algorithm and several representative al-
gorithms in two typical complex environments. The purpose of this experiment is to evaluate the robustness
and planning capability of each algorithm when solving problems such as long-distance obstacle interferen-
ce and densely cluttered obstacle fields.
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Fig. 3. Visual comparison using different DWA algorithms in complex environments:
a — environment with a distant obstacle; b — environment with densely distributed obstacles

As shown in fig. 3, a, the scenario involves a distant obstacle that creates a critical impediment to the planned
path. The results demonstrate that, except MC-DWA, all other algorithms fail to navigate around the obstacle and
eventually become stuck. Further analysis reveals that this problem is primarily related to the lack of effective
target-oriented guidance, causing traditional algorithms to lose directional cues near the obstacle. In contrast,
MC-DWA uses an exponential attraction mechanism in trajectory estimation, which enhances the goal-directed
driving force while maintaining safety, allowing the robot to traverse complex terrain and move smoothly toward
the target. Figure 3, b, shows an extremely complex environment consisting of densely distributed obstacles.
In this scenario classical DWA and other improved methods are generally limited by local information and tend
to fall into local minima, halting progress. However, MC-DWA introduces a global path keeping constraint,
which allows for better alignment of local planning with global navigation objectives. This mechanism allows
the robot to avoid local traps and successfully reach the goal. Throughout the entire process, the generated path
maintains safe distances from obstacles, while demonstrating good continuity and dynamic stability.

Figure 4 illustrates the dynamic behaviour of various path planning algorithms during execution. The left part
of the fig. 4 shows the trajectory followed by each method, demonstrating their obstacle avoidance performance
and convergence behaviour near the goal. The right part depicts the time-series variations of linear and angular
velocities throughout the planning process, which serve to assess motion continuity and control smoothness.
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Fig. 4. Dynamic behaviour of various path planning algorithms during execution: @ — comparison
of path planning algorithms; b — visualisation of changes in linear and angular speed during the planning process
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Among the compared methods, all algorithms except EDWA successfully completed the navigation task.
Notably, fuzzy-DWA achieved the fastest arrival by taking advantage of the flexibility provided by fuzzy rules.
However, it exhibited frequent and irregular fluctuations in both linear and angular velocities, indicating the
absence of effective constraints on control smoothness and revealing limitations in the fuzzy rule base’s tuning
capability. This unstable velocity jumps the reliability of the movement. Classical DWA and pred-DWA suf-
fered from pronounced oscillations, particularly during the deceleration phase near the goal, where significant
jitter was observed in both velocity profiles. This instability suggests that these methods are unable to provide
smooth braking and precise goal alignment, which may negatively impact docking precision and overall cont-
rol robustness. In contrast, the proposed MC-DWA exhibits significantly smoother transitions in both velocity
and steering control. The performance improvement is primarily due to the inclusion of jerk penalties (for
linear and angular accelerations) in the evaluation function, which effectively suppresses abrupt control varia-
tions. As a result, MC-DWA provides improved motion continuity and system stability during trajectory exe-
cution. In addition, MC-DWA has become the second fastest method to reach the goal, which indicates a good
balance between efficiency and control quality. Also the trajectory visualisation on the left side of fig. 4 shows
that MC-DWA consistently maintains a safe distance from both static and dynamic obstacles throughout the
entire execution process, without any incidents of near-collision or critical proximity. This highlights the me-
thod’s reliability in ensuring safety, especially in complex environments.

Discussion

The experimental results demonstrate that the proposed MC-DWA is superior to classical DWA and its ty-
pical variants across multiple key performance metrics. Whether in terms of trajectory smoothness, minimum
obstacle distance or overall path length, MC-DWA has greater robustness and environmental adaptability.
This performance gain is primarily due to the integration of several fine-grained constraint designs within the
trajectory evaluation mechanism, dual-angle heading deviation, global path adherence assessment, curvature
variation control and jerk suppression. Collectively, these improvements significantly enhance the rationality,
continuity and feasibility of planned trajectories, while maintaining the real-time responsiveness inherent in the
original DWA framework.

Despite promising results in rule design and trajectory quality, MC-DWA remains, in fact, a manually de-
veloped heuristic method. Its evaluation function and weighting parameters are set manually, which makes it
impossible to dynamically adjust in various environments and task scenarios. In practical applications, this
often requires manual parameter settings for each new context, which limits the algorithm’s generalisability and
deployment efficiency. Moreover, heuristic methods are inherently difficult to model complex, multi-dimensio-
nal and temporally dynamic features of real-world environments. In particular, in conditions associated with
numerous dynamic obstacles or high-dimensional state input data, the performance limit of traditional methods
becomes obvious [13].

To address these challenges, recent advances in deep reinforcement learning (DRL) have provided new
perspectives for path planning. DRL offers end-to-end learning capability, allowing agents to autonomously
learn optimal navigation strategies through continuous interaction with the environment, thereby eliminating
the need for explicit modeling and hand-written rules [ 14]. Compared to traditional methods, DRL-based plan-
ning approaches have superior adaptability, policy expressiveness and cross-task transferability, making them
particularly suitable for dynamic, uncertain or frequently changing environments.

Based on this understanding, future research may explore the possibility of using the MC-DWA heuristic
framework as an initial policy or hybrid guidance model for DRL-based navigation systems. By integrating the
experience of creating rule-based paths into the training process of deep neural networks, it is possible to effec-
tively combine heuristic knowledge with data-driven learning. This hybrid approach potentially preserves the
interpretability and stability of traditional methods, while increasing the intelligence and generalising capabi-
lities of path planning algorithms. This could pave the way for the development of highly reliable and robust
intelligent mobile robotic systems capable of navigating complex real-world scenarios.

Conclusions

This article proposes an improved MC-DWA to address several limitations of the traditional DWA in local
path planning. By introducing multi-dimensional trajectory constraints and a fused estimation mechanism, the
proposed method comprehensively optimises trajectory evaluation in terms of heading consistency, global path
adherence, trajectory smoothness and control stability. Specifically, MC-DWA includes a dual-heading guidance
strategy to improve goal alignment, uses a path adherence constraint to increase consistency between local plan-
ning and global navigation intent and integrates curvature variation and jerk constraints to improve trajectory
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smoothness and dynamic feasibility. A unified weighted estimation model has been developed to support multi-
objective trajectory decision making.

To confirm the effectiveness of the proposed method, comparative experiments were conducted on a series
of simulation maps with varying environmental complexity. Three representative improved DWA algorithms
were selected as baselines. All experiments were performed on a unified simulation platform using evaluation
metrics such as navigation time, path length, curvature smoothness and minimum obstacle distance. The results
show that MC-DWA outperforms both classical DWA and several improved variants in planning efficiency,
trajectory quality and obstacle avoidance safety, demonstrating excellent robustness and practical applicability.

The source code for the MC-DWA function and the maps used for the simulation is published and available
for free non-commercial use'.

Future work will focus on extending MC-DWA to the ROS2 and Gazebo simulation platforms to further
evaluate its generalisation ability and engineering adaptability in dynamically modeled environments. Further-
more, we plan to deploy the proven MC-DWA algorithm on a real mobile robotic platform to conduct physical
experiments in real-world scenarios, facilitating its practical application in industrial and service robotics.
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