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In this paper, a novel local path planner based on a complete Obstacle
Avoidance Algorithm (OAA) and a Proportional-Derivative (PD) controller
is developed for Mobile Robots (MR). The main contribution of this
work is a local planner that generates global evasion points instead of just
angles, and uses a normalized cost function that weights between the total
Euclidean route distance and the orientation turning cost, separating the
evasion algorithm from the pose tracking controller. “Individual obstacles
detected by the LiDAR (Light Detection and Ranging sensor) are classified
by measuring the distance between their corners. The OAA determines
whether the mobile robot can drive through them or considers them as a
single obstacle. A target point (an evasion point or the final goal) is selected

Differential Drive Robot;
2D LiDAR

by minimizing a normalized cost function. Various real experiments were
carried out comparing the VPH and our method to illustrate the advantages
and efficiency in both scenarios, achieving successful evasion in complex
environments, such as *U’ structures, and maintaining stable CPU usage. Our
method uses a PD controller to drive both wheels and allows the mobile robot
to reach its destination point in a smooth and efficient manner.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open access article under the CC-BY-SA license.

1. Introduction

For Mobile Robots operating in well-structured environments, obstacle avoidance algorithms can
be relatively straightforwardly applied. However, in dynamic scenarios such as precision agriculture,
greenhouses, outdoor autonomous navigation, etc., robust Real-Time Obstacle Avoidance (R-TOA)
algorithms are essential for solving their random and involved environments. Furthermore, various
solutions already exist, including complex and expensive computers and signal processors to imple-
ment autonomous navigation. Computers and signal processors have a high cost for autonomous
navigation, due to the sophisticated hardware required for perception, localization, and path plan-
ning, which processes vast amounts of sensor data in real-time. Therefore, the aim of this paper is to
achieve a solid balance between a cost-effective and robust autonomous navigation system.

Global path planning requires prior knowledge of the environment, specifically a map that indi-
cates the position of obstacles. This may generate additional computational costs and poses a chal-
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lenge in dynamic environments. An alternative is local path planning, where one function drives the
robot toward a final goal or waypoints, while another algorithm detects obstacles and reorients the
robot to avoid them. Therefore, in [8]-[11], [62] 2D LiDAR sensors are used to detect obstacles.

Several studies have addressed different strategies for autonomous navigation and obstacle avoid-
ance in mobile robots, using light-based ranging (LiDAR) sensors and path planning algorithms.

Real-time local path planning, based on 2D LiDAR sensors, is a pillar in mobile robotics [1],
[8], [10], [62]. These methods process the sensor data set to identify obstacles and generate imme-
diate evasion commands. However, it is common that many purely reactive approaches, although
fast, can result in suboptimal trajectories or jerky movements, as observed in [5], [49]. This occurs
because the algorithm focuses on the temporary deviation from the obstacle, without a clear strategy
for optimizing the remaining route.

For tracking these trajectories, classic PID or PD controllers are widely used due to their sim-
plicity and proven effectiveness [2], [4] or controllers based on fuzzy systems as in [6]—-[9], [19]—
[21]. However, a controller’s performance depends on the quality and stability of the target points
it receives. Therefore, it is essential to develop a method that considers the generation of a smooth
trajectory.

A widely used approach in local path planning is the VPH (Vector Polar Histogram) family of
algorithms [11], [60], which share similarities with our method. These algorithms analyze the LIDAR
data to create a polar histogram that identifies “valleys” (free passageways). Then, they select the
optimal direction within the valley” based on a cost function that compares the target direction and
the current orientation [60]. However, the VPH and VPH+ cost functions are not usually normalized
and primarily optimize the next steering angle.

The main weakness of these methods is that selecting a better angle does not guarantee a better
route. The original VPH cost function, for example, is very sensitive to weights and does not con-
sider the total Euclidean path length. This can lead the robot to choose a passageway that, although
angularly optimal at that instant, may result in a much longer overall trajectory.

Additionally, ”free segments” or turning point” strategies [34] are also highlighted, which can
be effective when tracing routes through an environment with obstacles, but can generate abrupt
orientation changes.

In this paper, we propose a local path-planning and obstacle-avoidance algorithm for a differen-
tial mobile robot. Using 2D LiDAR measurements, the algorithm generates global coordinates in real
time and selects the one that minimizes the cost of both remaining distance to the goal and the change
steering effort. The computation is repeated in a loop and, consequently, the mobile robot effectively
traces a path around the obstacle geometry. Unlike static-map or multi-sensor methods (which in-
crease hardware and computational cost), our approach uses a PD controller. Experimental results
show feasibility in real-world settings and advantages in simplicity and computation speed over full
mapping techniques. Experimental results show feasibility in real-world settings and advantages in
simplicity and computation speed over full mapping techniques.

The main contributions of this work are the following:

1) An evasion algorithm optimizing the total Euclidean distance of the trajectory (not just the angle
or the safety distance) using a normalized cost function, allowing for an intuitive adjustment between
smoothness and a shortest path.

2) Generation of global target points (intermediate points or final point), which separates the evasion
task from the control task and then allows the general algorithm to be compatible with any points
tracking controller (PD, difuso, etc.).

3) A method considering the displacement of the LiDAR sensor with respect to the robot’s coordinate
axis, allowing a flexible application in various hardware configurations.
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The paper is organized as follows. Section 2 describes the experimental platform and develops
the differential robot’s kinematic model, including the PD controller design for navigation and reori-
entation. Section 3 describes the 6 steps that constitute the proposed algorithm. Section 4 presents the
experimental results, divided into the validation of the proposed algorithm in a complex environment
and a comparison with VPH; and Section 5 summarizes conclusions and future work.

2. Method

In the following, mobile robot’s characteristics are presented, followed by its kinematic model
and then a PD controller for the robot navigation is proposed.

In this paper, the navigation to a point is the core for the subsequent development of a dynamic
path planning system for obstacle avoidance. The implementation of an odometry method is described
to calculate the robot’s position and orientation at each instant, crucial for real-time control.

2.1. Description of the Experimental Platform

A square differential mobile robot (DMR) with 80 cm sides was built and used to carried out
all the tests. The DMR is equipped with incremental encoders to measure the position and angular
velocity of both the left and right wheels. This robot incorporates an RPLIDAR-A1 sensor mounted
on the front, 35 cm from the center of the drive wheel axle, which is considered the origin of the
robot’s local coordinate system (cf. Fig. 1).

Fig. 1. Differential-drive robot with a front-mounted LiDAR sensor.

The SLAMTEC RPLIDAR-A1 is a 2D LiDAR sensor with a 360° scanning angle, a range of 12
meters, and a sampling rate of 2000 Hz. This sensor communicates via a serial port at a transmis-
sion rate of 115200 bps with a Raspberry Pi 5, which has a quad-core ARM Cortex-A76 processor
running at 2.4 GHz and 8 GB of RAM. The Raspberry Pi 5, in turn, communicates serially with an
ESP32 microcontroller. The ESP32 is responsible for acquiring data from the encoders, calculating
odometry variables, and controlling the speed of the differential robot’s motors. This device receives
wheel speed commands from the Raspberry Pi 5 and sends odometry data in real time via serial
communication.

2.2. Kinematic Model of the Robot

Our differential mobile robot has two individual drive wheels mounted on a single axle at the
rear of the chassis and two caster wheels (one at the front and one at the rear) to balance the robot
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during its movement. The two independent drive wheels, driven by two actuators, allow the robot to
move linearly and angularly.

In general, the configuration of a rover moving on a plane is described by its generalized coordi-
nates (cf. Eq. (1)), where the configuration space C describes all possible positions and orientations
that the system can adopt. R” represents the plane where the robot or rover moves, defined by the
coordinates (x,y). S represents the orientation space, indicating that 0 is an angle in the range of
[0,27) (cf. [18]).

g=(x,y,0)€C:CCR*xS. (1)

A differential robot is a non-holonomic system since its motion is restricted such that it cannot
move laterally instantaneously.

For a differential robot configuration (cf. Fig. 2), the angular velocity @ can be defined by Eq.
(2) where o is formed from the Instantaneous Center of Curvature (CCI) and the horizontal axis.
When Vi and V;, are equal, the angular velocity @ = 0, i.e., the robot has a straight line displacement.
Where In consequence:

Target position

(@)
{0} X
Fig. 2. Configuration of a differential robot
L : Distance between the two wheels (m). r : Radius of the wheel (m)
 : Angular velocity (rad/s). @y, : Angular velocity at the left wheel (rad/s).
g : Angular velocity at the right wheel (rad/s). | V : Linear velocity (m/s).
Vg : Linear velocity at the right wheel (m/s). VL, : Linear velocity at the left wheel (m/s).
0 : Orientation of the robot (rad). CCI : Instantaneous Center of Curvature.
r(Wr — O,

The linear velocity of the robot depends on the angular velocity and the radius of each of the
wheels, as shown by Eq. (3).

), (0))
y = Hort o) R; L), 3)
The mobile robot’s kinematic model, is described by the nonlinear equations (4).
R — O R — O . R — O
x:ir( R2 L)cose; y':ir( R~ L) in0; 9:7”( RL L), 4
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Where the rate of change of X is on the displacement in x, of y is on the displacement in y and of 8 is
on the angular displacement in 6 are represented respectively.

2.3. Design of the Proportional-Derivative Controller

Since motors’ control is mandatory to move the robot from one point to another, a computation-
ally simple Proportional-Derivative (PD) controller was chosen to perform position and orientation
control tasks. Therefore, the real-time execution required for local trajectory planning is ideal for plat-
forms with limited computational resources and provides a solid foundation for algorithm validation,
a goal of this work.

2.3.1. PD Position Controller

The PD position controller aims to minimize the position error between the current position and
the target, while simultaneously correcting the orientation error. This is achieved through a constant
linear advancement combined with an orientation adjustment, allowing the robot to move directly
toward the target. The distance from the robot’s current position to the target is calculated as follows:

P= /(X=X + (Y- )2, )

Where X, and Y, represent the current coordinates of the robot in the global reference frame, and X,
and Y, denote the coordinates of the target point. Note that while the PD controller can be optimally
tuned for a linear system, in our case the differential robot is a nonlinear system, which presents a
slightly more complicated challenge.

The orientation error, defined as o« = 8 — 6, where 3 is the orientation angle of the robot’s
distance to the target and 0 is the robot’s current orientation angle.

The distance of the position error P and the orientation error ¢, defined with respect to a target
point from the current robot’s position is shown in Fig. 2. These quantities are calculated from the
location of the robot’s local coordinate axis, which is located at the center of the drive wheel axle.

To minimize orientation and position errors, a condition is used in which the robot maintains
a constant linear velocity V,,,, and a control variable @.,, individually modifies the speed of the
wheels. Consequently, the resulting control velocities Vz and V;, are obtained, as indicated in (6).

VR = Vcom — Wcom, VL = Vcom + Wcom, (6)
Where @, is obtained from the PD controller, as given in (7).
Wcom = kpe + kpé, (N

Where kp and kp are the proportional and derivative gains, respectively. These values were adjusted
during experimental tests via exhaustive trial-error tests, to obtain a stable and fast response. While
obtaining the optimal gains for nonlinear systems, as this one, is a complex challenge, the experimen-
tal adjustment proved sufficient to meet our objectives.

Since the orientation error is e = o, therefore:

e=p-9, ®)

Where f is defined as the angle between the positive horizontal axis and the displacement vector from
the robot’s current position (X;,Y,) to the goal position (X,,Y,):

! (Yoo Xe
g_ml(&&>. ©)
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2.3.2. PD Orientation Controller

Once the position error is practically zero, the orientation controller will steer the robot towards
the target orientation. Similar to Eq. (6), Eq. (10) is obtained as follows:

VR = Vcom (0) — WDcom, VL == Vcom (O) + Wcom- (10)

When the robot reaches the target point, the orientation error can be defined by Eq. (8), where

0 is the current orientation (i.e., the orientation with which it reached the target point) and f is the

desired target orientation. Since f is constant, its derivative is equal to zero, and therefore @, can
be expressed by Eq. (11).

wcom:kP(ﬁg_e)_ka- (1)

2.4. Odometry

The robot measures its location at each instant and its position estimation is performed using
odometry, specifically, by the Dead Reckoning method, which is based on the previous position and
orientation at the time ¢ = #;,. Applying the Euler approximation to the differential robot’s kinematic
model, the following Eq. (12) is obtained:

D
X1 = Xk + - (AL+ AR) cos(6y),

D .
Vit 1 :yk+7(AL+AR) sin(6y), (12)

D
Ok+1 =9k+T(AR—AL)7

Where:

* Xy, Yk, Ok represent the position and orientation of the robot at time step k, respectively.
* D is the wheel diameter.

¢ L is the distance between the wheels (robot axle).

* AL and AR are the changes at the left and right wheel encoders, respectively.

The time interval between samples is defined as follows:

AT = Tjsy —Th. (13)

The odometry calculation is carried out in the ESP32 microcontroller from an initial position
(xx,yx) and an initial orientation 6;. From this reference, the position and orientation are updated
at each time interval AT based on the changes detected in the encoders. This method can introduce
errors, such as those caused by wheel slippage, which accumulate as the distance traveled increases.
However, it remains effective at low speeds or in short trips.

3. Local Path Planning

To achieve reactive navigation in environments with multiple obstacles, a local path planning
algorithm was developed that uses real-time LiDAR sensor readings. The goal is to generate reliable
intermediate points to avoid obstacles within the detection radius and select the most suitable point
based on a cost function that considers both distance and change in orientation. The algorithm follows
a logical sequence to transform the sensor readings into an immediate (intermediate or final) target
point. The algorithm runs cyclically and consists of the following steps:

* Detection: LiDAR data points that indicate a possible collision within the detection radius are
identified.

Salvador Santos-Romero (Dynamic Evasion Point System for Mobile Robots)
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* Clustering: These collision points are grouped together to distinguish individual obstacles.

* Segment validation: The free segments (corridors) among the detected obstacles are detected and
checked if they are wide enough for the robot to pass through them.

* Global evasion points generation: Global coordinates are calculated for evasion points within safe
corridors.

 Target visibility check: Determines whether the final target (goal) is directly accessible without
colliding.

 Target point selection: The optimal point to follow (whether an evasion point or the final point) is
chosen using a normalized cost function that takes into account the total distance of the route and
the necessary change of direction.

Each of these steps is detailed below.
3.1. Detection (Collision Vectors)

The first step processes the distance vector D = {d},d,...,d3so}, obtained from the LiDAR
sensor. The indices corresponding to the readings that represent an obstacle within a defined detection
radius d,,,, are identified. The set of collision indices, V_qjision, 1S defined as in Eq. (14).

Vcollision = {l € {17 7359} | 1< di < dmax}a (14)
Where d; is the distance measured at the angular index i. If V.50, 1S empty, it means that no nearby
obstacles are detected and the robot proceeds directly to the final target point.

3.2. Clustering

If Veouision 18 nOt empty, its elements are sorted in ascending order. Then, a clustering, based on
angular proximity, is performed to differentiate individual obstacles. A maximum angular difference
threshold, A4y, is then defined. The set V,,yision is divided into a set of subsets O = {01, 03, ...,0,},
where each O; represents an obstacle. A new obstacle O, is created if the index v,, € Viouisions
together with the previous index v,,_1, is greater than the threshold assigned by Eq. (15).

Vin — Vi1 > Nnax- (15)
At the end of this step, a list of detected obstacles is obtained.
3.3. Segment Validation

This step aims to obtain those corridors (segments) that are wide enough for the robot to pass
safely.

The edges of each obstacle O; are identified and the initial index, to the right of the obstacle, is
named as ig, = min(0;), and the final index, to the left of the obstacle, is i, = max(0;). The straight
line segments S; connecting the final edge of one obstacle O; to the initial edge of the next obstacle
0,41 (including the final segment between O, and Oy) are calculated (cf. Fig. 3). The length of each
segment is calculated using the law of cosines, as in Eq. (16).

S; = \/dij +dl.2RM —2d;, diy,_, cos(¥)), (16)

Where d; is the distance measured at index i, and ¥; is the absolute angle between rays i and IR

A segment is considered navigable only if its length §; is greater than or equal to the minimum
width required by the robot as indicated by Eq. (17).

Comin = L+ 2¢. )
The result is a set of index pairs as in (18), where each pair represents the edges of a safe segment

(corridor).
Svalids = {(iL_,'viRjH) ’ Sj > Cmin}' (18)
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=180

Yv

Rc(xc.YC)

Current Position

{0}

S 4

Fig. 3. Location of lateral indices and detection of segments between obstacles

3.4. Global Evasion Points Generation

For each valid segment (if,,ig) € Syasias, tWo avoidance points are calculated in global coordinates
(PL,Pg). These points are located at a lateral distance djupyine = L/2 + € from the edges of the
obstacle. The position of each point (P, P,) is obtained through a coordinate transformation that
considers the current position of the robot (x.,y.,6,), the distance from the LiDAR to the robot
axis driqqr, the measured distance d;, and the angle o; measured with respect to the horizontal. The
distance to the intermediate point 4; and the lateral angle f3; are obtained through Egs. (19) and (20)

respectively (cf. Fig. 4).
hi = \/ d12 +d12ntPoint7 (19)

B: = arctan 2(dptpoins di)- (20)
The global coordinates are calculated using Eq.s (21)-(22).

PLX =X+ dLidar COS(QC) + hiLC9+tx+[37 PLy =DYc + dLidar Sin(ec) + hiLS95+(xL+ﬁL7 (21)

PRX = X +dLidar COS(GC) + hiRCGc"‘aR_ﬁR’ PR_v =y.+ dridar Sil’l(@c) + hiRSGC+O£R—ﬁR . (22)

Where Cy_; g, = c08(0c + &, + B, ), So,10p+8, = Sin(Oc + &, + B, ), Co, oz = €OS(Oe + i —
Bi;) and So.+ar—pr = sin( 0. + i, — iy )-
The result is a set of evasion point pairs shown by Eq. (23).

Pevasion = {(PLj’PRj) | v(iLjyiRj) S Svalids} (23)

3.5. Target visibility check

Before selecting the next point, it is checked whether the final destination point P, = (xg,y,)
is directly accessible. The final destination point is considered visible if it meets one of these two
conditions:

* This is closer than any obstacle detected: d(P.,P,) < min(d;), i € Vepuision-

Salvador Santos-Romero (Dynamic Evasion Point System for Mobile Robots)
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Oy
© Target Point
X (Xg,Yq)
=180 L2+¢

U g T (YR)
: B\R

Yy

Lidary .

Re(Xe.Ye) " iidar x

=0
Current Position

(o)
3 X

Fig. 4. Intermediate points for all lateral indices in valid segments

Right Intermediate Point
(XR,YR)
O Target point
/“ (Xg:¥g)
/‘

Left Intermediate Point ¥ 0 rad
A ) =7

’ Current Position
{C}

Fig. 5. Validation when a target point is within one of the corridors (rotation from a new 0 axis)

* From a certain angle, the target point is located within one of the navigable corridors defined by the
evasion points Pr, Pg (cf. Fig. 5).

Condition two is achieved by performing angular rotations around a new axis 0, drawn from
point P. to point P, and P,(visible) if 0 < oty < Olp,.
3.6. Target Point Selection (Using the Cost Function)

In this step, we use a cost function inspired by local route planning methods such as VPH [60]
and VPH+ [11]. A set of candidate points C is defined by Eq. (24). This set includes all calculated
avoidance points (P, and Py for each valid corridor) and, in addition, the final destination point Py
if it is visible.

C= {P | (PL’PR) € Puvoidance} U {Pg()al | VISIble} (24)

For each point P € C, a normalized cost function J(P) is calculated considering the total distance
of the route and the required change of orientation as in Eq. (25).

J(P) = WaistJdist_norm (P) + Wangle‘,angleﬁorm (P)7 (25)
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Where wgisr and wgpg . are the respective weighting parameters. Parameters will be defined within
the algorithm and wyg;s; is greater than wgyg., prioritizing the shortest path. The parameter wyygie
allows the robot to move along a path and avoid abrupt changes between points. The normalization
for Jyist_norm(P) is shown by Eq. (26) and for Jugie_norm (P) by Eq. (27).

d(Fe,P)+d(P,F)

Jaist norm(P) = , 26
dist _no m( ) deax ( )
atan2(yp — y., xp — x.) — 6,
Jangle—norm(P) == ’ ()’P ycﬂ_ P C) C| . (27)

The final target point P is the one that minimizes the cost function given by Eq. (28). This
cost function differs from the VPH and VPH+ methods because while VPH optimizes almost exclu-
sively the angular cost (a comparison between the direction to the target and the current direction),
and VPH+ optimizes the safe distance, our approach optimizes the total Euclidean distance of the
path. Furthermore, the use of normalized costs ensures that the weights wg;;; and wg,g1. provide a bal-
ance between minimizing distance and penalizing sharp turns, a behavior that is difficult to calibrate
in previous VPH methods.

Parger =minJ(P), P€C. (28)

This point B4 is sent to the PD controller as the immediate target.

4. Experimental Design

Several experimental tests were performed on the differential robot described in Section 2.1. The
test set was divided into two groups:

1. Validation of the proposed algorithm: The behavior of the algorithm was evaluated in an environ-
ment designed to include three common obstacle scenarios in local route planning: a U-shaped
structure, a narrow corridor, and a section with multiple obstacles near the final goal.

2. Comparison with VPH: A quantitative comparison of the performance of our algorithm was per-
formed against the VPH method [60] in a specific scenario.

The configuration and results of these tests are detailed below.
4.1. Navigation To a Destination Point With Multiple Obstacles

For this test, the robot starts from the coordinate (x,y) = (0,0) with an orientation of 8 = 0 rad.
The final target is located at position (x,y) = (—85,750) cms., with a desired orientation of 8 = 0
rad. The robot’s pose (position and orientation) is estimated using odometry calculated by the ESP32
microcontroller, as described in Section 2.4. On the Raspberry Pi 5, the LiDAR data is processed and
an immediate target point (either an intermediate evasion point or the final target) is generated using
the local path planning algorithm detailed in Section 3. This point is tracked using the PD controller
described in Section 2.3.

The experimental environment for this test is a complex scenario made up of several sections:
the robot starts inside a U-shaped structure, navigates through an L-shaped corridor and, in the final
stretch towards the target, must manage the simultaneous detection of at least three obstacles.

The parameters used in this test were established by exhaustive trial-error: for the PD controller,
the gains were k, = 1.1 and k; = 0.5, with a linear command speed V¢, = 1.5 rad/s. For the evasion
algorithm, a detection radius d,,,, = 200 cm and a safety distance € = 35 cm were set. The weights
for the normalized cost function were wy;; = 1 and wge, = 0.5. Fig. 6 illustrates the trajectory
followed by the robot from the start to the final target, superimposed with the set of all evasion points
calculated during the journey. Finally, Fig. 7 presents the same trajectory, but highlighting only the
target points selected by the cost function at each instant.
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4.2. Comparison Against the Vph Method

To evaluate the relative performance of the proposed algorithm, a comparison was made against
the VPH method in a specific navigation environment. An environment consisting of a corridor was
set up, where the robot must navigate from the initial coordinate (x,y) = (0,0) to the final target point
(x,y) = (700,—450).

The parameters used in our algorithm correspond to those described in Section 4.1. For the VPH
algorithm, it was necessary to define its key parameters, including the safety distance (Dy), the min-
imum window width (W,,,,), and the weights of its cost function (K;, which prioritizes maintaining
the current direction, and K>, which prioritizes the direction toward the target). It should be noted
that the cost function of the original VPH is sensitive to the ratio between K; and K;, where a slightly
higher value of K, compared to K; tends to select angles very close to the target direction, even if
these are near the edges of an obstacle. To mitigate this behavior in our comparative implementation
of VPH, an additional clipping was applied to the candidate valleys, eliminating directions closest to
the detected edges of the obstacle.

Trayectoria y puntos de evasion del robot

—— Trayectoria del robot
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Fig. 6. Robot’s path (red line) coincides with avoidance points (green and pink/purple points)

Fig. 8 shows the resulting trajectory when running our algorithm. Fluid movement and constant
forward speed are observed, completing the course in approximately 53 seconds. The figure also
shows the target points selected by the cost function at each instant. In contrast, Fig. 9 shows the
robot’s behavior using the VPH algorithm (with the clipping modification). It initially moves at a
higher speed on the straight sections of the corridor and it struggles when approaching the front
walls, exhibiting a drastic reduction in its speed and less smooth turns. On the final curve, the VPH
algorithm failed to reach the target, taking more than 800 seconds.

Finally, Table 1 shows the CPU usage of the algorithms. The proposed algorithm has a slightly
lower average (9.9%) compared to VPH (10.4%), while the typical usage (median) is identical (10.0%).
However, VPH reached a considerably high peak (85.2%), while the proposed algorithm remained
below this (30.1%). This suggests greater stability in CPU usage for our algorithm. Regarding mem-
ory usage, both algorithms showed identical and stable behavior, with a constant average of 111.0
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MB during the tests.
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Fig. 7. Robot’s path (red line) and target points selected by the cost function (points with color according to
the elapsed time)
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Fig. 8. Robot trajectory using the proposed algorithm. The route followed (red line) and the target points
selected by the cost function are shown
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Fig. 9. Robot trajectory using the VPH algorithm (with clipping modification). The trajectory color varies
according to the elapsed time

Table 1. Comparison of average computational performance

Metric VPH Algorithm  Proposed Algorithm

CPU Usage (%)
Average 10.4 % 9.9 %
Median 10.0 % 10.0 %
Maximum 85.2 % 30.1 %
Memory usage (MB)
Median 111.0 MB 111.0 MB

5. Conclusions

In this article, a local path planning algorithm was presented for a differential mobile robot,
capable of navigating multi-obstacle environments. The proposed method is structured into six real-
time steps operating on 2D LiDAR readings and utilizing a PD controller for pose tracking.

The algorithm focus on precision, calculating evasion points at a safe distance (€ + L/2) within
geometrically validated corridors. The objective selection is based on a normalized cost function that
enables a smooth trajectory, prioritizing the shortest route while penalizing abrupt turns, achieving a
balance between efficiency and stability.

The experimental results validated the algorithm’s efficacy in a complex environment, success-
fully bypassing a ”U” shaped structure and an "L shaped corridor, and managing multiple obstacles.
It was observed that the robot navigates smoothly, and the cost function correctly discriminates among
multiple evasion points and the final goal when the latter is visible.

In comparison with a VPH algorithm with window trimming, the trajectory provided by our
method was notably more stable. Although the proposed algorithm requires more geometric valida-
tion steps, sequential filtering ensures that the cost function is only applied to a reduced set of safe
points. As demonstrated, the computational performance is more stable, with less variability and
lower peak CPU usage.

Finally, this paper provides an evasion algorithm optimizing the total Euclidean distance of the
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route by using a normalized cost function and allowing for an intuitive adjustment between smooth-
ness and the shortest route. The generation of global target points allows separating evasion from
control, which is essential for the algorithm to be compatible with any pose tracking controller. Fi-
nally, a method was presented considering the displacement of the LiDAR sensor relative to the
robot’s coordinate axis and enabling its flexible application in various hardware configurations.

Future works will focus on robustness for handling concave obstacles with a closed line of sight,
dynamic obstacles, and mitigating the accumulation of odometry errors in long trajectories through
positioning evaluation via image analysis.
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