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INTELLIGENT MOTION PLANNING OF A COLLABORATIVE MOBILE ROBOT
INADYNAMIC ENVIRONMENT BASED ON VFH+ AND SEMANTIC PROCESSING
OF LIDAR AND VIDEO DATA

The article presents results of the study aimed at developing and substantiating a method for intelligent motion
planning of a collaborative mobile robot in a dynamic environment based on the VFH+ algorithm with semantic weighting
of LiDAR and video camera data. The purpose of the study is to enhance the safety, predictability, and adaptability of a
mobile robotic platform operating in the presence of static and dynamic obstacles through the integration of geometric
environmental information with contextual risk assessment. The object of the study is the process of planning and executing
the trajectory of a collaborative mobile robot within a structured workspace that includes dynamic elements typical of
Human—Robot Collaboration (HRC) scenarios. The subject of the study comprises mathematical models and algorithmic
procedures for generating control actions based on a polar obstacle histogram augmented with a semantic evaluation of
the hazards associated with objects detected through computer vision.

The study uses a kinematic model of a differential-drive system, a method for constructing a polar obstacle grid using
LiDAR data, generation and smoothing of the VFH+ histogram, sector binarization and identification of admissible
motion directions, as well as a multi-criteria selection of the optimal sector considering goal orientation, smoothness,
and risk level. To consider the context of interaction with humans and other objects, a semantic multiplier is introduced,
which modifies the initial histogram according to the results of video detection. The numerical modeling is implemented
in Python with discrete integration of motion equations, taking into account sensor noise and combining local VFH+ with
global route landmarks obtained with the use of A* algorithm.

The scientific novelty is the formulation of an integrated motion planning model that combines geometric obstacle
density in polar space with semantic risk weighting, that enables adaptive modification of forbidden and free sectors
depending on the type and behavior of environmental objects. A mechanism for adapting binarization thresholds and
weight coefficients of the direction selection criterion upon detection of jamming signs is proposed, thereby increasing the
stability of the algorithm in narrow passages. The modeling results confirm that the target point is reached without loss
of stability and in compliance with safe speed limits and minimum distance to obstacles, which indicates the effectiveness
of combining VFH+ with semantic processing of LIDAR and video data for HRC environments.

Key words: collaborative mobile robot, motion planning, VFH+, semantic navigation, sensor fusion, LIDAR, computer
vision, obstacle avoidance, dynamic environment.
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IHTEJEKTVYAJIBHE IIJIAHYBAHHA PYXY KOJTABOPATUBHOT'O MOBIJIBHOI'O POBOTA
B JTUHAMIYHOMY CEPEJIOBHIIII HA OCHOBI VFH+ TA CEMAHTUYHOI OBPOBKHN
LIDAR TA BIIEOJAHHUX

Y emammi npeocmasgneno pesynomamu 00cniodxcenus, CNPAMOBAHO20 HA PO3POOIEHHS A OOIPYHMYBAHHA MEMOOy
iHMeNekmyanbHo20 NIaHY8aHHs PYXy KONAOOpamueHo2o MobiibHO20 poboma 6 OUHAMIYHOMY cepedo8ulyi HA OCHOSI
aneopummy VFH~+ i3 cemanmuunum 36adicygannuam oanux LiDAR ma eideoxkamepu. Memow pobomu € nioguujenHs
Oesneunocmi, nepedbavyeanocmi ma adanmueHOCMi pyxy MoOiIbHOI pobomu3zoeanoi niam@opmu 3a HAAGHOCMI
cmamuynux i OUHAMIYHUX NepewKo0 WAXom iHmezpayii eeomempuunoi ingpopmayii npo omoyenHs 3 KOHMEKCMHOI
oyinkoro puzuxy. 06 €Kmom 00CaiONCeH s € RPOYeC NIAHYBAHHAMA Peanizayiimpackmopiinepemiuy eHHsaKoiabopamueHo2o
MODINbHO20 poboma 8 CMpYKMypo8aHomMy pobouOMy NpoCmopi 3 eremeHmamu ounamixu, xapaxmeprumu ons HRC-
cyenapiis. Ilpedmem 00CNiONHCEHHA CMAHOBIAMb MAMEMAMUYHI MOOeNi ma aneopummiuni npoyedypu Gopmysanus
KepyIouux 8nausie Ha OCHOBI NOTAPHOT 2icmoepamu nepewro0, OONO8HEHOT CeMAHMUUHOIO OYIHKOI0 Hebe3neku 0b ckmis,
WO BUABTIAIOMbCS 3ACOOAMU KOMN TOMEPHO20 30DY.

Y pobomi sacmocosano kinemamuuny mooens ougepenyianbHoeo npueody, Memoo no6yoo06u ROJAPHOL CIMKU NEPeUtKoo
3a 0anumu LiDAR, popmyeanns ma senadxcysanns cicmoepamu VFH+, 6inapuszayiio cekmopis i 6udiienHss OOnycmumux
HAanpsaMKi6 pyxy, a makodic 6azamoxpumepianoHuil 6UOIp ONMUMATLHO2Z0 CEKMOPA 3 YPAXYEBAHHAM YileCHPIMOBAHOCHI,
nnagnocmi ma pigusa pusuxy. /[na epaxysanns KOHMeEKCmy 63ae€MoOii 3 MOOUHOI0 Ma THUWUMU 00 €KMamu 66e0eHO
CeMAHMUYHUT MHONCHUK, SKULL MOOUIKYE NEPSUHHY 2icmo2pamy 6i0n08ioHo 0o pesyismamis eideooemexyii. Qucenvhe
MOOeneants peanizoeano 8 cepedoguwyi Python i3 ouckpemnoio inmezpayicio pisHanb pyxy, YPaxy8aHHAM CEHCOPHOO
WyMy ma NOEOHAHHAM NI0KabHo20 VFH 3 2nobanvhumu opienmupamu Mapupymy, ompumanumu 3a aneopummom A*.

Hayrosa nosusna nonseac y ¢opmyeanni inmeeposanoi mMooeni, wo NOEOHYE 2eOMempUuyHy WINbHICHb NEPeuiKoo
V RONAPHOMY BPOCMOPI i3 CEMAHMUUHUM 36ANCYBAHHAM PUSUKY, 3aDe3neyyiouu a0anmueHy 3MiHy CIMpYKmypu 3a00pOHEHUX
i BIILHUX CEKMOPIB 3a1eHCHO 8I0 MUy ma no8ediHKU 00 '€Kmis. 3anponoHo8ano mMexanizm aoanmayii nopoais binapusayii
ma 6a208ux KoeiyicHmis Kpumepilo subOpy HANPIMKY NpU GUSAGLEHHI 03HAK 3ACMPI2AHHS, WO NIOGUWYE CMILIKICMb
anzopummy y 8y3vKux npoxooax. Pesymemamu modeling niomeepocyloms docaenenns yinbosoi mouxu Oe3 empamu
cmabinbHocmi ma 3 OOMPUMAHHAM OE3NeUHUX OOMENCeHb WEUOKOCMI U MIHIMAIbHOI OucCmanyii 00 nepeuikoo, ujo
cgi0yums npo egpexkmugnicme noeonanna VEH i3 cemanmuunoro oopookoio LiDAR ma sideodanux dns HRC-cepedosuuy.

Knrouoei cnoea: xonabopamugnuii modineHuii pobom, naanysanus pyxy, VFH+, cemanmuuna Hagieayis, ceHCOpHA
@yszia, LiDAR, komn tomepruil 3ip, YHUKHEHH: nepeukoo, OuHamiute cepedosulije.

Introduction

The fast development of Industry 5.0 is leading to the active use of collaborative mobile robots in manufacturing,
logistics, and service processes, where they work directly with people [1-3]. In such conditions, the problem of safe and
adaptive motion planning in a dynamic environment with uncertain obstacles and variable space configuration becomes
particularly relevant [4-7]. Traditional navigation methods based solely on geometric information do not always provide
a sufficient level of predictability and semantic understanding of the scene, which is critically important in Human—Robot
Collaboration (HRC) scenarios [8-10]. The integration of Light Detection and Ranging (LiDAR) data with video infor-
mation opens up opportunities for forming a more informative model of the environment, taking into account the type of
objects and the level of potential risk [11-12]. The Vector Field Histogram Plus (VFH+) method, as an effective approach
to local planning, enables fast real-time decision-making, and its extension with semantic weights improves the quality
of selecting safe movement directions [13-15]. Thus, the development of an intelligent motion planning method based
on a combination of a polar histogram of obstacles and semantic processing of sensor data is necessary to improve the
reliability, safety, and adaptability of collaborative mobile robots in complex dynamic environments.

Analysis of recent studies and publications

The intensive development of collaborative robotics and Industry 5.0 concepts is driving a growing need for intelligent

methods of planning the movement of mobile robots capable of operating in dynamic environments involving humans.
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Current research focuses on combining classical geometric obstacle avoidance algorithms with semantic scene interpreta-
tion, which opens up opportunities for improving navigation safety and adaptability. In this regard, it is relevant to analyze
existing approaches to the use of VFH+, Light Detection and Ranging (LiDAR), and video data to justify the need for an
integrated model of semantically weighted motion planning for collaborative mobile robots.

In their work, Liang, Ji, and others proposed a multi-agent VFH+ type control for “flocking” with a mechanism for
exiting dynamic equilibrium (when a group can “hang” near complex obstacles), which makes it possible to reduce the
risk of collective local minima and stabilize the movement of a group of robots in dense obstacle configurations [16].
However, this approach is difficult to use directly, as it is focused on agent-agent interaction and formation support, rather
than on contextual (semantic) risk assessment of objects and stable passage of narrow wall “heads” with Line-Of-Sight
Override (LOS-override), which was a critical cause of jamming in our modeling.

In their work, Rose, McMurray, and others developed FALCON, a field-oriented approach to autonomous LiDAR-
based obstacle avoidance that allows control actions to be formed through a “field” of navigational influences and sup-
ports avoidance in complex geometry [17]. However, the proposed solution does not take into account semantic weight-
ing (the type of risk of an object from video detection) and in HRC scenarios can produce undesirable behavior when a
“geometrically permissible” direction is contextually dangerous (a person or dynamic agent in the area).

In the article by Hu and Gan, semantic navigation for robotic inspection and environmental quality monitoring
in indoor spaces is investigated, where semantics is used to interpret the scene and select the robot's behavior, which
increases the meaningfulness of navigation decisions compared to purely geometric methods [18]. It should be noted that
inspection scenarios often allow for slower planning contours and other optimality criteria, which means that the mecha-
nisms described in the article do not automatically provide stability against looping at the ends of walls.

Gutiérrez-Alvarez, Rios-Navarro, et al. demonstrate an approach to visual semantic navigation on real robots using
semantic scene features to achieve goals in rooms, which makes it possible to move from an “obstacle map” to a “mean-
ing map” and increase robustness in complex environments [19]. However, visual semantic schemes without a polar
histogram often require different infrastructure (semantic maps, training, other control contours) and do not guarantee
minimum distance control and smooth commands in narrow “corridors” without additional stabilizers.

In their publication, Shen, Luo, and others propose enhancing multi-agent semantic navigation through multimodal
collaboration and scoring with chain-of-thought elements to coordinate decisions between agents, which can improve
the quality of action selection through collective information sharing [20]. However, this is difficult to apply in real time
on a single robot with a limited computing budget and a direct conversion of “LiDAR+video — polar histogram —
command,” while multimodal Chain-of-Thought collaboration (CoT-collaboration) usually requires more delay, more
complex communication, and a different level of architecture that does not meet the requirement for fast local obstacle
avoidance in HRC.

The article by Yang, An, et al. provides an overview of collision avoidance coordination in multi-robot systems, sys-
tematizes approaches, and highlights typical problems of local minima and trade-offs between safety and performance
[21]. However, the review nature of the work does not provide a ready-made mechanism for integrating semantic risk
specifically into VFH+ with adaptation of the binarization threshold and LOS override, which was crucial for eliminating
“circular twisting” in the “head” area of the model walls.

In their study, Wei, Wang, and others analyzed Robot Operating System (ROS)-oriented navigation and obstacle
avoidance architectures, methods, and trends, which helps to justify the choice of modules and typical pipelines in robotic
systems [22]. However, this is more of a basis for positioning a solution than a direct methodological replacement,
because ROS architectures describe “how to integrate” rather than “how to calculate polar sectors with risk and ensure
escape from traps.”

In their work, Misir and Celik propose a visual obstacle avoidance method based on extended CNNs, which makes
it possible to train the model to recognize dangerous situations and generate reactive control decisions based on images
[23]. However, the proposed Convolutional Neural Network (CNN)-only scheme without LiDAR may lose the metric
“guarantee” of distance to obstacles and require significant datasets/retraining for new scenes, which is undesirable for
HRCs with rapid changes in the environment.

In their article, Sousa, Silva, and others investigated obstacle avoidance techniques for mobile robots in autonomous
warehouse HRC environments, where dense traffic, human presence, and production safety constraints are important [24].
However, direct transfer of the approach to this study may be limited due to differences in the scenario (warehouse logis-
tics, specific interaction rules, and movement maps) and because this study focuses on a universal local reactive VFH+
scheme with semantic sector modification and local minimum elimination mechanisms (adaptive thresholds, reverse-es-
cape, LOS-override) that specifically “treat” traps near walls.

In general, the analysis shows that modern robots either delve into multi-robot coordination, or into semantic nav-
igation with a predominance of visual/training components, or into architectural surveys, but do not completely solve
the practical problem typical for HRC: stable real-time avoidance of obstacles in narrow passages while taking into
account semantic risk, which confirms the necessity and relevance of your research as a “bridge” between geometrically
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guaranteed VFH+ and contextually grounded (semantic) solutions that reduce the risk of dangerous encounters in a
dynamic environment.
Statement of the task

The aim of the study is to improve the safety, predictability, and adaptability of a mobile robotic platform's movement
in the presence of static and dynamic obstacles by integrating geometric information about the environment with contex-
tual (semantic) risk assessment.

Presentation of the main material

The Vector Field Histogram Plus (VFH+) method is an advanced local motion planning algorithm that generates a
polar histogram of obstacle density based on sensor data and determines a safe motion direction, taking into account the
robot's kinematic constraints and the width of passable “valleys” [25]. Its distinctive feature is the combination of high
speed, real-time operation, and the ability to take into account the dimensions and dynamics of the platform, which is
critical for collaborative mobile robots in environments with people. In the context of intelligent motion planning, the
integration of VFH+ with semantic processing of LIDAR and video data allows not only to assess geometric hazards, but
also to take into account the type of object and the level of interaction risk. This increases the adaptability and predictabil-
ity of the robot's behavior in a dynamic environment and justifies the need for further research in the direction of sensor
fusion and semantically oriented trajectory planning.

Let's describe the robot's state model as a vector x, in discrete time. This is necessary in order to move from the
selected direction (from VFH+) to the actual control of the robot and predict its position one step ahead:

X
x, =y |, Ar>0 (1)
ek

Where: x, — vector describing the spatial position and orientation of a mobile platform at a discrete point in time £ ;
x,,y, — determines the coordinates of the robot's center in the selected reference frame, which are used to construct the
trajectory and estimate the distance to the target and obstacles; 8, — characterizes the angle of orientation relative to the
coordinate axis, which affects the direction of further movement; As >0 — discretization step, that sets the time interval
for model updates, determines the frequency of real-time control action recalculation and ensures numerical implementa-
tion of the motion planning algorithm (VFH+ update frequency, e.g., 10-20 Hz).

The kinematic model of the differential drive, necessary to convert the direction of motion selected by the VFH+
method into specific control actions of linear and angular velocity, taking into account the real kinematic limitations of
the mobile platform. It provides accurate prediction of changes in the robot's position and orientation over time, allowing
for the assessment of movement stability and safety in a dynamic environment. This achieves consistency between the
intelligent choice of direction and the physically realized trajectory of movement:

X, =X, +v,cos0,At
Vi =Y, +v,8inb At )
0,., =0, +wAr

Where: x,,, —predicted value of the coordinate along the axis X after performing control actions during Af; y,,, —
predicted value of the coordinate along the axis Y after performing control actions during At¢; 0,,, — predicted value of
robot orientation after angular velocity action during the interval Af; v, —linear speed of the platform at a given moment
in time %, that forms the displacement value for the interval Af; w, — angular rotation speed of the robot, which deter-
mines the change in its orientation per time step.

A LiDAR sensor model with a transition to a polar grid of obstacles is necessary for a structured representation of
spatial information about the environment in the form of angular sectors relative to the robot [26]. It allows converting
the array of measured distances into a compact form of a polar histogram, which is the basis for the VFH+ algorithm.
Thanks to this model, it is possible to quickly determine directions with increased obstacle density and form safe move-
ment sectors in real time.

. . N . .
Let LiDAR provide measurements {(r,.,d)[ )} . in the coordinate system of the collaborative robot, where: r, — range

i=

and ¢, — beam angle. We divide the field of view into M sectors with a width of a.:
q)max — q)min

o= e 3)

j(d)i):%, jel0n M1}

Where: o is the angular width of one sector of the histogram, which determines the resolution of the space
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representation; @,

X

—maximum LiDAR viewing angle, which sets the final boundary of the scanning area; ®,, — min-
imum LiDAR viewing angle in the selected coordinate system, which determines the initial boundary of the analyzed
space sector; M — number of sectors of the polar histogram into which the angular range is discretized to form the inter-
ference grid; ¢, —angle of a separate LiDAR laser beam relative to the robot axis for which the range measurement was
obtained; j ((I),.) — index of the polar histogram sector to which the measurement with angle ¢, belongs, which provides
grouping of data by directions; j € {0,. e M — 1} — the permissible range of sector indices corresponding to the full angu-
lar coverage of the sensor.

Then the distance to the nearest obstacle in the sector:

9= iy @

Where: d; — minimum distance to an obstacle in a sector j, which is defined as the smallest value among all 7,
belonging to this sector and is used to assess the level of danger of the direction of movement; », — LIDAR measured
distance to the object for a beam with an index 7, characterizing the actual distance to the obstacle in the corresponding
direction; j — the index of the histogram sector corresponding to a specific angular interval of the analyzed space.

To take into account the actual dimensions of the mobile platform and the necessary safety margin when forming safe
movement directions, the following model of obstacle inflation under the robot's dimensions is proposed. Since VFH
works in directions to take into account the robot's dimensions and safety margin, we introduce a critical distance:

d . =R +R )

safe — ~“robot margin

Where: d,,, — critical safe distance to an obstacle, which is defined as the sum of the robot's radius and safety margin
and is used to classify sectors as potentially dangerous during motion planning; R , - the effective radius of a mobile
robot, which takes into account its geometric dimensions and determines the minimum space required for physical pas-
sage without collision; R, ., — additional safety radius, which defines a protective zone around the robot, taking into
account sensor errors, control delays, and requirements for safe interaction with humans. Then we consider the sector
potentially dangerous if d, <d_, .

To quantitatively assess the density of obstacles in each angular sector around the robot, the following model for
constructing a primary polar histogram in the VFH+ method is proposed. It converts the measured LiDAR distances into
weight values that reflect the degree of danger of movement in a particular direction. This results in a compact and com-

putationally efficient representation of space that is suitable for real-time operation.

Wd L_L ’d'Sdmax
H = d d / (6)

J J max

0, d, >d

Where: H, — the value of the polar histogram in the sector j , which reflects the degree of danger of movement in a
given direction and is used for further selection of a safe course; w, — weight coefficient of the distance to the obstacle,
which determines the sensitivity of the algorithm to nearby objects; d; —minimum distance to an obstacle in the sector j
, minimum distance to an obstacle in the sector, received from LiDAR data, characterizing the actual level of threat in this
direction; d__ — boundary distance for considering obstacles, beyond which the influence of objects on the histogram is

max
1

considered insignificant or zero; [di - —J — increasing weight function for closer obstacles, which provides a greater
i Fmax
contribution of dangerous objects to the formation of the histogram.

In numerical modeling, it is convenient to take d, , as the LIDAR working range (for example, 6-10 m) so that the
histogram does not “stick” to distant walls.

Complementing LiDAR geometric information with contextual understanding of the type of objects in the robot's
field of view, we propose using a camera-based semantic risk weighting model. Within the scope of this study, it allows
us to differentiate obstacles by their level of potential danger, giving greater weight to directions where people or critical
objects are detected. In other words, LIDAR sees geometry well, while the camera sees the class of the object (person,
vehicle, risk zone). In VFH+, this can be entered as an additional weighting factor. Let's get a set of objects O from the

ax

camera, and for each we have: angular interval [¢5,¢g,] and assessment of risk or significance s, €[0,1], as an example,
“human” is closer to 1. Then the semantic multiplier for the sector will look like this:

S, =1+w,>s, -1, €[ 0,9, ]} )

Where: S, — semantic weight coefficient for the sector j, which modifies the polar histogram values taking into
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account the type of objects in the corresponding direction; w, — the coefficient of semantic information influence, which
determines how strongly the results of video analysis change the navigation decision; O — a set of objects detected by the
camera in the current frame that are taken into account when assessing risk; s, — semantic assessment of risk or priority
for an object o, reflecting the degree of its potential danger to the movement of the robot; ¢, — the central angle of the

sector j in the polar histogram, which determines the corresponding direction of movement; [¢g,¢g ,J — angular interval

within which the object o is located relative to the robot; l{d)j € [¢g,¢g,]} — indicator function, which takes the value 1
if the sector direction falls within the object's location area, and 0 otherwise, ensuring selective consideration of semantic
influence.

Final histogram taking into account the camera:

H,=H,-S, ®)

Where: ﬁj — the final value of the polar histogram in the sector j, that takes into account both the geometric density
of obstacles and the semantic risk assessment, and is used to select a safe direction of movement; H; — the base value of
the histogram, formed on the basis of LiDAR data, reflecting the degree of proximity of obstacles in the sector j; S, —
semantic correction coefficient for the sector j, that modifies the geometric assessment taking into account the type of
detected objects and their potential level of danger; ; — index of the angular sector of the polar grid corresponding to a
specific direction relative to the robot.

The histogram smoothing model in VFH+ is used to reduce the impact of LIDAR noise and the instability of seman-
tic estimates from the camera on the process of selecting the direction of movement. In this study, it stabilizes control
decisions, preventing sharp trajectory fluctuations with minor changes in sensor data. This improves the smoothness of
movement, predictability of robot behavior, and safety of its operation in a dynamic collaborative environment. We per-
form smoothing with a sliding window:

L
H, = szmHjW )

Where: H jom — the value of the final histogram in neighboring sectors relative to j, which are taken into account
during smoothing; m — the shift index from the central sector j, which determines the position of the neighboring ele-
ment within the smoothing window; L — the smoothing window radius, which specifies the number of sectors on each
side that participate in filtering and determines the degree of averaging; k, —smoothing kernel weight coefficients, which
determine the contribution of each neighboring sector to the formation of the smoothed value and are usually normalized
so that their sum is equal to one; j — the index of the current sector of the polar histogram for which the smoothed value
is calculated.

To convert the quantitative assessment of obstacle density into a qualitative classification of directions as “free” or
“prohibited,” a histogram binarization model is proposed. Within the framework of this study, it allows us to identify safe
angular sectors suitable for further analysis and selection of the optimal direction of movement. This creates a basis for
searching for passable “valleys” in accordance with VFH+ requirements and safe navigation conditions. Threshold:

LH,>T
B =

J

. (10)
O,JPIj <T

Where: B, —binary value for the sector j , which determines its status as prohibited (1) or free (0) direction of move-

ment; H ; —smoothed value of the polar histogram in the sector j, reflecting the integral estimate of interference density,
taking into account semantic correction and noise filtering; 7 — the danger threshold value used to classify sectors and
determine the acceptable risk level during motion planning.

The VFH+ valley detection model is used to determine continuous angular intervals in which robot motion is poten-
tially safe after histogram binarization [16]. Within the scope of this study, “valleys” are continuous angular intervals of
the polar histogram in which the obstacle density value does not exceed the set danger threshold and which are classified
as free for movement. They are formed after binarization of the smoothed histogram and reflect potentially passable direc-
tions relative to the current position of the robot. The model allows us to evaluate not only the presence of a free direction,
but also the sufficiency of its width, taking into account the dimensions of the platform and the safety margin. Analysis
of the angular width of the passage prevents the selection of overly narrow sectors that can lead to collisions or unstable
maneuvering. Let the “valley” be a sequence of sectors [ Jas j,,] ne B;=0.

Angular width of the valley:

Ap=(j,—j,+1)o (11)

Where: A¢ — angular width of the “valley,” which characterizes the size of the continuous free interval of directions
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suitable for safe movement of the robot; j — index of the initial “valley” sector, which defines the left boundary of the
free angular interval; j, — index of the final sector of the “valley,” which sets the right boundary of the passable direc-
tion; a — angular width of one sector of the polar histogram, which determines the resolution of space discretization;
( Jy—J. 7+ l)oc — the number of sectors that make up the “valley”, and their product of o gives the actual angular value
of the available passage.

The minimum angular width to pass at a distance d :

R. —-R .
AY,. (d)= Zarctan[%] (12)

Where: A¢,,, (d) — minimum permissible angular width of the path at a distance d , which determines whether there
is enough space for the robot to pass safely; R , ~— effective radius of a mobile platform, taking into account its overall
dimensions when assessing passability; R, — additional safety margin that compensates for sensor errors, control
delays, and requirements for safe interaction with humans; d — distance to the nearest obstacles within the valley where
the geometric possibility of passing is assessed; 2arctan(-) — function for geometric estimation of the angular clearance
required to pass between obstacles at a distance d , taking into account the ratio of the robot's dimensions to the width of
the passage.

The “valley” is acceptable if:

Ap2Ap,, (d") (12)

Where: A¢ — angular size of the “window” of motion; d" — characteristic distance in the “valley” at which we esti-
mate the width (selected in modeling).

To make a final navigation decision among all permissible “valleys” in the polar histogram, it is necessary to develop a
model for determining the goal direction and a function for selecting the optimal sector. It provides a compromise between
goal orientation, traffic safety, and trajectory smoothness, taking into account the previous state of the system. This allows
to form an intelligently justified direction of movement, adapted to the conditions of a dynamic collaborative environ-
ment, i.e., among all permissible directions, choose the one that best leads to the goal and does not cause sharp turns.

Direction to the goal:

d)goal:aZanZ(yg—yk,xg—xk)—Ok (13)
Where: ¢,

. — relative angle of direction to the goal in the robot's coordinate system, which determines the desired
movement orientation, taking into account the current orientation of the platform; x,,y, — coordinates of the goal point
in the global reference system, which define the final or intermediate position of the route; x,,y, — current coordinates
of the robot at a given moment in time k&, which determine its current position in space; 6, — current orientation angle
of the robot used to transition from the global direction to the local coordinate system of the platform; atan2(~) — The
function calculates the absolute angle to the goal in the global coordinate system, taking into account the correct quadrant
definition.
Cost function: we use the classic solution for VFH+:

J(¢j)=“1|¢j_¢goal +M2|¢j_¢k—l|+u3]:[j (14)
and choose:
v = argq)r]rg}g/(q)j) (15)

Where: J ((I) j) — cost function for the sector j, which is used to select the optimal direction of movement by mini-
mizing the total criterion of safety and expediency; ¢, — the angle corresponding to the center of the sector j in the polar
histogram and is considered as a candidate direction of movement; ¢,,, — desired direction to the goal, which sets the
benchmark for reaching the final destination of the route; ¢, , — the direction of movement selected in the previous step,

which is taken into account to ensure smoothness and stability of the trajectory; H, — smoothed value of the histogram
in the sector j , which characterizes the density of obstacles and the level of danger in this direction; p, — weight coeffi-
cient of orientation towards the goal, which determines the priority of approaching the specified point; 1, —smoothness
coefficient, which reduces sudden changes in course and increases stability of movement; p, — safety factor determining
the degree of influence of obstacle density on direction selection; ¢~ — the optimal direction of movement, selected from
among the permissible sectors as one that minimizes the cost function and provides the most rational combination of
safety, purposefulness, and smoothness; free — a set of sectors classified as free after histogram binarization and passage
width verification.

A model for converting the desired direction ¢ into control influences v and w necessary for implementing the
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navigation solution selected by the VFH+ algorithm at the physical level of robot movement, i.e., converting ¢" into real
drive commands. The model ensures coordination between the intelligent selection of the optimal sector and the kine-
matic capabilities of the mobile platform. Thanks to this, the direction of movement is transformed into permissible linear
and angular velocities, taking into account dynamic constraints and safety requirements. This ensures stable, smooth, and
predictable robot behavior in a real dynamic environment.

Direction error:

e, :wrap(d)*) (16)

control law:

w2 max > max)

w—sat(Ke -w, w

Ve =V -exp( K, Jey])- (d,, (17

o(d,,)= sat[%”—j;"/g,o,l]
slow safe
Where: w, — angular velocity of the robot at a given moment in time k , which determines the intensity of rotation
in the desired direction; x, — angular error gain, which determines the sensitivity of the control system to direction
deviation; e, —angular error between the desired direction ¢ and current orientation of the robot; w, = —maximum per-
missible angular velocity, limiting the sharpness of the turn in accordance with the physical capabilities of the platform;
sat(~) — saturation function, which limits the signal value within specified limits to ensure stability and traffic safety; v, —
linear speed of the robot at a step & , which determines the forward translational movement; v, —maximum permissible
linear speed of the mobile platform; x, — speed reduction coefficient depending on the angular error value, which pro-

vides deceleration during large turns; exp( | ¢|) — exponential factor that smoothly reduces speed as deviation from

the desired direction increases; d,, — the minimum distance to an obstacle among all sectors, which characterizes the

current level of danger around the robot; c(d ) — braking coefficient, which regulates speed depending on the proximity

of obstacles; d,,, — critical safe distance at which speed must be reduced to a minimum; d,,,, — the distance from which
d

min safe

slow

a gradual reduction in speed begins before approaching a dangerous zone; — normalized obstacle proximity

slow safe
indicator, which determines the degree of deceleration.

The developed models provide an integrated combination of geometric and semantic information, which increases the
validity of navigation decisions in a dynamic environment. They enable real-time motion planning, taking into account
the kinematic constraints of the platform, the dimensions of the robot, and the requirements for safe interaction with
humans. Thanks to their modular structure and mathematical formalization, the models are suitable for numerical mode-
ling in Python and further scaling to more complex collaborative robotics scenarios.

Experimental research and analysis of the results obtained from numerical modeling

Description of hardware used for the study: CPU: 10-core Intel Core i17-1255U (1.7-4.7 GHz), GPU: Iris Xe Graphics,
RAM: 16 GB, SSD: 512 GB.

Software: Windows 11 Pro (version 24H2) OS type 64-bit operating system, x64 architecture-based processor.

Development environment for numerical modeling PyCharm 2025.1.1.1 and programming language Python 3.13.7.
[27-29]

The aim of the experiment is to test the performance and stability of intelligent motion planning for a collaborative
mobile robot in a dynamic environment based on VFH+ with semantic weighting of LiIDAR and video data to ensure safe
and continuous approach to the target.

Within the experiment, the task of constructing a trajectory from the start to the “goal” point in the presence of static
obstacles, vertical walls, and a moving object is solved, with the formation of local control v(t), w(t) based on the results
of a histogram evaluation of free directions. Additionally, the algorithm's ability to avoid “traps” and getting stuck in the
end zone of walls is evaluated using global waypoint mechanisms, checking direct visibility to the target, and loop exit
modes (d,,, (¢),5(d,,, ),v(t),w(¢) and H .

The input data for modeling is specified as follows: the stage dimensions are word, =12.0m and word, =8.0m, ini-
tial robot state pose=[1.0, 1.0, 0.0] (x y,O) goal point goal=[11.0, 7.2], robot is modeled as a circle with radius R , ,
=0.25m and safety margin R, ., =0.12m, whence d ,=0.37m and d,,, =1.37m, integration time step dr=0.1s, max-
imum number of steps max,,,, =3000, goal attainment tolerance goal,, =0.35m and waypoint tolerance wp,,=0.55m
when using lookahead=0.90m. The geometry of the environment contains boundary walls RectWall(-0.2,-0.2,12.2,0.0),
RectWall(-0.2,8.0,12.2,8.2), RectWall(-0.2,0.0,0.0,8.0), RectWall(12.0,0.0,12.2,8.0) and two internal vertical
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obstacles RectWall(4.5,1.0,4.8,4.9) i RectWall(7.5,2.4,7.8,4.9), as well as circular obstacles CircleObstacle(3.2,1.6,0.14),
CircleObstacle(2.2,4.6,0.14), CircleObstacle(6.2,3.0,0.24), CircleObstacle(9.1,3.9,0.26) and a dynamic object of
type “human” CircleObstacle(11.4,7.85,0.15) with a risk of 0.80, which has a small harmonic change in coordinates
x=11.4+ 0.03sin(0.55t) , ¥=7.85+0.02sin(0.807+0.5) . LIDAR is modeled with 360 beams N, =360 with angles in
the range @ € [—n,n] , range lidar,, ... =8.0 m and noise lidar,,, ., =0.01, the camera has a field of view camera,,,
=100° (=1.745 rad) and range camera,,,,=6.5m. VFH+ parameters are set to M =120 sectors, d,,, =6.0 m, histogram
w,=1.0 and semantics w, =1.00 weights, smoothing L =3, basic binarization threshold 7, ,=0.16 with adaptation to
7=0.10...0.16 when “stuck”, direction selection criterion weights p,=3.2, pn,=1.0, u,=0.9 and p, ,. . =0.90 with
amplification up to 1.6, ., in stuck mode, and the minimum allowable valley distance changes to ;ninmﬂeyi . =0.26
or 0.22 in stuck mode. For control k,=2.7, w,  =2.0rad/s, v, =0.95 m/s, k,=1.0 and v, =0.10m/s are used, and the
global A* planner operates on a grid with a resolution of grid,, =0.20m, inflations inflation_candidates=[ d,, +0.06,
d,*0.03, d ., +0.00,0.18, 0.15, 0.12, 0.10] and wall extra inflation wall, , =0.18, with reproducibility ensured by a
fixed random number generator seed=7.

The results of numerical modeling of the developed method of intelligent motion planning for a collaborative mobile
robot in a dynamic environment based on VFH+ with semantic weighting of LiIDAR and video data are presented in the

form of graphs in Figures 1-3, and Figures 4-6 show the results of calculations.
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Fig. 1. Results of numerical modeling of route construction by a collaborative robot in a dynamic environment

As can be seen in Figure 1, the robot starts approximately from point (x,y)=~(1.0,1.0) and successfully reaches the
target (1 1.0,7.2), with the global distance “in a straight line” being about 11.8 m, and the actual length of the trajectory
being greater (approximately 13—14 m) due to obstacle avoidance. The trajectory is consistent with the global waypoints:
at x ~ 4 there is a visible active maneuver to bypass the first vertical wall (near 13—14m), after which the movement levels
out and passes through the upper corridor with a smooth turn to the right side of the scene. In the area of the second vertical
wall (near x = 7.6), the trajectory does not “stick” in the S-trap, but passes with a noticeable margin along y ~5.5-6.0,
indicating sufficient passage width and correct operation of the “valleys/clearance” criteria. Near the target, the “chosen
dir” vector practically coincides with the direction of movement, and local corrections do not lead to fluctuations, which
qualitatively indicates the stabilization of VFH+ and adequate attenuation of speed/turn when approaching obstacles and
the end point. Overall, the result demonstrates the balance between global A* (for strategic routing) and local VFH+ with
semantics (for safe avoidance of dynamic or static objects) without critical stops or circular “spinning” in place.

From the Time-Series graph: d,, (¢),0(d,,,),v(¢),w(¢) (puc. 2) It is seen that at the initial stage of movement, the
minimum distance to obstacles d,, exceeds 1.2-1.4 m, after which it decreases to approximately 0.35-0.45 m when
entering the corridor, which corresponds to working in confined spaces, but without critically approaching the safety limit.
The corresponding function o(d,,, ) decreases to almost zero in narrow areas, which leads to an automatic reduction in
linear speed v(t) almost to 0—0.1 m/s and even short-term negative pulses corresponding to the escape mode or position
correction. At moments of sharp decrease d, . peak angular velocity w(t) values are observed up to £2 rad/s, which

min

shows active maneuvers to avoid obstacles and change orientation in difficult areas. After passing critical sections d

min
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increases to 1.5-1.7 m, ¢ approaches 1, and the linear speed gradually returns to 0.8—1.0 m/s, indicating a transition to
freer movement in open space. Fluctuations w(t) in the final phase decrease in amplitude, which characterizes the stabi-
lization of the trajectory as it approaches the target and the absence of self-oscillations or uncontrolled “twisting” in place.
In general, time dependencies confirm the correct interaction of the gap assessment module, the deceleration function, and
the orientation regulator within the adaptive VFH+ control.
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Fig. 2.Time-Series Graph: d,, (1),5(d,, ).v(¢),w(7)
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Fig. 3. Heatmap of H ; over sectors (snapshots)

On the heat map (Fig. 3), histogram H ; values ranging from approximately 0 to over 2.0 reflect the concentration of
“risky” sectors at different points in time, with the most intense areas (yellow-green zones) observed in the sector interval
close to j=~30-45 for the snapshots k£ =150 —-600, corresponding to the passage of a narrow corridor between vertical
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walls. At the initial moment &k =0, the distribution is more uniform and has moderate values, indicating a relatively free

space in front of the robot. In the middle phase of movement, a compact “barrier” of sectors with increased H ; Is clearly
formed, which shifts over time, reflecting the change in the relative position of obstacles in the field of view of the LIDAR
and camera. After passing the critical zone, in the snapshots & > 800 , the histogram values decrease and become localized
in separate sectors, which corresponds to the exit into a more open space and an increase in d,, . The presence of sparse
bright spots on the right side of the map is associated with the influence of a semantic obstacle of the “human” type, which
forms narrow elevated risk sectors without completely blocking the passage. In general, the structure of the heat map con-
firms that the VFH+ algorithm forms a time-varying but stable profile of prohibited and safe directions, which adequately
reflects the geometry and dynamics of the environment.

Fig. 4. Global KEY waypoints data (A*)

The resulting global route (Fig. 4) contains 11 key points from the start (1.0,1.0) to the destination (11.0,7. 2) with
a grid resolution of 0.20 m and obstacle inflation of 0.43 m for circular objects and 0.61 m for walls, which provides an
extended safety margin. The sequence of waypoints shows a smooth increase in coordinates along both the x and y
axes, with the trajectory transitioning to an almost horizontal segment along y ~5.6—5.8 after point (4.2,5.6), corre-
sponding to the passage through the upper corridor between the vertical walls. The distances between adjacent points are
quasi-uniform and are approximately 1.2—1.4 m, which indicates correct discretization and further thinning of the global
path. Qualitatively, the route does not contain any sharp changes in direction and provides a strategic bypass of internal
obstacles with sufficient spatial reserve for local VFH+ correction.

Fig. 5. Modeling data at the initial stage
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At the initial stage of modeling (Fig. 5), the robot moves from coordinates approximately (1.0, 1.0) with a gradual
increase in the orientation angle to approximately 0.8—0.86 rad, which indicates an active turn in the direction of the first
global waypoint. Minimum distance to obstacles d,,, increases from 0.98 to over 1.3 m, and the coefficient increases to
0.95-0.98, allowing the linear velocity to increase to 0.8—0.9 m/s while simultaneously reducing the angular velocity. The
stuck and escape indicators remain zero, and the T threshold and weight p, are not adapted, which means there are no
signs of jamming or critical narrowing of the passage. In general, the numerical values confirm the stable acceleration of

the robot in conditions of sufficient space and the correct operation of the LOS check mechanism and local VFH+ control.

Fig. 6. Numerous modeling results

The modeling ended with the goal being achieved at step 739 with a residual distance of 0.341 m, which is less than
the specified tolerance of 0.35 m and confirms the correct operation of the stop criterion. Final position of the robot
(x =10.694, y =7.049,0 = 0.459rad ) is close to the specified point (11.0,7.2), and the orientation is consistent with the
direction of the final approach. Taking into account the integration step of 0.1s, the total travel time is approximately
73.9s, which indicates a stable but safe pace of movement in a dynamic environment. The result demonstrates the absence
of jamming, self-oscillation, or loss of global navigation strategy, and the integration of A* and adaptive VFH+ ensures
guaranteed goal achievement while complying with safety restrictions.

Conclusions

In this work, a method for intelligent motion planning of a collaborative mobile robot in a dynamic environment based
on the VFH+ algorithm with semantic weighting of LIDAR and video data was developed and investigated. Numerical
modeling confirmed that the robot consistently reaches the target point (11.0; 7.2) when starting from coordinates (1.0;
1.0), and the actual length of the trajectory is about 13—14 m with a geometric distance in a straight line of about 11.8 m,
which indicates correct obstacle avoidance and consistency of local VFH+ with global A* planning. The proposed inte-
gration of the polar histogram of obstacles with semantic weights made it possible to take into account not only the
geometry of objects, but also their type and level of risk, which increased the adaptability and predictability of the robot's
behavior in HRC scenarios. Control and planning parameters, in particular k£, =2.7, w, =2.0 rad\s, v, =0.95m\s,
A grid resolution of 0.20 m and differentiated inflation of obstacles and walls ensured the reproducibility and stability of
the algorithm under stochastic disturbances. The results confirm the effectiveness of combining global and local planning
with semantic fusion of sensor data to improve the safety and reliability of mobile platforms in complex dynamic envi-
ronments. The developed method is suitable for use in Industry 5.0 collaborative robotics systems, autonomous intra-shop
logistics, service robots in public spaces, as well as in mobile robotic platforms for civil security and emergency rescue
robots, where adaptability, predictability, and safe interaction with humans are critical.
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