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DEVELOPMENT OF A DECISION-MAKING METHOD FOR TRAJECTORY PLANNING IN AN
UNCERTAIN DYNAMIC ENVIRONMENT FOR A COLLABORATIVE MOBILE ROBOT

This paper addresses the decision-making problem for trajectory planning of a collaborative mobile robot
operating in an uncertain dynamic environment. A risk-aware trajectory planning method based on model predictive
control is proposed, which integrates probabilistic state estimation of the robot and its environment with the prediction
of dynamic obstacle motion and safety constraints. The method relies on the fusion of data from a camera, an inertial
measurement unit, and an ultrasonic sensor, enabling increased robustness and adaptability of trajectory planning under
sensor noise and incomplete information. Numerical simulation results confirm the effectiveness of the proposed
approach in terms of maintaining safety margins, control stability, and goal reachability in complex navigation
scenarios.

Keywords: collaborative mobile robot, trajectory planning, decision-making, Risk-Aware MPC, uncertain
dynamic environment, sensor data fusion, probabilistic navigation.

HEBJIFO/IOB \. III., OMAPOB M. A., EBCEEB B. B., JUKABPAHII3AJIE E. A.
PO3POBKA METOJY NPAMHATTS PIMIEHb IS MOBYJAOBU TPAEKTOPI IEPEMIINEHHS B HEBU3HAYEHOMY
JUHAMIYHOMY CEPEJOBHUINY JUISI KOJIOBOPATIBHOI'O MOBIVIBHOI'O POBOTA

VY crarTi po3risHYTO 3ajady MPUIHSATTS pillleHb Uil MOOYIOBH TPAEKTOPIH MepeMilleHHsT KOIabopaTHBHOrO MOOLIBHOrO poboTa B yMOBaxX
HEBU3HAUCHOTO [MHAMIYHOIO CEpelOBHINA. 3alpOIIOHOBAHO PH3MK-OPICHTOBAaHMH METOJ IUIAHYBAaHHS Ha OCHOBI MOJEIHHO-IPOTHO3YIOUOTO
KepyBaHHs, IO MOEJHYE HMOBIPHICHY OLIHKY CTaHy po0OTa Ta CepelOBHIIA 3 MPOTHO30M PyXy AMHAMIYHHX IIEPEIIKOJ 1 OOMEKEHHIMU Oe3NeKu.
Merton Ga3yeTbest Ha iHTerpamii JaHHX KaMepH, iHepLiaTbHOr0 BUMIPIOBAIBHOTO MOIYJISI Ta YJIbTPa3BYKOBOTO NATYHMKA, IO AO3BOJISIE ITiABHILUTH
CTIHKICTB 1 AJaNTHBHICT TPAEKTOPHOTO IUIAHYBAHHS 32 HAsBHOCTI CEHCOPHUX IIyMiB i HermoBHOI iHdopManii. Pe3ynbTaTi 4iuCenTbHOr0 MOIETIOBaHHS
IATBEPIKYIOTh €(EKTHBHICTh IIJIXOXY 3 TOUKH 30py 30epexeHHs 3amacy Oe3IeKky, cTaOiIbHOCTI KepyBaHHS Ta JOCSKHOCTI I B CKJIAJHHUX
HaBIraliiHUX CHEHAPIsX.

Kuo4oBi cioBa: kosnabopartuBHUI MOOUIBHMI POOOT, IUIAHYBAaHHS TPAEKTOpPid, HpuitHATTS pimens, Risk-Aware MPC, HeBu3HaueHe
JIMHAMIYHE CEepEeOBHILE, 3IIUTTSI CCHCOPHUX JJaHHX, HMOBIpHICHA HaBiramis.

Introduction.

The rapid development of collaborative robots and the Industry 5.0 concept is driving an increase in demand for
safe and intelligent navigation of mobile robots in environments where people, equipment, and moving objects are
simultaneously present [1-5]. In such conditions, classical deterministic trajectory planning methods are insufficient
because they are unable to adequately account for the uncertainty of sensory measurements and the unpredictable
dynamics of obstacles [6-9]. The task of real-time decision-making becomes particularly relevant when the robot must
ensure the reachability of the target while maintaining a guaranteed level of interaction safety [10-13]. The integration
of heterogeneous sensors, such as a camera, inertial module, and ultrasonic sensors, creates additional challenges related
to the processing of noisy and partially incomplete data [14-16]. Therefore, it is important to develop methods that
combine probabilistic assessment of the environment with optimal control based on the prediction of future system
behavior. A risk-oriented approach to trajectory planning allows formalizing safety requirements in the form of
quantitative criteria and constraints, which is critical for collaborative scenarios [17-19]. In this context, the
development of a decision-making method for constructing trajectories in an uncertain dynamic environment is a
scientifically and practically significant task.

The aim of the study.

The aim of the study is to improve the quality of navigation and control parameters of a collaborative robot. This
is achieved by reducing the risk of collisions, increasing safety margins, and improving motion stability in uncertain
dynamic environments. To this end, a special decision-making method is being developed to improve control accuracy
and trajectory planning adaptability. The method takes into account the probabilistic uncertainty of robot localization
and the prediction of obstacle movement. As a result, more reliable and predictable behavior of the mobile robot during
navigation is ensured.

Development of a decision-making method for constructing trajectories in an uncertain dynamic
environment for a collaborative robot.

In the current context of collaborative robotics development, the task of constructing safe and adaptive trajectories
for mobile robots in an uncertain and dynamic environment characterized by incomplete sensory information and the
presence of moving obstacles is of particular relevance [20]. To effectively solve this problem, it is necessary to apply
decision-making methods that combine sensory fusion, robot state estimation, and probabilistic modeling of the
environment. The proposed approach is focused on taking into account measurement uncertainty and environmental
dynamics in order to ensure a higher level of safety and stability of movement in collaborative scenarios of interaction
with humans. The implementation of the method involves the integration of motion models, sensory data, and risk-
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oriented optimization criteria, which forms the basis for building a generalized architecture of a collaborative mobile
robot decision-making system. The general architecture of the method under development consists of five
interconnected blocks, shown in Figure 1.

State of the robot + motion Sensor models (IMU, camera,
dynamics (kinematic/dynamic .| ultrasound) and state estimation
model) g (EKF/UKF)
v
Probabilistic occupancy grid (with Risk-oriented cost function
uncertainty) + dynamic obstacle (security/collaboration/progress)
model >

r

Online decision-making as risk-
aware MPC / stochastic DWA with
chance constraints (probabilistic

constraints)

Figure 1 — General architecture of the method under development

A model of the state of motion and movement for 2D navigation, enabling the representation of a joint description
of orientation, velocities, and slow drifts of the Inertial Measurement Unit (IMU) for stable filtering and prediction in
the form of the next state vector.

X = [0 Y v Wi bo g bg.r'\']r 1)

Where: x, y - coordinates of a robot in a global coordinate system (CS); 1 - yaw in global CS; v - linear speed
(along the hull axis); w - yaw angular velocity; b, - accelerometer bias; b, - gyroscope bias along the yaw axis.

We will construct a discrete kinematic model of a mobile robot based on the unicycle model [21], which makes it
possible to predict the state at a step At under the action of controls (acceleration and angular acceleration) taking into

account process noise:

Xpp1 = X + vpcosip At +w
Vo =V, + mpsimp At + w
Yooy =W, T WAt +wy, 2)
Vg1 = Vg + @A+ Wy

Wiy = Wi + apAt+wy,

Where: At - discrete integration step; a; - controlling linear acceleration or velocity increment; a;. - steering angle
acceleration or increment; w; W, Wy, Wy, Wy, Wy, - Process noise (simulates slippage, unknown disturbances, model

inaccuracy).
The IMU drift model reflects the slow change in MPU-6050 offsets [22], which is critical for stable yaw and

speed.
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boge1 = by + Wpak

©)

bg.r'\'+l = bglll‘. + ng.r'\'

Where: b, , - accelerometer offset at step k, which reflects systematic error in acceleration measurement and
affects the estimation of linear velocity and position of the robot; b, ;.. - the predicted value of the accelerometer offset
at the next time step, used in the state estimation filter; b, - gyroscope drift at the step k, which characterizes the

systematic error in measuring angular velocity and leads to the accumulation of orientation error; b predicted

gk+1 "~
value of gyroscope offset at the next time step; wqz, wy,p - random walk noise (their dispersion determines the

“speed” of drift) for the accelerometer and, accordingly, for the gyroscope.
Sensor models and data fusion using the Extended Kalman Filter (EKF) will be presented in the general form of
measurements [23]:

z, = h(x,) + v, v,~N(0,R) 4)

Where: z; - measurement vector; h(-) — measurement model; ¥; — measurement noise; R - covariance of

measurement noise.
The MPU-6050 gyroscope model provides a stable short-term forecast 1 through wr, but with drift compensation:

27 = w, + boi+ v? (5)
Where: z9) - yaw gyroscope measurement; v'9’ - gyroscope noise (white).
The MPU-6050 accelerometer model provides correction v (by integrating acceleration) and detection of
maneuvers or stops. In reality, the accelerometer is sensitive to vibrations, so its noise is set higher.

(@) body ()

zZ, =ag  +byt+v (6)

body

Where: 2% - accelerometer measurement (along the axis of motion); a”°* - true acceleration in the CS hull; v® -

accelerometer noise.

We describe the Visual-Inertial Odometry (VIO) [24] or Visual Odometry (VO) [25] camera as a “pseudo-
measurement” of position and orientation increment, the camera provides a “geometric” correction to the drifting IMU,
reducing position error. The most convenient thing in numerical modeling is to set increment measurements:

Al X=X
Zi’.w:l: Ay | _ Ve —Yiy +v(.":°:' o

e I
l\

E\TPED I,IJ'.\_ —I,Ir".\__l

Where: zi_wj - vector of visual odometry measurements at step k, containing estimates of increments in the

position and orientation of the robot between two consecutive moments in time;
AxVe, Ayve 1hve - estimated by visual odometry, the increase in the robot's coordinates along the axis x and v, and,

respectively, the robot's yaw, obtained from the analysis of a sequence of images or VIO; xy, V- coordinates of the
robot's position in the global coordinate system at step k; x;_y, ¥, _, - coordinates of the robot's position at the previous
time step; P, - orientation work in a global coordinate system at a step k; Y- orientation work at the previous time

step; v'*?) - VO/VIO noise increases in poor lighting or texture.

The HC-SR04 model [26] describes the distances to the nearest obstacle along the beam, providing reliable close-
range safety (stop/detour), even when the camera “does not see” the obstacle due to flickering or glare. Let the
ultrasonic beam be directed along 1, or with a fixed offset §:

() ()

z, = r(xg, M) + v (8)
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Where: z* - range measurement; § - angle of sensor offset relative to robot axis; M, - current occupation map;
v - ultrasound noise (the model can use Gaussian or mixed noise); r(-) - ray-casting from the position of work in the

direction ¢, + & to the first occupied cell of the map M.
The state filter is presented in the standard EKF form, which provides not only a state estimate but also uncertainty
P, which then translates into risk limitations for the planner:

- forecast:
Xiio1 = FRioyor, Ui1)
P =F.P FL ©)
k-1 = FrProqe1Fx + Q@
- correction for each sensor:
¥, = Zp — h@.'.-u—l)
5.!\- = Hr'\."Pr'\.||'\—lH£+ R;
Ky = Py HESE (10)
Xy = X + Ky,
P'I‘.lll‘. = (f - Kr'\'Hr'\')Pr'\'H'—

Where: X - condition assessment; P - covariance of estimation error; f(-) - process model of movement; u —

a
control [a,a] or [v, w] depending on implementation; £ =a—i - Jacobian of the process model; @, - process noise

. ah . . . .
covariance; H;, = Pl Jacobian of measurement model; Rj, - covariance of measurement noise; K - Kalman matrix; y,

— innovation; S - innovation covariance.
Let's build a probabilistic model of the environment map, taking into account uncertainty and dynamics.

Employment grid in logarithmic coefficients:
- for each cell ¢:
()

1—p,.(0) (1)

L (c) = log

- updating:

L(e) = 1, (c) + log % —Iy(c) (12)

- backward step:
1

L+ exp(— () (13)

p,(c) =

Where: p, (c) - probability that a cell is occupied; Iy () — occupation log-odds; L, (€) - a priori log-odds; p(z, |c) -
plausibility model of measurement if the cell is occupied; p(z;|~c) - plausibility model of measurement if the cell is

free.
Inflation of obstacles taking into account position uncertainty (safety dilation). Let the position error with EKF

have covariance P, (2 x 2). Let's take the “radius of uncertainty”:

r=k f‘q'max(a:y) (14)

and safe radius:
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Tst:fg = Tpghor T 7+ Tmm'gfr: (15)

Where: P.., - covariance submatrix for (x, ¥); 4,45 - the most significant meaning; k - confidence coefficient (e.g.,

2...3 fOI‘ 95799%), T?'Dboﬁ' - I'ObOt'S radlusy Tmml'g{';lg

Let's describe the dynamic obstacle model as a prediction of the position of moving objects (people/other robots)
to assess the risk of collision in the future horizon. For each obstacle, let's introduce a state:

- additional reserve for collaboration, people, or map inaccuracies.

o, = Byl (16)
- obstacle movement model:
1 0 At O
Ofuy = A0} +w, a=|0 1 0 4f (17)
0 0 0 1

Where: 0{.;.+l - predicted state of the j -th obstacle at the next time step; A - state transition matrix that implements

a uniform linear motion model and describes the relationship between the position and velocity of an obstacle in
discrete time; »/, 3/ - spatial coordinates of the obstacle in the plane of motion; 17, +, - projections of the linear velocity

of the obstacle along the axes x and vy; w’ - vector of process noise that models uncertainty and unpredictable changes

in obstacle movement (maneuvers, stops, changes in direction) that are not described by a deterministic model.

Observation of obstacles from the camera (2D detection — position), i.e., the camera provides tracks and/or
detection, from which we evaluate moving objects in the working area of the mobile robot. We suggest using direct
measurement of the obstacle's position. Direct measurement of the obstacle's position is a method of observation in
which the coordinates of a moving obstacle are determined directly in the surrounding space based on sensor data (e.g.,
camera or lidar) without the need to integrate velocities or accelerations. In this case, the measured value immediately
corresponds to the position of the object in the global or local coordinate system and is used to correct its state in the
estimation filters.

+ 7 (18)

Where: ¥ - measurement noise, depends on distance, occlusions, FPS.

We consider the collision risk as a random variable of the distance to obstacles. Let the predicted position of the
robot p, = [x, y',‘_]rhave covariance P, and the position of the obstacle pj have covariance P),. Consider the

Iy

relative vector:

=&—.

=p, P, (19)

T
l\ 1

Where: d“' - the vector of relative position between the mobile robot and the j -th obstacle at step k, which is used
to estimate geometric proximity and collision probability; p, - the position vector of the mobile robot in the global
coordinate system at step k, which is determined based on the fusion of sensor data and has associated uncertainty; p' -

the position vector of the j -th obstacle in the global coordinate system at step k, obtained from sensor measurements or
models for tracking moving objects and also characterized by estimation uncertainty.

Let us introduce a randomness constraint on safe separation to guarantee safety with a given probability:

P(|d}]| = riae) = 1—¢ (20)

Where: P(-) - probability operator reflecting the stochastic nature of estimates of the position of the robot and
obstacles; Hd"

- Euclidean norm of the relative position vector between the robot and the j -th obstacle at step k,
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which corresponds to the actual geometric distance between them; r, ., - safe radius, which determines the minimum

permissible distance between the robot and the obstacle, taking into account the robot's dimensions; € - acceptable
collision risk level, which sets the maximum probability of violating the safe distance and reflects the compromise
between safety and maneuverability; 1 — e - the minimum acceptable probability of maintaining a safe distance that
ensures the necessary level of reliability and safety of mobile robot movement in an uncertain dynamic environment.
Let us introduce a cost function that makes it possible to determine a formal criterion for selecting the optimal
trajectory of a mobile robot and is used to quantitatively evaluate all possible control options. It is necessary to
reconcile the achievement of the target position with safety requirements, smoothness of movement, and dynamic
constraints, allowing us to choose a solution that minimizes the risk of collisions and ensures the effective movement of
the robot in an uncertain dynamic environment. We plan the trajectory mw = {u, ..., uy_4} On the horizon N. The risk-

oriented value model looks like this:

N

J(m) = Z (W_q [IPss1 = Pgoorl I + Wl [t ioa|1* + Wag [ [tgs i1 — s 2|12 + Wi CrnapPrsi) + WaCpm (Pe+i))
=1

1
)

Where: j(m) - total cost of the trajectory m, which quantitatively assesses its feasibility and is used to select the
optimal direction of movement; i - sequence of control actions of the robot on the planning horizon; N - planning
horizon, which determines the number of future steps at which the quality of the trajectory is assessed; i - the prediction

step index within the planning horizon; Piii” the predicted position of the mobile robot at step k + i; Pgoar - the goal

position of the robot in the global coordinate system; Wy - the weight coefficient, which determines the importance of
minimizing the distance to the target and stimulates movement in the direction of the specified goal; tt;;; - robot
control vector at step k + i — 1 (linear and angular velocity or corresponding acceleration); w,, - weight coefficient that
limits the magnitude of control actions and prevents overly aggressive movement; u;..; » - control at the previous step,
used to evaluate control changes over time; w,, - a weighting coefficient that is responsible for the smoothness of
movement and reduces sharp changes in control signals; C,,., (p',\_ﬂ.) - a penalty function that reflects the risk of
collision with static obstacles based on a probabilistic map of the environment; w,, - a weighting coefficient that
determines the priority level of avoiding static obstacles; C;,.,(p, ,.) - a penalty function associated with the risk of

collision with dynamic obstacles (people or other moving objects); w - a weighting coefficient that sets the importance

of safe interaction with the dynamic environment in collaborative scenarios.
Let's describe the penalty as very expensive trajectories passing through “probably occupied” areas. Let's take the
probability of occupancy at a point (from cell interpolation):

C?J!ﬂp (p) = —log(1 — Do (p) + 5})) (22)

Where: C,,,., (p) - the penalty function value of the map, which reflects the risk level of the robot moving through

a point p and is used in the cost function to avoid dangerous areas; p - the position of the mobile robot in space (two-
dimensional coordinates in the global coordinate system), for which the risk of collision with static obstacles is
assessed,; pm(p) - the probability of space occupancy at point p, obtained from a probability map based on sensor
data; 1 — p,..(p) - the probability that the corresponding point in space is free for the robot to move; &, - a small
additional regularization parameter that prevents logarithmic singularity at pm(p) — 1 and ensures numerical stability

of the calculations.
Let's describe the penalty for dynamic obstacles to make trajectories that violate probabilistic safety impossible (or
very expensive):

(23)

;
Cd}'r: (pll\-+f) = Z ¢ | |ﬂ(P,\.+E— - P{.H) ‘ ‘ — Tsafe — 1], ‘qnu:_r(Z D)
k+i
>

Where: €g,,,, (p,_ﬂ_) - a dynamic safety penalty function that quantitatively assesses the risk of a mobile robot
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colliding with moving obstacles at a predicted point on its trajectory; Pi.- predicted position of the mobile robot at the
step k+ i of the planning horizon; p{,ﬂ - predicted position of the j —th dynamic obstacle at step k + i

1t(Pys; — PL,,) - mathematical expectation of the relative position vector between the robot and the j —th obstacle,
taking into account the stochastic estimation of their states; ||u(-)|| - Euclidean norm of the mean value of the relative
vector corresponding to the expected distance between the robot and the obstacle; ., - safe radius, which determines

the minimum permissible distance between the robot and a dynamic obstacle, taking into account the dimensions and
requirements of collaborative safety; n, - reliability coefficient associated with a specified acceptable level of risk &,

which scales the impact of uncertainty on the safety zone; E{.;.HI - total covariance matrix of relative robot position and

j-th obstacle at stage k + i (where I = 1); fﬂ,,m@i +i1) - quantitative measure of spatial uncertainty of mutual

position; ¢ (-) - A barrier or penalty function that sharply increases the value when approaching a dangerous zone and

makes violations of safety conditions unacceptable from an optimization point of view.
An example of a barrier function:

s=>10

1
p(s) =4(s+68.)¥ (24)

—+on, s=0

As a decision-making principle, we will choose the Risk-Aware Model Predictive Control (Risk-Aware MPC)
method [27-29], in which the control of a mobile robot is formed by solving an optimization problem on a finite
prediction horizon, taking into account the dynamics of the robot, control constraints, and probabilistic safety
conditions. At each time step, possible motion trajectories are predicted, the risk of collision is assessed, taking into
account the uncertainty of the state and environment, after which only the first control action is performed with
subsequent updating of the estimates. This approach was chosen for Python modeling because it is easy to implement
numerically, integrates naturally with probabilistic models and state filters, and allows flexible changes to safety and
optimality criteria without losing model generality. As a result, the optimization problem at each step will be as follows:

min J(m) (25)

Wy p+N—1
at conditions:

Xppirr = [(XppUpyy)
Upin = L0 = gy (26)
P(collisionatk+1i) <€

Where: x;..; - the state vector of the mobile robot at a step & + i, which describes its position, orientation, and
dynamic characteristics; x.;, - the predicted state of the robot at the next time step of the planning horizon; f(-) - the
robot's motion model, which determines the evolution of its state over time depending on the current state and applied
control; uy,; - the robot's control vector at the step k + i (speed or acceleration), which is an optimization variable;
U,.; - the lower control limit, which reflects the physical and operational limitations of the robot's drives; ,,,. - upper
control limit, which limits the maximum permissible values of control actions; P(collision at k + i) - probability of
collision of a mobile robot with obstacles at the planning horizon step k + i; € - permissible collision risk level, which

sets the maximum probability of safety conditions being violated.
Together, these 26 conditions ensure the physical feasibility of the robot's movement and guarantee compliance
with the specified safety level in an uncertain dynamic environment.

4. Numerical modeling and analysis of the results obtained
The purpose of this experiment is to numerically verify the effectiveness of the risk-aware decision-making
method (Risk-Aware MPC) for constructing the motion trajectories of a collaborative robot in an uncertain dynamic

environment using VO/VIO camera sensors, MPU-6050 (IMU), and HC-SR04. The task is to ensure the safe movement
of the robot from the initial state (xg, g, %9)=(1.0m,1.0m,30°) to the target (x,, y,;)=(9.0m,9.0m) in an environment of
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size 10 x 10m with a map discretization of 0.1 m/cell. To model localization uncertainty, an EKF with a starting state
estimate  (x,v,1) ®(1.10m,0.95m,30°+0.08rad) and initial covariance P, = diag(0.20%, 0.20%(10°2,0.30?,

0.302,0.20%,0.10%) is used. The input data of the environment are static obstacles in the form of circles with centers and
radii  (3.0,5.5,0.55),(6.2,4.0,0.65),(6.8,7.6,0.55),(4.5,2.5,0.55)m as well as two dynamic obstacles with states
[x, ¥, vy, v,]=[2.0,8.5,0.45,-0.15] Ta [8.5,2.0,-0.25,0.35] and effective radius 0.25m. The time parameters of the model

are set as At = 0.1s, duration T = 28s (280 steps), planning horizon MPC N = 16 and the number of candidate

controls per step ng,,;s = 240. Restrictions on control are defined as v € [0,0.8] m\s and w € [—1.2,1.2] rad\s, and

the risk-oriented safety zone is formed with parameters 7,50 = 0.22m, r = 0.22m, k = 2.5, n = 2.0at the

margin
conceptual level of risk ¢ = 0.03 and uncertainty of obstacle detection &,;; = 0.18m. The following noise statistics are
specified for the sensors: for the gyroscope R, = (0.103].2 (rad\s)?, for VO increments

R,, = diag(0.042,0.042,(2°)%), and ultrasonic measurement has a range Tpgx = 3.0m and noise @, &~ 0.02m. The
criterion of optimality is determined by the weights of the cost function w, = 6.0, w,, = 0.15, wy, = 0.35, w, = 2.0,

w; = 6.0, which provides a compromise between achieving the goal, energy consumption, smooth control, and

penalties for the risk of collision with static and dynamic obstacles. Thus, the given numerical input data completely
determines the experiment for evaluating the goal reachability, safety margin, localization accuracy, and stability of
Risk-Aware MPC in Python simulation.

Description of hardware for conducting the study: Microsoft Surface Pro 9 with the following parameters: CPU
Deca-core Intel Core i7-1255U (1.7 — 4.7 GHz), GPU Iris Xe Graphics, RAM 16Gh, SSD 512.

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

Development environment for the program for numerous modeling PyCharm 2025.1.1.1 and programming
language Python 3.13.7

The results of numerical modeling of the decision-making method for constructing trajectories of movement in an
uncertain dynamic environment for a collaborative mobile robot are presented in Figures 1-6.

Robot Trajectory (True vs Estimated)

) f

O

y [m]

True path

—— Estimated path
Start

Goal

0 T T T T T T
0 2 4 6 8 10

X [m]

Figure 1- Robot Trajectory (True vs Estimated)

The Robot Trajectory (True vs Estimated) graph (Fig. 1) shows that the estimated path generally reproduces the
shape of the true path and practically coincides with it in the initial and middle sections, which indicates the correct
operation of sensor fusion and motion prediction. After passing the middle of the route, the discrepancy gradually
increases, and near the finish section, there is a noticeable systematic shift in the estimate relative to the true path of
approximately 0.5-1.0 m, which is a typical manifestation of the accumulation of localization errors in conditions of
uncertainty and dynamics. At the same time, both trajectories remain consistent with the global direction of movement
towards the target and demonstrate safe passage between obstacles without sharp maneuvers, i.e., planning is stable, and
the estimation error mainly affects the accuracy of the final positioning rather than the overall reachability of the route.
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Safety Metrics Over Time
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Figure 2 - Safety Metrics Over Time

The Safety Metrics Over Time graph (Fig. 2) shows that the minimum clearance to static and dynamic obstacles
varies widely, from approximately 0 to 3 m, reaching its lowest values in the middle of the trajectory, where the robot
passes through the densest area of the environment. The adaptive safety radius r, fe is maintained at an almost constant

level of about 0.5 m, which indicates a stable assessment of localization uncertainty and the correct operation of the
risk-oriented safety mechanism. For most of the time interval, the minimum clearance exceeds r,i.e., the conditions

of probabilistic safety are met, while short-term approaches to the limit values reflect forced maneuvers in a confined
space. The sharp drop in clearance at the end of the simulation corresponds to the completion of movement in the
vicinity of the target or contact with the map boundary and does not indicate instability of the planning algorithm, since
the safety margin is generally maintained during the active phase of movement.

State Estimation Error Over Time
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Figure 3 - State Estimation Error Over Time

The State Estimation Error Over Time graph (Fig. 3) shows a gradual increase in position estimation error from
initial values of around 0.1-0.2 m to approximately 1.8-1.9 m at the end of the simulation, which quantitatively
indicates the accumulation of drift during prolonged movement in a dynamic environment. At the same time, the course
orientation error remains significantly smaller and fluctuates within approximately 0.2-0.45 rad without monotonic
growth, which indicates effective yaw correction due to IMU and visual odometry. Qualitatively, this means that the
sensor fusion system stably maintains the robot's orientation, while the main source of inaccuracy is related to the
gradual degradation of positional estimation. Despite the increase in positional error, its magnitude remains acceptable
for the global planning task and does not lead to the loss of decision-making algorithm performance.
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1e7 Optimization Cost Over Time
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Figure 4 - Optimization Cost Over Time

The Optimization Cost Over Time graph (Fig. 4) shows a sharp increase in the optimization function value to the
order of 8-107 at the early stage of movement, which numerically indicates the presence of a complex environment
configuration with high penalties for risk and proximity to obstacles. After overcoming this critical section, the cost
quickly decreases to almost zero, indicating that the robot has entered a freer zone and the planning process has
stabilized. At the end of the simulation, there is a repeated increase in cost to a level of about 107, which qualitatively
corresponds to the convergence with the target area or the boundary conditions of the map, where the goal achievement
time dominates. In general, this dynamic confirms that Risk-Aware MPC correctly identifies dangerous situations and
adaptively changes control, concentrating high values of the cost function only in critical phases of motion.

Control Commands Over Time
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Figure 5 - Control Commands Over Time

The Control Commands Over Time graph (Fig. 5) shows that the linear velocity is mainly maintained in the range
of approximately 0.4-0.8 m/s without sharp jumps, which numerically indicates the stable forward motion of the robot
along the trajectory. The angular velocity changes much more intensively and fluctuates within the range of
approximately —1.2-1.2—1.2...1.21.21.2 rad/s, which qualitatively corresponds to active corrective maneuvers to avoid
obstacles and compensate for uncertainty. This difference in control behavior means that Risk-Aware MPC keeps the
forward motion as uniform as possible, shifting the main adaptation to rotational maneuvers. Overall, the commands
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obtained confirm an adequate compromise between maneuverability and smoothness of motion, which is necessary for
safe navigation in a dynamic collaborative environment.

=== Risk-Aware MPC Simulation Results ===

Total steps: 280, dt: 0.100 s, horizon N: 16, samples/step: 240
Goal: (9.00, 9.00)

Reached goal: False

Path length: 14.812 m

Final distance to goal (true): 2.488 m

Final distance to goal (estimate): 2.961 m

Min clearance (static/dynamic): 0.060 m

Mean clearance: 0.963 m

Mean position estimation error: 0.782 m

Max position estimation error: 1.839 m

Mean yaw estimation error: 0.260 rad

Max yaw estimation error: 0.443 rad

Risk parameter eps (conceptual): 0.030 (implemented via eta_eps=2.00)

Figu
e 6 — Numerical simulation results

The numerical results obtained (Fig. 6) show that the mobile robot traveled a distance of approximately 14.8 m in
280 simulation steps with a step size of 0.1 s, but did not reach the exact target, maintaining the final distance to it at
approximately 2.7 m for the true state and 3.0 m for the estimated state. The average clearance of almost 1.0 m confirms
that in most cases the movement took place with a sufficient safety margin, although the minimum value, tending to
zero, indicates short-term critical approaches to obstacles or boundaries of the environment. The average position
estimation error of 0.78 m and the maximum of approximately 1.84 m quantitatively reflect the accumulation of
localization uncertainty during prolonged movement, which directly affected the accuracy of the final positioning. At
the same time, the orientation estimation error remains moderate, not exceeding 0.44 rad, which qualitatively confirms
the effectiveness of combining IMU and visual odometry for course stabilization. The difference between the true and
estimated distance to the target at the end of the movement demonstrates the impact of localization error on the
planner's decision-making. Overall, the results show that Risk-Aware MPC provides safe and stable movement in an
uncertain dynamic environment, but achieving the target with high accuracy requires additional localization correction
or terminal control mechanisms.
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Conclusions.

The results of the study show that the developed risk-oriented decision-making method based on Risk-Aware
MPC ensures stable and safe formation of trajectories of a mobile collaborative robot in an uncertain dynamic
environment with incomplete and noisy sensory information. Numerical modeling confirmed the method's ability to
adaptively account for the uncertainty of localization and obstacle movement through the integration of EKF, a
probabilistic map of the environment, and the prediction of dynamic objects, which allows maintaining an acceptable
safety margin throughout the entire movement. The results show that even with the accumulation of positional
localization errors, the algorithm does not lose its performance and maintains global route reachability. Analysis of the
cost function and control actions showed that the planner correctly identifies critical areas with increased risk and
compensates for them through maneuverability without sudden changes in linear velocity. It was found that the main
limiting factor for the accuracy of reaching the target is the degradation of the position estimate, which indicates the
feasibility of further development of terminal control or improved localization methods. In general, the proposed
approach confirms the effectiveness of combining probabilistic modeling and MPC for safe navigation tasks. The
developed method can be applied in collaborative robots for industrial logistics, service robotics, autonomous transport
platforms in production workshops, as well as in robots that interact with people in dynamic and weakly structured
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