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Abstract: This paper proposes an EDGE method for the
identification and trajectory prediction of dynamic objects for a
mobile robot based on YOLO26n, which integrates local object
detection, estimation of object positions and motion parameters,
short-term trajectory prediction, and assessment of potential
collision risk. The numerical simulation results confirmed the
operability of the proposed method: the successful detection rate
reached 96.68%, the position estimation RMSE after filtering was
0.0470m, and the trajectory prediction RMSE for a 2.0s prediction
horizon was 0.3193m. The obtained results demonstrate the
potential of the proposed method for local analysis of dynamic
environments and early detection of potentially hazardous
interactions between a mobile robot and moving objects.
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. INTRODUCTION

The rapid development of autonomous mobile robots and
their application in dynamic environments necessitate the
development of highly efficient methods for the local
identification of moving objects, estimation of their motion
parameters, and real-time prediction of possible trajectories.
The use of EDGE Computing technology in combination
with the YOLO26n neural network model enables video
stream processing directly on the onboard computing
platform of a mobile robot, thereby reducing data
transmission latency and the dependence of the control
system on external cloud resources. Of particular relevance
is not only the identification of dynamic objects but also the
estimation of their wvelocity and direction of motion,
followed by short-term trajectory prediction, which enables
early assessment of potential collision risks and adaptation
of the robotic platform’s motion. Therefore, the
development of an EDGE Method for Identification and
Trajectory Prediction of Dynamic Objects for a Mobile
Robot Based on YOLO26n is a relevant scientific and
applied task aimed at improving the autonomy,
computational responsiveness, and operational safety of
mobile robotic systems in dynamic working environments.

I1. DEVELOPMENT OF THE EDGE METHOD FOR
IDENTIFICATION AND TRAJECTORY PREDICTION

To ensure the autonomous operation of a mobile robot
in a dynamic environment, it is necessary to implement
sequential detection of moving objects, determination of
their motion parameters, and prediction of their future
positions directly on the onboard EDGE platform. The
proposed EDGE method involves processing a sequence of
video frames to generate data on the object class,

coordinates, and detection confidence, which are
subsequently used to estimate its dynamic state and predict
its motion trajectory. The initial stage of the method
involves local detection and determination of the spatial
position of objects in the current frame, which is described
by the YOLO26n-based EDGE model for dynamic object
identification.

YOLO26n-Based EDGE Model for Dynamic Object
Identification. At the first stage, the video frame acquired
by the mobile robot’s camera is processed locally on the
EDGE device using the YOLO26n model. For each
detected object, the following vector is formed:

D = [ciPits Xier Yiier Wie» P ] 1)
D; = NMS(fyoro26nU¢; ©), Tc, Troy) 2

ne: I, - the current video frame at time t; fyoLozen -
YOLO26n inference function; © - neural network
parameters; c; — class of the i-th object; p;, - detection
confidence; x;.,y;, - bounding box center coordinates;
Wi, h; e - its width and height; . - minimum threshold
confidence; 1,y - 10U threshold for NMS.

Models 1-2 describe the local identification and
determination of the spatial position of dynamic objects
without transmitting the video stream to a cloud system..

Object State and Motion Parameter Estimation Model.
For trajectory prediction, determining only the object’s
position is insufficient. Therefore, a dynamic state vector is
formed for each object::

Xie =[x Yie Vet Uy,i,t]T (3)

where the velocity components can be determined from
a sequence of detections:

Xit~Xit—1 _ Vit~ Vit-1
Uxit = a0 Jit = AL (4)

The velocity magnitude and direction of motion are
determined as follows:

— |2 2
Vie = [Veie T Vyie

Pir = (5)
atan2(Vy,; ¢, Vyir)

Ie: x;.,Y;e - current coordinates of the object center;
Xit-1,Yi¢—1 - coordinates in the previous frame; At - time
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interval between frames; v, ; ., v,,; . - velocity components;
v, - estimated velocity; ¢, , - direction of motion.

Models 3-5 transform the results of sequential
YOLO26n detections into the motion parameters of a
dynamic object required to predict its future position.

The Dynamic Object Trajectory Prediction Model is
designed for short-term EDGE-based prediction and can
employ a constant-velocity kinematic model that does not
require significant computational resources.:

f’i(t +1) = [J?i (t+ ‘L')] _ Di_t + vx_i_t‘[] (6)

Vit +1) it T VyitT

Accordingly, the predicted trajectory is defined by the
following set:

3 ={Pc+n)}", W

ne: X;,y; - predicted object coordinates; 7 - prediction
horizon from the current time instant; N, - number of
predicted points; T; - predicted trajectory of the i-th object.

Models 6-7 describe the short-term prediction of the
future position of a detected object without using
computationally intensive LSTM/Transformer models,
which is particularly important for Raspberry Pi and other
EDGE platforms..

The Mobile Robot-Dynamic Object Collision Risk
Assessment Model is designed to directly relate the
predicted trajectory to the motion safety of the mobile robot.
The minimum predicted distance between the robot
trajectory Py and the object is determined as follows::

ap = min [P +0) = Pat + ), ®

Then, the normalized risk indicator can be expressed in
a compact form as follows::

min

R =pyexp(-4=) 0 R <1 ©)

and the overall risk for the mobile robot:

R(t) = max R; (10)

Jle: d™™ - minimum predicted distance between the
robot and the i-th object; P, - predicted position of the
mobile robot; d; - specified safe distance; p;, - confidence
YOLO26n; R; - risk associated with a specific object; R(t)
- maximum current collision risk.

Models 8-10 enable the transformation of trajectory
prediction results into a quantitative risk indicator, which
can subsequently be used by the control system to reduce
speed, apply braking, or modify the trajectory of the mobile
robot.
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111. NUMERICAL MODELING AND ANALYSIS OF
THE OBTAINED RESULTS

The purpose of the numerical simulation is to verify the
operability and adequacy of the developed EDGE method
for the identification and trajectory prediction of dynamic
objects for a mobile robot based on YOLO26n under
conditions of changes in the object’s velocity and direction
of motion, the presence of identification errors, and possible
short-term missed detections. The expected simulation
results include stable identification and estimation of the
coordinates and velocity of a dynamic object, short-term
prediction of its trajectory, and timely assessment of the
potential collision risk with the mobile robot, while the
adequacy of the method is evaluated using position RMSE
and MAE, velocity RMSE, trajectory prediction RMSE and
MAE, the successful detection rate, and the minimum
predicted distance. The simulation is performed over a
period of 30 s with a time step of 0.1 s, a prediction horizon
of 2.0 s, and a prediction step of 0.1 s; to simulate YOLO26n
detection results, a confidence threshold of 0.50, a
coordinate error standard deviation of 0.045 m, and a
missed-detection probability of 0.03 are used. To
investigate the state estimation process, the position
filtering coefficients are used a,,; = 0,65 and velocity
Qyer = 0,25, while risk assessment is performed for a
specified safe distance dg = 1,5m and the potential
collision radius d, = 0,45m, which makes it possible to
investigate the performance of the proposed method under
different relative motion scenarios of the mobile robot and
the dynamic object.

The obtained simulation results are presented in Figures
1-8.

gl —— True Object Trajectory
YOLO26n Detection
g, Estimated Object Trajectory
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Figure 1 - Dynamiganbmject Identification and
State Estimation

The results presented in Figure 1 show that the estimated
trajectory practically coincides with the actual trajectory of
the dynamic object, while the YOLO26n detection points
exhibit only minor deviations from it. This confirms the
ability of the proposed EDGE method to robustly estimate
the spatial position of the object even in the presence of the
specified coordinate error ¢ = 0,045m and the probability
of missed detection 0,03.
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Figure 2. — Dynamic Object Speed Estimation

Figure 2 shows that the actual velocity of the dynamic
object varies from approximately 0.35 to 0.57m/s during the
simulation, while its estimated value exhibits short-term
fluctuations within the approximate range of 0.1-0.75m/s.
Nevertheless, the estimated velocity generally follows the
changes in the actual velocity, while the quantitative
estimation error is RMSE=0.1218m/s, confirming the
operability of the dynamic state estimation model..
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Figure 3. — Short-Term Dynamic Object
Trajectory Prediction

The results presented in Figure 3 show that the trajectory
segments predicted over a 2.0s horizon generally
correspond to the subsequent direction of the actual motion
of the dynamic object, including sections where its velocity
and direction change. Quantitatively, the prediction
accuracy is characterized by RMSE = 0.3193m, MAE =
0.2797m, and a maximum error of 0.9141 m, with the
largest deviations occurring, as expected, near the moments
when the motion parameters change.
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Figure 4. — Dynamic Object Collision Risk
Assessment

Figure 4 shows that the calculated collision risk initially
increases from approximately 0.03-0.05 to a maximum
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value of 0.4719, which is reached approximately within the
14-17s interval, after which it gradually decreases to
approximately 0.11 by the end of the simulation. The
maximum risk remains below the established high-risk
threshold. R = 0,6m, and the minimum predicted distance
between the mobile robot and the object is 0.8064 m, which
exceeds the specified potential collision radius. d. =
0,45m.

1. YOLO26n EDGE identification

: 96.68 %
: 0.8912

: 0.0652 m
: 0.0578 m

Detection rate

Mean confidence
Detection position RMSE
Detection position MAE

Figure 5. — YOLO26n EDGE identification

The results presented in Figure 5 show that, under the
simulated errors and short-term missed detections,
YOLO26n achieves a 96.68% successful detection rate with
an average confidence value of 0.8912. The position
estimation error is characterized by RMSE=0.0652m and
MAE=0.0578m, indicating only a small deviation of the
EDGE identification results from the specified actual
position of the object.

2. Dynamic state estimation
Position estimation RMSE : 0.0470 m
: 0.0420 m

: 0.1218 m/s

Position estimation MAE
Velocity estimation RMSE

Figure 6. — Dynamic state estimation

Figure 6 shows that, after filtering the detection results,
the position estimation error decreases to RMSE=0.0470m
and MAE=0.0420m, meaning that the position RMSE is
reduced by approximately 27.9% compared with the direct
YOLO26n detection results. At the same time, the velocity
estimation RMSE is 0.1218m/s, indicating a higher
sensitivity of velocity estimation to coordinate noise and
discrete differentiation..

3. Trajectory prediction

: 2.00 s

: 0.3193 m
1 0.2797 m
0 0.9141 m

Prediction horizon
Prediction RMSE
Prediction MAE

Maximum prediction error

Figure 7. — Trajectory prediction

The results presented in Figure 7 show that, for a
prediction horizon of 2.0s, the mean absolute error of the
predicted position is 0.2797m, while the root mean square
error is 0.3193m, and the maximum short-term deviation
reaches 0.9141m. The obtained values indicate that the
kinematic model provides effective short-term trajectory
prediction; however, the prediction accuracy decreases
when the object changes its velocity or direction of motion,
which is consistent with the assumptions of the constant-
velocity model.
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Figure 8. — Collision risk

Figure 8 shows that the maximum predicted risk level is
0.4719, while the minimum predicted distance between the
trajectories of the mobile robot and the dynamic object is
0.8064m. Since this distance exceeds the specified potential
collision radius of 0.45m by approximately 0.356m, no
direct collision is predicted in the simulated scenario
however, the increase in. R(t) allows the EDGE system to
detect the approach in advance and generate information for
adapting the motion of the mobile robot.

IVV. CONCLUSION

This paper presents an EDGE method for the
identification and trajectory prediction of dynamic objects
for a mobile robot based on YOLO26n, which provides
local object detection, estimation of their dynamic states,
short-term trajectory prediction, and assessment of potential
collision risk directly on the onboard EDGE platform. The
numerical simulation results confirmed the operability of
the proposed method: the successful detection rate was
96.68% with an average confidence of 0.8912, the position
estimation RMSE after filtering decreased to 0.0470m,
while for a prediction horizon of 2.0s, the trajectory
prediction RMSE and MAE were 0.3193m and 0.2797m,
respectively. The obtained results confirm the feasibility of
using the developed EDGE method for the early detection
of hazardous interactions between a mobile robot and
dynamic objects and provide a basis for its further practical
implementation and experimental validation on a real
mobile robotic platform..
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