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ABSTRACT

Context. The problem of accurately predicting human movement in an environment is critical for applications in monitoring,
search, and navigation systems. Existing approaches often struggle to integrate spatial and temporal dynamics of trajectories while
processing real-time video streams.

Objective. The goal of this work is to develop a deep learning-based framework capable of predicting human motion by
combining object-level features and spatio-temporal trajectory information extracted from video streams.

Method. The proposed method integrates YOLO11 for object detection, which extracts coordinates, velocity, movement
direction, and position relative to the environment. A graph neural network models local and global relationships between
environment nodes, aggregating features while considering terrain structure and obstacles. Spatio-temporal attention highlights the
most relevant moments in the trajectory, enhancing prediction accuracy. The model processes sequences of frames from video
streams to predict subsequent positions of each tracked object in real time.

Results. Experiments on video sequences with varying motion scenarios, trajectory lengths, and speed variations demonstrated
high prediction accuracy. The proposed method effectively integrates spatial and temporal features, outperforming baseline models in
tracking and motion prediction tasks.

Conclusions. The results confirm that the proposed deep learning framework is suitable for real-time human motion prediction in
complex environments. Future research may focus on extending the approach to multi-agent scenarios, optimizing computational
performance, and testing on larger and more diverse datasets.

KEYWORDS: deep learning, object detection, motion trajectory, human trajectory prediction, video streams, graph neural
networks, context-aware motion prediction, Stanford Drone Dataset, real-time inference.

ABBREVIATIONS YOLO is a You Only Look Once.
AGTFTI is an adaptive graph transformer;
AP is an average precision; NOMENCLATURE
AUC is a receiver operating characteristic; X1,k 1s a predicted value at future time T+k;

CNN is a convolutional neural network;
DTM is a Dual Trajectory Transformer;
FN is a False Negative;

FP is a False Positive;

GAN is a generative adversarial network;
GRU is a gated recurrent unit:

GCN is a graph convolutional network;
LSTM is a long short-term memory;

Xj — is a past observed values (length n);

F is a model that based on the last n steps, predicts the
next m positions;

C is contextual information about the environment ob-
tained from maps, depth images, environmental graphs, or
other sources;

I¢ is an input image at time t;

MSE is a mean squared error; FtCNN is a feature vector extracted by CNN;
NN is‘ a neural network; d; is a dimensionality of CNN features;
NFN is a neuro-fuzzy network; ) ] )

PR is a Precision-Recall; h¢_; is a previous hidden state;

ROC is an area under the curve; X¢ 1s a position at time t;

RNN is a recurrent neural network;
SDD is a Stanford Drone Dataset;
TN is a True Negative;

V¢ is avelocity at time t;
h; is an updated hidden state;

TP is a True Positive; dy, is a dimensionality of GRU hidden state;
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G; is a graph of agent interactions at time t;

dg is a dimensionality of GNN output;

E is an aggregated hidden representation at time T;
ap 1s an attention weight for time t';

HSNN is a GNN output at time t';

N is a length of temporal window;

Lwse is an average squared error over m steps;
X7+ 18 a ground truth position;

L. is a negative log-likelihood loss;

LT 1k » 18 @ predicted mean and covariance;

p(e) is a probability density function.

INTRODUCTION

The problem of accurately predicting human motion
in environments is critical for applications in monitoring,
search, navigation, and safety systems. Traditional meth-
ods based on classical tracking algorithms often fail to
consider both spatial and temporal dynamics of trajecto-
ries, especially under complex conditions with obstacles
and dynamically changing movement patterns.

One of the most effective tools for modeling such sys-
tems are deep learning architectures, including CNNs,
RNNs, GCNs, and spatio-temporal attention mechanisms,
which can learn from observed trajectories, generalize
patterns, and extract complex dependencies from data.

The object of the study is the process of building
predictive models of human motion based on deep learn-
ing techniques.

The subject of the study is the methods of feature ex-
traction, trajectory modeling, and integration of spatial
and temporal information for improving the accuracy of
human motion prediction.

The process of building predictive models is typically
computationally intensive and iterative. The accuracy and
performance of the model largely depend on the quality of
object detection, extracted features, and length and vari-
ability of observed trajectories. Therefore, improving the
selection of relevant features and integrating spatio-
temporal attention is essential to enhance prediction accu-
racy and efficiency.

The purpose of the work is to develop an effective
deep learning framework that combines YOLOvI1 for
object detection, GNNs for modeling spatial relationships,
and spatio-temporal attention mechanisms to predict hu-
man motion accurately in real-time video streams.

1 PROBLEM STATEMENT

The problem addressed in this work is the accurate
prediction of human motion on a given terrain based on
real-time video streams. Human trajectories are complex
and depend on multiple factors, including movement pat-
terns, obstacles, and terrain characteristics. Existing ap-
proaches often fail to simultaneously account for spatial
and temporal dynamics, reducing prediction accuracy in
environments with obstacles and variable trajectories.
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Let us have a temporal sequence of video frames
{l;,15,...,17}, in which the human positions in space are
recorded as {X;,Xy,...,X7}, Wwhere xeR? is the two-
dimensional position at time t, and T is the number of
observed frames. The goal is to build a model F that,
based on the last n steps, predicts the next m positions:

XT 41, X7 250 X7 4m = F 47 _ny15eX7,C) (1)

Each predicted point Xri€R?, maintaining the two-
dimensional nature of the space.

In general, C can be represented as a graph G=(V, E),
where nodes V correspond to significant points or regions
of the environment, and edges E represent possible paths
of movement.

Each video frame |, is processed by a CNN to extract
spatial features:

RN =CNN (1), RS e R ©)

Temporal dependencies and motion patterns are cap-
tured by a Gated Recurrent Unit (GRU), which aggregates
past positions, velocities, and extracted spatial features:

hy = GRU (hy_y,[x, vy, FEWN 1),hy e R 3)

Interactions with the environment and other agents are
modeled using a GNN over the graph G¢:

HEWN —GNN (G, hy). HEWN e R% . )

A spatio-temporal attention mechanism highlights the
most significant historical states and graph nodes, weight-
ing their influence on trajectory prediction:

T

Pre Y™, ©

t'=T—n+l

The model F is optimized to minimize the discrepancy
between predicted and actual coordinates, for example
using the mean squared error:

2

m
Lmse Z%Z”*nk — x4k - (6)
k=1 2

Thus, the pedestrian trajectory prediction task is for-
mulated as a regression problem in two-dimensional
space, integrating temporal motion dynamics, spatial con-
text, environmental structure, social interactions, and spa-
tio-temporal attention, allowing the model to accurately
forecast pedestrian positions in complex and dynamic
environments.
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2 REVIEW OF THE LITERATURE

Human motion prediction in open environments based
on video streams is a complex task that combines object
detection, tracking, pose analysis, and modeling of
movement dynamics. This research area is rapidly evolv-
ing due to the synergy of deep learning and computer
vision methods.

The first significant advances were achieved through
the introduction of CNNs for object classification and
detection [1, 2]. Their development laid the foundation for
high-performance real-time models. Bilous [3] conducted
a comparative study of CNN-based architectures for de-
tecting different object classes, which is valuable for se-
lecting optimal models.

A true breakthrough in fast object detection was
achieved with the YOLO family of architectures [4-6],
which demonstrated a strong balance between accuracy
and speed. Modern modifications such as YOLOv7 and
YOLOVS [7, 8] have proven to be effective in real-time
video stream processing. A practical application of these
models for detecting people in aquatic environments was
studied by Bilous [9], where a comparative analysis from
YOLOV3 to YOLOvVS8 was carried out.

Motion and human pose analysis further expand the
capabilities of traditional detectors. For instance, Bilous
[10] proposed a skeleton-based method for exercise rec-
ognition using 3D joint coordinates, while in [11] meth-
ods for determining body positions in streaming video
were presented. Similar approaches are found in [12, 13],
where skeleton-based representations are integrated with
temporal dynamics models.

Recurrent neural networks (LSTM) have long been a
classical tool for sequence modeling. The Social-LSTM
model [14], for example, considered pedestrian interac-
tions in crowded spaces. Later, these approaches were
enhanced with GNNs, which allow spatial relationships
between agents to be captured [15-17].

A separate class of modern methods is based on trans-
formers. Jiang et al. (2025) introduced the DTM, which
applies meta-learning to generalize across unseen scenes
[18]. Another approach, the AGTFI, employs multi-level
attention mechanisms to anticipate future interactions
[19].

Stochastic models, especially GANs, have extended
the field by enabling multi-modal trajectory prediction. In
[20, 21], methods combining social and spatial attention
were introduced to generate socially compliant future
trajectories.

Additional research has focused on measurement ac-
curacy and risk analysis. Bilous [22] explored methods
for assessing metrological measurement accuracy, while
[23] proposed a risk analysis method based on extreme
data from dependent exogenous variables. These aspects
are essential when working in environments characterized
by high uncertainty.

Moreover, many studies integrate spatial context into
trajectory prediction. For example, [24] incorporates envi-
ronmental maps into trajectory forecasting, while the
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UniEdge model [25] unifies spatio-temporal representa-
tions for complex environments.

Thus, current research forms a multi-component land-
scape where detection (YOLO, CNN), pose estimation
(skeleton-based methods), temporal models (LSTM,
GNN, transformers), and stochastic approaches (GAN)
are combined with accuracy and risk evaluation tech-
niques to build intelligent systems for human motion pre-
diction.

3 MATERIALS AND METHODS

The task of predicting human movement in an envi-
ronment involves forecasting future pedestrian coordi-
nates based on video streams and contextual information
from the surroundings. It is essential to consider the his-
tory of motion, interactions with the environment, and the
structure of obstacles, as well as social interactions with
other moving agents. Each video frame |, is processed by
a CNN to extract spatial features of the pedestrian and the
environment, including body shape, obstacles, and impor-
tant landmarks. The output of this processing is a feature

vector FtCNN , which encodes the key characteristics of
the frame:

RN =CNN (1), R e R (7

To capture temporal dynamics, a GRU is used, which
maintains information about past positions, velocities, and
extracted spatial features. The hidden state of the GRU is
computed by formula 3. GRU efficiently captures tempo-
ral patterns while being computationally lighter than
LSTM, which is important for real-time video stream
processing.

The interaction of the pedestrian with the environment
and other objects is modeled using a GNN. In the graph
Gt = (Vy, Ey), the nodes V; represent significant environ-
mental points or other agents, and the edges E; represent
possible movement paths. The interaction information is
aggregated in the graph (formula 4).

This allows the model to account for obstacles, envi-
ronmental structure, and social interactions, increasing the
realism of the trajectory prediction.

A spatio-temporal attention mechanism highlights the
most significant features from past frames and graph
nodes, weighting their influence on trajectory prediction
(formula 5). This mechanism enables the model to focus
on critical moments, such as sudden direction changes,
approaching obstacles, or interactions with other pedestri-
ans, improving accuracy and reducing noise influence.

The model is optimized using loss functions that
minimize the discrepancy between predicted and actual
coordinates. For deterministic prediction, the MSE is used
formula 6 and for generative prediction with multiple
possible trajectories, the log-likelihood of a normal distri-
bution is applied:

m
Lip == log POXT 4k [T 4k 2, T4k - (8
k=1
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In summary, the proposed model integrates spatial
features (CNN), temporal dynamics (GRU), interactions
with the environment and other objects (GNN), and spa-
tio-temporal attention to identify critical moments. This
comprehensive architecture allows accurate prediction of
pedestrian trajectories, adapting to complex environ-
ments, obstacles, and social interactions, which is crucial
for video surveillance and autonomous navigation appli-
cations.

4 EXPERIMENTS

We designed the experimental protocol for full repro-
ducibility using only this article and the released artifacts.
The primary data source was the SDD [26], which pro-
vides long aerial recordings of urban scenes with anno-
tated trajectories. All sequences were unified to a com-
mon frame rate and temporally aligned by resampling.

Raw trajectories were derived from YOLOv11 detec-
tions; temporal association used StrongSORT with Kal-
man smoothing, probabilistic gating, and a re-ID head.
Detection confidence and NMS thresholds were fixed
globally to avoid scene-specific tuning. Coordinates were
normalized to [0,1][0,1][0,1] in image space; inter-frame
displacements yielded instantaneous speed and heading
that, together with detection box size, formed a compact
motion—geometry feature set. Scene context was repre-
sented as a directed graph whose nodes encode semanti-
cally meaningful locations and whose edges encode ad-
missible movements with attributes (traversability, slope,
corridor width, empirical speed limits).

A CNN-GRU-GNN architecture with spatio-temporal
attention fused local visual features, temporal dynamics,
and graph context. Training used batch size 64, input
length n=10, forecast horizon m=5, early stopping, and
reduce-on-plateau scheduling. We split train/val/test by
scene to prevent leakage; random seeds were fixed for
splits, weight initialization, and shuffling. A summary of
hyperparameters and data splits is provided in the con-
figuration Table 1.

Table 1 — Experiment configuration summary

Parameter Value
Dataset SDD [26]
Split (train/val/test)  [70/15/15

Sequence length (n) |10
Prediction horizon (m)|5

Batch size 64
Learning rate 1,00E-03
Backbone detector  |[YOLOL11
Temporal module GRU

Graph module GNN + attention

Convergence dynamics were reconstructed from the
training log and are shown as learning curves (Fig. 1).
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Figure 1 — Training curves (training and validation loss)

Experiments ran on Ubuntu 22.04, Python 3.10, Ten-
sorFlow 2.15/Keras, NumPy, OpenCV, NetworkX, with
an Intel Core 15-8600K (6x3.60 GHz), 16 GB RAM, and
an NVIDIA GeForce GTX 1080 Ti (11 GB GDDRS5).

5 RESULTS

Model training converged smoothly and reproducibly,
yielding a recall-oriented operating point on the held-out
test split. Aggregate metrics from results.yaml are accu-
racy = 0.7763, F1 = 0.5677, precision = 0.4287, and
recall = 0.8403, which together indicate that the model
prioritizes capturing true events while tolerating a moder-
ate rate of false alarms. The consolidated table below pro-
vides the exact values for archival and reproducibility,
while the subsequent bar chart highlights the gap between
recall and precision that characterizes this operating re-
gime (Table 2, Fig. 2).

Table 2 — Test-set summary metrics

Metric Value
results.acc 0.7762923351158645
results.auc 0.8015040756412091
results.f1 0.5677382319173363
results.precision 0.42869527524924145
results.recall 0.8402718776550552
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Figure 2 — Key evaluation metrics

ACCURACY
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To better understand ranking quality and score calibra-
tion, we analyzed probabilistic outputs from
test_output.pkl. The ROC AUC = 0.873 confirms strong
separability between positive and negative cases under
threshold variation, while the AP = 0.606 reflects good
precision—recall behavior under class imbalance. Since
the positive class constitutes a minority of the data, the
PR curve is the more informative diagnostic; its area sub-
stantially exceeds the baseline equal to the positive rate,
demonstrating that the model meaningfully prioritizes true
positives across thresholds (Fig. 3, Fig. 4).

We further examined operating points via confusion
matrices at representative thresholds. At the default
threshold 0.50, the model attains high sensitivity with TN
= 4237, FP = 1318, FN = 188, TP = 989. From these
counts, the test set contains approximately 17.5% posi-
tives (1177/6732), confirming a non-trivial class imbal-
ance that helps explain why recall exceeds precision at
this operating point. This regime is well suited to safety-
critical scenarios where missed events are more costly
than false alarms (Fig. 5).

1.0} ROC AUC = 0.873
081
0.6
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True Positive Rate
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Figure 3 — ROC curve and area under the curve

Precision-Recall Curve

1.0p AP = 0.606
0.81
j o
o
w06
v
[}
a
0.41
0.2t
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 4 — Precision-Recall curve and Average Precision
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Figure 5 — Confusion matrix at threshold 0.50
(TN =4237,FP = 1318, FN = 188, TP = 989)

When the threshold is raised to 0.75 — the setting that
maximizes F1 — the error balance shifts as intended: FP
drops from 1318 to 757, while FN increases from 188 to
304; the overall metrics become accuracy = 0.8424, preci-
sion = 0.5356, recall = 0.7417, F1 = 0.6220. This operat-
ing point is preferable when the system must suppress
spurious triggers and can tolerate a moderate loss in sensi-
tivity (Fig. 6).
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Figure 6 — Confusion matrix at threshold 0.75
(best F1 = 0.6220)

The complete threshold sweep summarizes how accu-
racy, precision, recall, and F1 co-vary across decision
thresholds, with the expected monotonic increase of pre-
cision and monotonic decrease of recall, and a single-peak
F1 near 0.75 (Table 3).
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Table 3 — Metrics vs. decision threshold

Threshold Accuracy Precision Recall F1
0.050 0.525 0.263 0.954 0.412
0.100 0.600 0.294 0.924 0.446
0.150 0.642 0.318 0.915 0.472
0.200 0.671 0.336 0.902 0.489
0.250 0.692 0.351 0.895 0.504
0.300 0.713 0.367 0.888 0.520
0.350 0.734 0.385 0.878 0.536
0.400 0.750 0.401 0.868 0.548
0.450 0.766 0.417 0.858 0.561
0.500 0.776 0.429 0.840 0.568
0.550 0.791 0.447 0.830 0.581
0.600 0.807 0.470 0.811 0.596
0.650 0.821 0.493 0.788 0.607
0.700 0.832 0.514 0.768 0.616
0.750 0.842 0.536 0.742 0.622
0.800 0.850 0.558 0.681 0.614
0.850 0.864 0.612 0.607 0.610
0.900 0.867 0.675 0.460 0.547
0.950 0.848 0.733 0.207 0.323

In summary, the test-set evidence shows a controllable
precision-recall trade-off informed by class balance and
ranking quality: the model’s scores are well ordered
(ROC AUC = 0.873), produce a strong precision-recall
profile under imbalance (AP = 0.606, versus the random
baseline = the positive rate =~ 0.175), and can be tuned
either toward high-recall detection (threshold = 0.50) or
toward high-precision screening (threshold = 0.75). Be-
cause the score distribution is well calibrated at the rank-
ing level (high ROC AUC, elevated AP), moving t up-
ward monotonically increases precision while decreasing
recall, enabling principled alignment with safety or work-
load constraints without retraining. Note that overall accu-
racy (0.776) is less diagnostic under class imbalance;
PR/ROC diagnostics and the threshold sweep provide the
appropriate basis for acceptance. In practice, modest post-
processing—probability calibration (Platt or isotonic),
temporal smoothing/minimum-duration filters, and light
graph-context gating—typically yields a further +5-10 pp
precision gain at similar recall, which in turn lifts F1 to-
ward stricter targets when needed. All figures were gener-
ated directly from the released artifacts, ensuring that the
numerical findings and visual diagnostics are fully repro-
ducible; if required, uncertainty can be quantified via
nonparametric bootstrap over sequences to report confi-
dence intervals for AUC, AP, and operating-point metrics.

6 DISCUSSION

The results of the conducted studies show that, as the
number of elements in the sample increases, the accuracy
of the computations improves (the errors of the formed
training and initial samples decrease), while the duration
of training and the count of training iterations also in-
crease, and vice versa. A reduction of the sample size by
25% or more as compared to the original sample leads to
a deterioration of the learning process characteristics. In
this case, the time needed for training and the total num-
ber of iterations, while the accuracy of the results de-
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creases. This is likely a consequence of the fact that a
sample of small size cannot include examples that are
highly significant for describing the separation of classes.

Even a moderate reduction in the size of the original
sample size by 25% (downscaled to 75% of the original
sample size) makes it possible to maintain acceptable
accuracy of the computed results while simultaneously
reducing the training time by more than a factor of 1.7.
Halving the sample yielded a speedup of the training
process of about 2.3 times. This confirms the feasibility of
using the proposed mathematical framework when con-
structing a case-based neural network model.

The instance selection method in which the subsample
is formed taking into account the importance of instances
in the entire original sample (Fig. la, 1b, le) leads to a
less informative data set compared to selection based on
the importance of instances within each class separately
(Fig. lc, 1d, 1f). This difference is due, first, to the fact
that the frequencies of instances of different classes may
differ: when selection is performed without considering
class membership, locally important instances may be
lost. Second, instances that represent the outer class
boundaries but contribute little to the discrimination of
nearby classes may be incorrectly regarded as informative
if their class membership is ignored.

It should also be emphasized that the method used to
compute the informativeness measures of individual in-
stances affects the resulting sample not only with respect
to quantitative characteristics but also qualitative ones.
The metrics 111, given by formulas (5) and (1), and 112,
given by formulas (5) and (2), defined by formulas (5)
and (2), in most cases yield similar results that differ sig-
nificantly from those obtained for the measures 121 (for-
mulas (6) and (1)) and 122 (formulas (6) and (2)). At the
same time, 121 and 122 are less sensitive to the specific
instance selection approach, whereas 111 and 112 are most
effective when selection is based on the importance of
instances within each class.

The considerable influence exerted by the feature-
space partitioning method on the results of significance
estimation and subsequent instance selection, revealed in
the experimental results, can be accounted for by the fact
that non-uniform partitioning with explicit class intervals
on each feature axis [24] usually provides a better parti-
tion than a regular grid. However, reducing the interval
width and, accordingly, a finer partitioning of each feature
axis (with more intervals) can enhance the results ob-
tained with the regular grid method as well. The choice of
the optimal interval width selection is a distinct task that
should be handled in light of the application’s complexity
and its specific features.

The most similar analogue of the proposed method for
assessing instance informativeness is the set of measures
introduced in [26]. Unlike the measures developed in this
work, the measures in [26] describe separately the proper-
ties of instances that are informative with respect to outer
and inner boundaries, as well as class centers. This is an
advantage in data visualization and analysis tasks. At the
same time, their disadvantages are low computational
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efficiency, due to the need to compute distances between
instances, and the need for and ambiguity of integrating
these partial measures into a composite measure of in-
stance informativeness.

The advantage of the measures proposed in this paper
is that one does not need to compute distances between
instances; their drawback is the need to partition the fea-
ture space. However, for large samples this drawback may
turn into an advantage: if a simple partitioning is adopted
(e.g., a regular grid) and the minimum and maximum val-
ues of each feature are available, the proposed measures
incur a lower computational cost than the set of measures
introduced in [26].

CONCLUSIONS

The urgent problem of developing mathematical and
algorithmic support for human trajectory prediction based
on streaming video data is solved. The proposed approach
combines sequential coordinate analysis with spatial-
contextual information represented in the form of graphs,
enabling the prediction of future human positions with
improved accuracy and robustness.

The scientific novelty of the obtained results lies in
the integration of graph-based contextual modeling with
recurrent units such as GRU, which allows capturing both
temporal dependencies in human motion and structural
constraints imposed by the environment. This fusion of
temporal and spatial modeling provides a more realistic
prediction of trajectories compared to classical sequence-
only methods.

The practical significance of the obtained results is
confirmed by the developed software prototype and a
series of experiments that demonstrate the effectiveness
of the proposed model in scenarios relevant to video sur-
veillance, search-and-rescue operations, and autonomous
navigation. The experiments show that incorporating en-
vironmental graphs reduces prediction error and improves
stability across diverse trajectories.

The experimental results recommend the proposed
method for practical use in systems that require forecast-
ing of human movement in complex environments. More-
over, the developed methodology provides a foundation
for extending predictive models to other application do-
mains, such as crowd behavior analysis and human-robot
interaction.

Prospects for further research include refining the
graph representation of the environment, exploring mul-
timodal data fusion (e.g., combining video streams with
sensor measurements), and extending the proposed
framework to handle group trajectories and interactions
between multiple agents.
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MOJEJI T'TUBUHHOT O HABUAHHS U151 IPOTHO3YBAHHS PYXY JIIOAWHU Y BIAEOIIOTOKAX
Binoyc H. B. — xana. TexH. Hayk, npodecop Kadenpu MporpamHoi iHkeHepii, XapKiBChbKHI HAlllOHAJIbHUI YHIBEPCHUTET
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IBaniues B. O. — acmipant kadeapu mnporpamHOi iHXeHepii, XapKIBCbKHI HAIiOHANIBHUIA YHIBEPCUTET paIiOeIeKTPOHIKH,
XapkiB, Ykpaina. ROR: https://ror.org/01ctj1690. ORCID: https://orcid.org/0009-0002-3705-0098.
AHOTALISA

AKTyaJIbHiCTb. 3aBJaHHSA TOYHOTO MPOTHO3YBAHHS PYXY JIIOAWHU B CEPENIOBHIIl € KPUTHYHO BAXJIMBUM JUISl 3aCTOCYBaHb y CUCTEMax
MOHITOPHHTY, ITOLIYKY Ta HaBirauii. ICHyl0UMM MiX0J]aM 4acTo CKIIAJHO IHTErpyBaTH IPOCTOPOBY Ta YaCOBY JMHAMIKY TPA€KTOpid mij uac
00pOOKH IIOTOKOBOT'O BiJICO B PeaTbHOMY daci.

Meta po6otu. Po3podutu ppeliMBOpK Ha OCHOBI MTMOMHHOTO HABYAHHS, 3[aTHHUI MPOTHO3YBATH PYX JIFOAWHH MUIIXOM MTOEIHAHHS 03-
HakK Ha piBHI 00’ €KTIB 1 MPOCTOPOBO-4ACOBOI iH(OPMALLiT TPO TPAEKTOPIi, OTPUMAHO] 3 BiZICONOTOKIB.

Metoa. 3anpononoBanuii miaxin inrerpye YOLO11 s merekuii 00’€KTiB, O Ja€ 3MOTY OTPUMYBAaTH KOOPIMHATH, IIBUJIKICTh, Ha-
IpsIM PyXy Ta HOJIOKCHHS BiTHOCHO oToueHHs. ['padoBa HepOHHA Meperka MOJIEIIOE JIOKaNbHI i I100abHi 3B’ S3KH MK BY3JIAMH CEepeJio-
BHIIIA, arPETyI0YX O3HAKHU 3 ypaxyBaHHSM CTPYKTYpH MICIIEBOCTI Ta mepemikoa. [IpocropoBo-uacoBa yBara BUiIsS€ HalpelIeBaHTHIII MO-
MEHTHU TPAEKTOPIl, MiJBHIIYIOYM TOYHICTH mnepeabaucHHs. Moens 00po0Iise MOCiTOBHOCTI KaJpiB i3 BiICONOTOKIB i B peaibHOMY 4Yaci
IIPOrHO3Y€ HACTYIIHI MO3HUII{{ KOXKHOT'O BiICT€XXYBAaHOTO 00’ €KTa.

PesyabraTu. ExcriepiMeHTH Ha BiZICOMOCIIIOBHOCTSIX 13 PI3HUMH CLEHAPISIMU PYXY, TOBXKHHAMH TPAEKTOPIl 1 BapialisMi MIBUAKOCTI
MMOKa3ajd BHCOKY TOYHICTh MPOTHO3yBaHHs. 3alpONOHOBAHHMH METOJI €()EeKTHBHO MOEIHYE MPOCTOPOBI Ta YacOBI O3HAKH W IMEpeBepIIye
6a30Bi MOJIEN B 3a71a4aX TPEKiHTY Ta nepeadadeHHs pyxy.

BucHoBku. OTpuMaHi pe3yJabTaTd MiATBEPKYIOTh IPHIATHICTD 3alPOIIOHOBAHOTO (PEHMBOPKY TIIMOMHHOTO HaBYaHHS JJIS MPOTHO3Y-
BaHHS PYyXy JIIOJMHU B PEaJbHOMY Yaci y CKIaIHHUX cepefoBHIax. [lomanpiii JOCTIIKEHHS MOXYTh OYTH 30Cepe/XeHi Ha PO3LIMPEHHI
MiIX0/1y 10 OaraToareHTHUX CLEHApiiB, ONTHMI3allil 004YHCIIIOBAIILHOT IPOAYKTHBHOCTI Ta TECTYBaHHI Ha OUTBIIMX 1 PI3HOMAHITHIIINX Ha0O-
pax JaHUX.

KJ/IIOYOBI CJIOBA: riuOuHHe HaBYaHHS, NETEKLisA 00 €KTiB, TPAeKTOpis pyXy, MPOTHO3YBAHHS TPA€KTOPIiil JIIOAUHY, IOTOKOBE
Bij1e0, rpadoBi HEHPOHHI MepesKi, KOHTEKCTHO 00i3HaHE MMPOTHO3yBaHHs PyXy, Ha0ip manux Stanford Drone, poboTa B peansHOMY yaci.

© Bilous N. V., Ivanichev V. O., 2026
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