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Abstract

The paper is devoted to the creation and approbation of the neural network method for detecting and forecasting
the trajectories of small UAVs in a video stream that integrates detection, tracking, and transformer prediction
into a single high-performance pipeline. The architecture combines the YOLOv12 model for object localization,
the BYTETrack algorithm for identity maintenance, and the modified position-coded Transformer for short-term
motion forecasting based on coordinate history. The system generates continuous trajectories in conditions of
a changing background, maneuvering, and partial overlaps and provides an average RMSE prediction error of
12.66 pixels, which is interpreted as approximately 0.25-0.32 m in the physical space of the scene. The obtained
values of MOTA = 0.79 and IDF1 = 0.64 confirm the stability of tracking and preservation of object identity.
On the Anti-UAV benchmark of 593,802 frames of real surveillance video, the YOLOv12 detector within the
pipeline achieves mAP50 = 91.04% and mAP50-95 = 62.76% on the test split, running at 55 FPS on GPU and 13
FPS on CPU, while the BYTETrack-based tracker reaches 332 FPS on CPU. The experiments are carried out on
the visible-spectrum subset of the Anti-UAV dataset and cover both offline processing of recorded video and
online processing of live camera streams. Comparative analysis shows that the proposed approach significantly
outperforms statistical models (IMM/Kalman), reducing the forecast error by an order of magnitude. The identified
limitations relate to work in two-dimensional space with a fixed observation angle and a short forecasting horizon;
extending the model to mobile platforms, multidimensional coordinates, and behavioral forecasting are identified
as promising areas for further work. The results of the study confirm the effectiveness of combining transform
forecasting with modern detection and tracking methods for building situational awareness systems, airspace
monitoring, and countering unauthorized use of UAVs.
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1. Introduction

Modern UAVs are increasingly used for both civilian and military purposes, which necessitates the
need for reliable systems for their automated detection and tracking [1, 2]. Traditional methods of
airspace monitoring, in particular radar and acoustic systems, are not effective enough in cases of
using small-sized, low-noise or low-altitude UAVs [3], especially in environments with a high level of
interference [4]. At the same time, video analytics in combination with deep neural networks opens up
new opportunities for building intelligent surveillance systems [5], capable not only of recognizing
objects in difficult conditions, but also of predicting their trajectory in real time [6]. The problem of
predicting UAV trajectories is critical for timely decision-making in systems of counteraction, support or
prevention of potential threats [7]. However, most of the existing research focuses either on the problem
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of detecting objects in static frames [8], or on tracking their position without taking into account the
dynamic characteristics of the movement [9]. Methods that combine spatiotemporal processing of a
video stream with trajectory forecasting based on the history of observations remain underdeveloped,
particularly in cases of maneuvering or chaotic trajectories. Therefore, the development of a method
for neural network detection and forecasting of UAV trajectories in a video stream is a scientifically
and practically relevant task that will contribute to increasing the efficiency of situational awareness
systems, critical infrastructure protection, tactical support, and autonomous navigation.

The aim of the work is to develop a method for forecasting the trajectories of small-sized UAVs in
a video stream based on a modified position-coded transformer architecture taking into account the
history of movement and spatial constraints of the scene, which provides a reduction in the average
and final prediction error compared to statistical models and retains its suitability for integration into
real-time monitoring systems.

The main contribution of the paper is the implemented modification of the transformer architecture
for forecasting the trajectories of small-sized UAVs, which allows to preserve the model’s ability
to contextually match observations while reducing computational costs. The exclusion of a full-
fledged decoder block and its replacement with a coordinate-oriented module with positional encoding
ensured the constancy of time dependencies without losing spatial binding. Such a restructuring of
the structure made it possible to reduce the dimensionality of intermediate representations and reduce
latent fluctuations that usually arise when working with short and fragmented tracks. An additional
result was an increase in the forecasting accuracy by using windowed coordinate aggregation with
a fixed alignment horizon. This allowed to compensate for nonlinear changes in the trajectory and
reduce the final error without involving complex recurrent components. The use of sinusoidal position
vectors instead of embedding layers improved the model’s resistance to noise, large-scale fluctuations,
and loss of part of the frames, which is typical for real-time video streams.

2. Related works

Over the past three years, the issue of detecting and tracking small aerial objects in a video stream, in
particular UAVs, has become one of the leading research areas in the field of computer vision. Scientists
note that the main difficulties of this task are associated with small target sizes, significant variability of
angles, overlaps and degradation of the video signal in real conditions [10]. In response to this, in the
modern literature there is a tendency to adapt convolutional architectures, primarily the YOLO family,
to the specifics of drone datasets (VisDrone, UAVDT, etc.), which is confirmed by stable improvements
in the detection of small objects in variable scenes [11]. In the work, the YOLOvS architecture is
modified by enhanced feature fusion at different scales, which allowed to improve the accuracy on the
VisDrone2019 set. The authors emphasize that the largest increase in mAP is observed precisely for
small-area objects, due to the optimization of FPN blocks.

In [12], an alternative solution is proposed — SOD-YOLO, where the focus is on adaptive weighted
scale compensation. Unlike [11], this model is focused not only on improving the transmission of small
features, but also on suppressing background noise, which reduced the number of false positives on
moving textures.

Another approach is presented by Yao et al. [13], where local contour enhancement is applied in the
early layers of the neural network. The authors prove that the preliminary selection of high-frequency
components allows to avoid “blurring” of objects when convolutions of a large kernel, which is a typical
problem in videos shot from long distances.

Despite significant progress in detection, for practical application it is critical to preserve the identity
and continuity of trajectories in time. Studies show that associative multi-object trackers, such as
ByteTrack and DeepSORT, combined with state-of-the-art detectors, provide a significant reduction
in ID-switch even under conditions of partial overlaps and changes in perspective [14, 15], as well as
in UAV domain work, where the combination of detection and Re-ID improves resistance to uneven
motion and video signal degradation [16].
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A separate layer of publications focuses on UAV trajectory forecasting as the next step after tracking.
Along with classical statistical approaches (Kalman/IMM), sequential neural network models — LSTM
and Transformer [17] are increasingly used. It has been shown that taking into account the trajectory
history, contextual features of the scene and behavioral intentions of the target reduces prediction
errors and increases the stability of estimating future positions in a short prediction horizon [18], and
for related transport scenarios — and transformer trajectory predictors taking into account complex
urban dynamics [19]. At the same time, many works emphasize insufficient attention to estimating
forecast uncertainty and robustness to observation losses — these aspects remain open and identify
promising areas for further research.

In [20], the authors investigate the problem of recognizing drone types to improve airspace safety. To
solve this problem, they used a lightweight Yolov7 model, which integrated the CNeB, C3C2 modules
and the Re-Parameterization Decoupled (RePD) framework. This approach allowed to reduce the size of
the model, increase the accuracy and speed of real-time image processing. The results showed that the
proposed Yolov7-CNeB-C3C2-RePD model achieves 91.9% Precision, 90.5% Recall and 95% mAP@0.5,
outperforming other algorithms in test comparisons, while providing processing of 27.88 frames per
second, which meets real-time requirements. Xie et al. [21] investigate the detection of UAVs in real
time. To do this, they used the YOLOv5s model trained on five object categories, with mAP50 = 93.2%,
mAP50-95 = 71.7%, size 13.76MB and detection speed 11.26ms per image. The model is integrated into
a modified DeepStream for simultaneous use by multiple users and fast recovery of the video stream
after interruptions, providing efficient automatic real-time UAV inspection.

In [22], drone detection using surveillance cameras is investigated, focusing on small, faint and
low-contrast objects that are difficult to detect. To do this, they proposed a method based on YOLOv5s
that uses frame sequences and inter-frame optical flow, combining spatial and temporal information.
This approach improves the accuracy and reliability of detecting moving small targets. Experiments
showed an average Precision value of 86.87% (an improvement of 11.49% compared to the baseline
model) at a speed of more than 30 frames per second, and the method can be adapted to other detectors
with different backbone models.

All the considered works demonstrate that modern methods based on YOLO models and their modifi-
cations effectively solve the problem of drone detection in real time, even under difficult conditions -
high or low altitude, small object sizes, weak contrast and motion.

3. Methodology

3.1. Improved approach to UAV detection and flight path forecasting

The generalized scheme of the approach to predicting UAV trajectories based on a position-coded
transformer is shown in figure 1. The proposed approach to predicting UAV motion predicts the next
60 positions of the object based on the previous 30 coordinates, which corresponds to a forecasting
horizon of 2 seconds at a frequency of 30 frames per second.

This format allows using only one second of motion history to obtain a tactical forward forecasting

Figure 1: Generalized scheme of the approach to forecasting UAV trajectories.
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suitable for real-time monitoring systems. Unlike classical regression or statistical models, the developed
architecture does not work with derived quantities such as velocity or acceleration, but directly with
the coordinate trajectory, interpreting it as a time sequence of spatial observations. In order to provide
the ability to generalize nonlinear motion patterns, each point is transformed from a two-dimensional
representation into a vector of hidden features of higher dimension (Step 1). Since the transformer-type
model does not operate with the concept of default order [23], a sinusoidal positional encoding is added
to the vector representations of coordinates (Step 2), which provides a time reference to each element
of the sequence. The central element of the system is the self-attention block, which analyzes the
relationships between all trajectory points simultaneously (Step 3), detecting both local changes in
direction and longer-term patterns of motion. After processing by the encoder, all generated features
are aggregated into a single context vector, which is used as a compact representation of the current
state of the object. Based on this vector, a multilayer perceptron (Step 4) generates a forecast of the
next coordinates, ensuring a smooth continuation of the trajectory taking into account the previous
movement.

Thus, the proposed approach allows for short-term forecasting of UAV trajectories in real time,
ensuring smooth prediction even in the presence of nonlinear changes in motion. The use of positional
encoding and the self-attention mechanism increases the model’s generalization ability and makes it
suitable for integration into tactical monitoring and response systems.

3.2. Pipeline for UAV detection and flight path forecasting in real-time

The pipeline based on the neural network method of UAV detection and trajectory forecasting is imple-
mented as a sequential pipeline that combines detection, tracking, forecasting, and result visualization
modules (figure 2). The input to the system can be a video file, a link to an online stream, or a live
broadcast from a camera. Each frame coming from the source is passed to the YOLOv12 module [24],
which performs drone detection, returning the coordinates of the bounding boxes and the probabilities
of belonging to the target class.

Figure 2: Pipeline of UAV detection and flight path forecasting in real-time.

The received detections are transmitted to BYTETrack, which performs associative tracking of objects
in a time sequence of frames, forming permanent track identifiers and the history of the movement
of each UAV. For each formed track, a sequence of coordinates is accumulated, which is used as an
input for the Transformer Predictor prediction module. The transformer model generates a predicted
trajectory of movement, taking into account both the current position of the drone and its historical
movement.

Both the actual coordinates and the predicted trajectory points are transmitted to the results storage,
which acts as a central data buffer. It accumulates a photo of the drone, the time of detection, the
geometry of the trajectory and identification information for further reproduction.

Data from the storage is transmitted in parallel to two output components: a video player, which
displays the original video frame with superimposed bounding boxes and a drone motion map with the
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actual/predicted trajectory, where the spatial movements of the object are visualized on a coordinate
grid or cartographic substrate.

Additionally, a panel of found drones is provided, which accumulates a list of active objects, their
characteristics and the time of the last observation, which allows the operator to monitor in real time
or analyze the history of events.

Thus, the above pipeline provides a full cycle of video stream processing from receiving raw data to
forming predicted trajectories and their visual visualization. The integration of detection, tracking and
transformer forecasting modules into a common architecture allows not only to record the presence of
the UAV, but also to predict its further movement, which increases the applied value of the information
system in monitoring and operational response tasks.

3.3. Modified position-coded transformer architecture

The proposed trajectory forecasting model (figure 3) is based on a modified transformer architecture
[25], adapted to work with coordinate sequences, and not with discrete tokens, as in typical NLP
solutions [26]. The input data is a sequence of thirty two-dimensional points, reflecting the previous
dynamics of the UAV movement. Since the coordinates in their original form do not contain sufficient
representativeness to detect latent dependencies, each element of the sequence is projected into a high-
dimensional space using a linear transformation, which ensures the formation of consistent features for
further processing.
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Figure 3: Generalized modified neural network architecture.

Temporal ordering of the sequence is ensured by the introduction of sinusoidal positional encoding,
thanks to which the network stores information about the temporal context of each point without
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additional recurrent components. The basic computational core is a three-layer Transformer Encoder
[27], which combines a multi-head self-attention mechanism with fully connected projections and
regularization. This configuration provides simultaneous consideration of local changes and long-term
trends, which reduces the sensitivity of the model to shunting distortions or partial track losses. After
processing by the encoder, a latent representation is formed in the form of a three-dimensional tensor,
which is reduced to a context vector by averaging over the time axis. The rejection of a full-scale
decoder block in favor of such aggregation reduces computational complexity and reduces processing
latency, which is critical for operation in real-time modes. The final transformation of coordinates is
performed by a multilayer perceptron with normalization and nonlinear activation, after which a vector
of the forecasting of the next positions is formed, which reproduces the future trajectory of the object.

The coordinated interaction of the transformer encoder with coordinate-oriented decoding ensures
the preservation of the spatio-temporal structure of the data without the need to calculate the derivative
features of the movement. The combination of positional encoding with a compact latent representation
allows achieving a balance between accuracy and speed, which makes the architecture suitable for
implementation in airspace monitoring and operational response systems.

Thus, the improved architecture based on the positional-coded transformer provides full processing
of coordinate sequences without the need for intermediate calculation of the derived parameters of
the movement. Context aggregation through a simplified encoder allows maintaining high predictive
ability with minimal computational delay, which makes the approach compatible with the requirements
of real-time systems.

4. Experiment

4.1. Experimental dataset

The «Anti-Unmanned Aerial Vehicle» dataset [28] is designed to study the detection and tracking of
unmanned aerial vehicles in a video stream and contains recordings obtained in real-world surveillance
conditions. It covers a wide range of scenes with various types of backgrounds, lighting levels, and
shooting angles, which ensures representativeness for practical airspace monitoring scenarios. Each
frame in the dataset has an accurate annotation in the form of bounding boxes indicating the position of
the drones, which allows this dataset to be used for both detection and tracking. A feature of the dataset
is the presence of recordings in both the visible and infrared spectra, however, within the framework of
this work, only a subset of videos in the visible range is used.

Structurally, the dataset is divided into training, validation, and test parts, containing 160, 67, and 91
video recordings, respectively — a total of 318 video fragments, which together number 593,802 frames.
Such a number of observations provides the possibility of full-fledged training of deep models without
additional artificial expansion of the sample [29].

An important property of the dataset is the purposeful presence of complex observation scenarios in
it, in particular cases of temporary disappearance of the object from the field of view, changes in scale
and illumination, partial or complete overlaps, low target resolution and rapid movements, leading to
significant inter-frame shifts. This creates conditions close to the real deployment of monitoring systems
and makes it possible to assess the stability of algorithms not only by average accuracy indicators, but
also in critical situations where typical tracking loses its effectiveness. Thus, the «Anti-UAV Dataset»
can be considered as a full-fledged base for training and objective testing of methods for detecting,
tracking, and predicting UAV trajectories.

4.2. Experimental setup

The experimental setup is formed as an integrated software and hardware complex, in which each
module performs interconnected functions within a single video stream processing pipeline. The
primary data capture is carried out in the format of a sequence of frames that are fed to the detection
system in real time. The YOLOv12 model is used to identify small-sized aerial objects, the training of
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which is focused on maintaining accuracy under conditions of a changing background and a moving
camera. Detections are automatically transferred to the association module, where the BYTETrack
algorithm is implemented, capable of maintaining the continuity of the object’s identity even with
partial losses, temporary overlap or fragmentation of the trajectory.

The resulting coordinate sequences are converted into a format compatible with the transformer
forecasting model. The forecasting architecture is built in such a way as to provide short-term trajectory
approximation with minimal time delay and without intermediate extraction of operational motion
parameters. The data flow between the detector, tracker, and prediction module is coordinated through
an intermediate cache, which minimizes frame synchronization losses and allows for the reuse of
previous calculations. The experimental setup is shown in figure 4.

Figure 4: Experimental application interface.

For visualization and control of the interaction of components, a graphical environment based on
Kivy [30] is used, which provides rendering of actual and predicted trajectories, as well as control
over the operation of each element of the system without interrupting the main process. Such an
organization allows at the same time to evaluate performance, interpret errors and adapt parameters
in a mode close to real time. The installation is built taking into account the possibility of further
deployment on embedded systems or mobile computing platforms.

5. Results and discussion

Evaluation of the proposed detection approach based on YOLOv12 showed that the model is able to
consistently recognize small aerial objects even in the presence of noise, scale changes, and a variable
background. The high value of mAP50 on the test set indicates accurate positioning of the bounding
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boxes, while the mAP50-95 ratio demonstrates that the model retains adequate sensitivity even with
increased matching criteria (table 1). Robustness to small targets is confirmed by the fact that the
number of false negatives does not increase significantly in cases where the bounding box area does
not exceed several hundred pixels.

Table 1
Drone detection metrics by the YOLOv12 model.

mAP50 (%)
training | validation | test

mAP50-95 (%) | FPS (CPU) | FPS (GPU) | GFLOPs

99.05 94.65 91.04 62.76 13 55 6.3

The classification results matrix (figure 5) reflects a typical situation for object detection tasks
in which the background is not considered as a separate class. Because the potential variability of
background structures in a single image is too high for detailed labeling, insignificant parts of the scene
are traditionally not annotated, but only present in the set as context. Accordingly, cases that formally
look like false background classifications to the “drone” class do not necessarily indicate a false response
of the model.

Figure 5: Confusion matrix of the YOLOv12 model on the test set.

A significant portion of such observations correspond to objects with similar structural or silhouette
features, in particular aircraft or drone-like structures, which in real conditions may also be of interest
to the monitoring system. Examples of such false positives are shown in figure 6.

Under these conditions, the behavior of the model demonstrates its sensitivity to potentially relevant
targets rather than random error generation. Further refinement of the boundaries between target and
secondary objects can be achieved by including a separate group of “adjacent” classes in the training
set, but even in its current form, the model exhibits a balanced ability to generalize without a tendency
to systematically overtrain on specific background patterns.

The mAP50 indicator (figure 7) demonstrates a stable growth during the first tens of training epochs.
At the initial stage, a sharp increase in accuracy is observed, after which the curve gradually levels
off. Around 30-40 epochs, the metric value reaches a plateau and subsequently changes only with
minor fluctuations. This indicates that the model achieves stable detection quality without signs of
overtraining, and further training has practically no effect on the result.

The diagram of the loss function value change shows a rapid decrease in the error at the initial stages
of training (figure 8).

After the curve stabilizes on the training sample, a gradual smoothing of fluctuations on the validation
sample is observed, which indicates the achievement of a balanced operating mode of the model without
obvious signs of overtraining. A slight difference between the loss-sample curves indicates the variability
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Figure 6: Examples of false alarms.

Figure 7: Diagram of the mAP50 metric change on the validation sample by epochs.

of visual conditions inherent in the task, but does not significantly affect the overall tracking quality.
The next stage is to study the possibilities of tracking detected objects. The results of evaluating the
performance of the BYTETrack tracker on the test sample demonstrate a sufficiently high consistency
between detections and formed trajectories. The MOTA value = 0.79 indicates that most objects retain
their identity during observation even in the presence of partial overlaps or changes in scale (table 2).
The IDF1 indicator = 0.64 confirms a moderate level of accuracy of comparison between detections

Table 2

Metrics of tracking drones of the test sample by the BYTETrack algorithm.

MOTA | FIDF1 | FPS (CPU)
0.79 0.64 332

314



Figure 8: Diagram of the change in the value of the loss function on the training and validation samples by
epochs.

and existing tracks, which is typical for scenarios with uneven speed of movement. High performance
(332 frames per second on CPU when running on an Intel i5 processor, without video playback, the
tracker receives bounding box data and frame number from the set) gives reason to believe that the
selected algorithm configuration can be used in real-time systems without additional optimization.

Figure 9 shows the curve of training and validation losses during 200 epochs of training. A rapid
decrease in the value of the loss function is observed at the initial stages of training (0-20 epochs),
after which the dynamics gradually stabilizes. The training sample demonstrates a monotonic decrease
in the error up to a value of ~ 0.05, which indicates effective learning of patterns in the trajectories.
The validation curve after the initial decrease remains stable within 0.18-0.22, without significant
fluctuations or sharp jumps, which confirms the absence of overtraining. The early stopping mechanism
was not activated prematurely, which means stable dynamics of improvements up to the final epochs.
It should be noted that the trend of loss convergence is interpreted in the normalized coordinate space:
all positional values were previously scaled to the interval [0,1] relative to the width and height of the
image, which provides a unified measurement system and allows comparing the dynamics of learning
regardless of the real scale of the scene. That is why the error values in the range of 0.05-0.20 at this
stage correspond to small deviations in the normalized coordinates, while in the following sections,
where the results are presented in pixels, the absolute values may look significantly larger, although
they actually describe the same level of accuracy.

The summary metrics, shown in table 3, show an average root mean square error (RMSE) of 12.66
pixels, which corresponds to an accuracy level of ~1-2% of the typical frame width. The metrics ADE
= 14.1 and FDE = 17.4 pixels indicate that the model is able to not only generally correctly estimate
the direction of motion, but also predict the final position quite accurately in a 2-second horizon. The
computational complexity of the model is only 0.03 GFLOPs, making it suitable for deployment on
resource-constrained devices and integration into real-time systems.

Table 3
Transformer metrics in pixels on the test set.

RMSE | ADE | FDE | GFLOPs
12.66 14.1 17.4 0.03
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Figure 9: Transformer training diagram.

Thus, the results obtained confirm that the modified transformer architecture is capable of stable short-
term forecasting of UAV trajectories, maintaining a balance between accuracy, stability and performance.
Compared with the results of classical statistical filters (IMM/Kalman), which are presented in table 4,
the model demonstrates significantly lower error in maneuvering trajectories, which makes it promising
for practical use in situational awareness systems.

Table 4
IMM/Kalman metrics in pixels on the test set.

RMSE | ADE | FDE
126.27 | 161.1 | 250.95

The information system integrates a trajectory forecasting module that uses the transformer to predict
the drone trajectory 60 frames ahead. The result is displayed on the drone motion map. Examples of
the approach to forecasting UAV trajectory are shown in figure 10.

Visually, it can be seen that the model is able to reproduce both translational and maneuvering types
of movement with a slight deviation from the real trajectory, preserving both the general direction and
the local shape of the curve. In most cases, the discrepancy between the predicted and actual path grows
smoothly, which indicates the stable behavior of the model even under conditions of sharp changes in
direction.

As a result of comparison with known analogues, the proposed method demonstrates higher accuracy
in terms of the MOTA metric than most modern solutions for UAV tracking. For example, in the
conducted study, the value of the MOTA metric was obtained = 0.79, while in [18] MOTA = 0.461 is
reported.

For correct comparison with works in which the prediction error is given in meters, the difference
in coordinate representation formats should be taken into account. In the presented experiment,
trajectories were estimated in pixels normalized to the frame width, whereas in works like [19] the
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Figure 10: Examples of the approach to forecasting UAV movement trajectories.

error is measured in physical space. At a typical scene scale in the Anti-UAV set, one meter in the
observation plane corresponds to approximately 40-60 pixels (depending on the flight altitude and
viewing angle). Under this assumption, the RMSE value = 12.66 pixels is interpreted as approximately
0.25-0.32 m, which is comparable to the error of 0.214-0.41 m given in [19]. This indicates that even
with different estimation formats (image vs. sensor coordinates), the prediction accuracy is within the
range of state-of-the-art models adapted to physical space.

An additional advantage is the high performance of 332 FPS on CPU, which significantly exceeds
typical performance in open multi-object tracking implementations, where performance rarely exceeds
30-50 FPS. This allows us to classify the method as suitable for deployment in real-time conditions, in
particular in aerial monitoring or UAV countermeasure systems.

6. Conclusions

The paper develops a method for neural network detection and forecasting of UAV trajectories in a
video stream, which combines detection, tracking, and transformer forecasting in a single processing
pipeline. The constructed system is capable of forming continuous trajectories of small-sized objects
in difficult observation conditions and generating a short-term forecast with an RMSE error of 12.66
pixels (about the range of 0.25-0.32 m in physical space). To increase the accuracy of the system, the
use of deep forecasting architectures of the Transformer type is envisaged, which provides adaptability
to different types of trajectories.

The experiments conducted showed that the proposed approach provides the values of the metrics
MOTA = 0.79 and IDF1 = 0.64, which exceeds the published indicators of most modern solutions based
on statistical models and brings the system closer to the level suitable for real-time deployment. The
speed of 332 FPS on the CPU confirms the possibility of integrating the method into practical monitoring
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systems.

Despite the achieved results, the proposed approach has certain experimental limitations inherent in
most works of this class. The forecasting is carried out in two-dimensional image coordinates, which
corresponds to the conditions of stationary observation from a fixed camera, therefore, scenarios with
active platform movement require additional adaptation. The work considers only a short-term forecast
horizon, such an approach is justified for operational monitoring systems, and increasing the forecast
interval will require a combination with behavioral models or probabilistic uncertainty estimates. A
separate direction of development is the adaptation of the model to different types of dynamics from
translational motion to complex maneuvering modes, which can be implemented through preliminary
classification of trajectories or multi-model forecasting. These limitations will be addressed in future
studies.
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