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MOTION-CONSISTENT TEMPORAL FUSION FOR UAV DETECTION AND TRACKING

Background. Detecting and tracking Unmanned Aerial Vehicles (UAVs) in video streams is essential for modern air-space
monitoring yet remains challenging because UAVs are small, fast and easily confused with birds or background clutter.
Conventional detectors produce noisy, frame-wise boxes, while standard trackers still suffer from false positives and identity
switches. The purpose of this study is to stabilize UAV detections by adding a motion-aware temporal fusion method to a
mainstream detector-tracker pipeline.

Methods. A detection-tracking pipeline was constructed using an RT-DETR (Real-Time Detection Transformer) and
ByteTrack baseline, extended with a lightweight, training-free motion-consistent fusion (MCF) method. The method (i) aggregates
bounding-box history over five frames, (ii) averages spatial and confidence values, and (iii) penalizes tracks whose short-term
velocity or angular change exceeds empirically chosen thresholds. No appearance features or additional learning are required, so
the solution runs in real time on a single GPU.

Results. Experiments on a labelled UAV-video dataset show that the proposed method increases Multiple Object Tracking
Accuracy (MOTA) from 0.533 to 0.591, precision from 73 % to 84 %, and reduces identity switches from 60 to 28 (a 53 % improvement
in ID stability). Recall decreases slightly from 90 % to 76 %, reflecting a deliberate trade-off: the system filters unstable or non-UAV
motion to improve track consistency and suppress false positives. The evaluation was performed on more than 1,000 video
sequences, ensuring robustness across diverse flight environments.

Conclusions. The motion-consistent fusion method significantly enhances both accuracy and temporal coherence while
adding minor computational cost. It can be added into existing detection—tracking systems and is particularly suited for real-time
UAV surveillance applications, though performance may degrade if drones execute extremely abrupt maneuvers outside the
predefined motion thresholds.
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Background

Unmanned aerial vehicles (UAVs), commonly named as drones, are increasingly used in both civilian and military
applications. As the number of UAV operating in public and private airspace continues to grow, the need for accurate, reliable,
and real-time UAV detection systems becomes critical, particularly in video-based monitoring applications.

However, detecting and tracking UAVs in real-world videos is very challenging task. UAVs are typically small, fast-moving,
and often visually similar to birds and background objects. Even modern object detectors can produce noisy bounding boxes
with volatile confidence values for different frames. Multi-object tracking methods such as ByteTrack can associate detections
over time, but they are still vulnerable to false positives, identity switches, and lack semantic understanding of object motion.

This research focuses on the development of a lightweight, real-time fusion method to improve the temporal stability of
UAV detections in video. The object of study is a vision-based UAV monitoring system, and the subject is the refinement of
frame-level detections through fusion of temporal and motion information.

The goal of this paper is to improve UAV detection accuracy and tracking reliability by introducing a motion-aware temporal
fusion module. Special attention is paid to the Multiple Object Tracking Accuracy (MOTA) metric, which combines false
positives, missed targets, and identity switches into a single measure of tracking performance.

To achieve this, the following tasks were completed:

= Construction of a detection-tracking pipeline using RT-DETR and ByteTrack;

= |Implementation of a temporal fusion module that smooths detection outputs;

= |ntegration of a motion consistency filter to penalize erratic movement;

= Evaluation of detection and tracking performance.

The scientific novelty of this article lies in the proposed motion-consistent fusion (MCF) mechanism, which extends
standard temporal fusion with motion smoothness analysis, which is a method particularly suited for UAVs, that typically follow
smooth, linear trajectories. Unlike appearance-based methods, MCF does not require additional training or feature extraction,
making it highly practical for real-time UAV tracking.

Experimental results show that the proposed approach improves overall tracking accuracy, indicated by a higher MOTA
score, while increasing precision, and significantly lowering identity switches. Recall remains strong, though the method may
underperform in cases of highly dynamic or intentionally evasive flight patterns, where the assumption of smooth, UAV-like
motion no longer holds.

Related work. The real-time tracking of Unmanned Aerial Vehicles (UAVs) faces bigger challenges than detection alone:
extremely small targets, quick moves, frequent disappearances, and camera motion. So, recent research in UAV tracking
focuses on two goals: building high-quality benchmarks that reveal these pitfalls and designing trackers that remain robust
while still running at video rate on edge hardware.

Jiang et al. introduce Anti-UAV, a large-scale RGB benchmark containing more than 300 video pairs and about 580k
manually annotated bounding boxes (Jiang et al., 2021). Beyond its size, the dataset pairs each UAV sequence with an
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empty-background counterpart, enabling dual-stream evaluation, and the authors supply a baseline tracker (DFSC) that
exploits semantic flow to stabilize appearance drift, showing a significant margin over earlier Siamese architectures.

To support this, Zhao et al. created DUT Anti-UAV, which combines 10 000 labelled still images for detection with 20 RGB
videos for tracking (Zhao et al., 2022). The authors demonstrate that fusing a YOLO-style detector with a lightweight
correlation-filter tracker markedly boosts precision, underlining the value of joint "detect-then-track" pipelines when the target
is tiny or often disappears.

While both datasets rely on visible light, Zhang, P. et al. extend the problem to visible-thermal UAV tracking (VTUAV) by
collecting 500 RGB-T sequences totaling 1.7 million 1080 p frame pairs (Zhang, P. et al., 2022). They also created a new tracker
called the Hierarchical Multi-modal Fusion Tracker (HMFT), which combines thermal information at different levels. This layered
approach reduces tracking failures by about 20% in their tests, showing that heat data can help when lighting is poor.

Transformer backbones increasingly dominate state-of-the-art trackers. Yu et al. present UTTracker, whose unified
Transformer feeds four specialized heads: (i) multi-region local search, (ii) global detection for re-entry, (iii) background
correction to cope with camera motion, and (iv) a dynamic head tuned for very small targets (Yu et al., 2023). This holistic
design secured the 2nd place in the 3rd Anti-UAV Challenge, highlighting that integrating detection, localization, and motion
compensation is more effective than alternating them.

Robustness can also be improved through representation learning. Fu et al. propose PRL-Track, which first learns a
coarse appearance-aware representation, then progressively refines it via a hierarchical generator (Fu et al., 2024). Despite
the two-stage pipeline, PRL-Track maintains 42.6 FPS on an Nvidia Xavier, illustrating that adaptive feature refinement can
balance accuracy with real-time constraints on embedded hardware.

Finally, Do et al. tackle deployment at scale with RAMOTS, a real-time multi-object tracker that couples YOLOVS (Reis et al.,
2023) and YOLOv10 (Wang et al., 2024) (versions of the You Only Look Once real-time object detection algorithm) detectors
and BYTETrack (Zhang, Y. et al., 2022) / BOTSort (Aharon, Orfaig, & Bobrovsky, 2022) trackers for fault-tolerant processing (Do
et al., 2024). Although aimed at "from-UAV" rather than "against-UAV" scenarios, RAMOTS demonstrates that big-data tooling
sustains 28 FPS while managing large video streams—an architectural insight relevant to surveillance networks.

However, existing methods often overlook the specific motion characteristics of UAVs, leading to false positives in
cluttered environments. To address these limitations, the method proposed in this paper consists of three main components:
a transformer-based detector, an association tracker, and a novel motion-consistent fusion mechanism designed to stabilize
trajectories based on flight dynamics.

Methods

The proposed approach comprises three stages: an object detector RT-DETR (Wang et al., 2025), a multi-object tracker
ByteTrack (Zhang, Y. et al., 2022), and a custom temporal fusion module that filters and stabilizes detections based on motion
consistency.

Detection Stage. The first component of the proposed system is the object detection model, which is responsible for
identifying UAV instances in video frames. The RT-DETR (Real-Time Detection Transformer) is used as the backbone
detector due to its balance between speed and accuracy, particularly suitable for real-time UAV monitoring applications.

RT-DETR is a transformer-based object detector that directly predicts bounding boxes and class probabilities without the
need for anchor generation or post-processing steps such as non-maximum suppression (NMS). It uses a combination of
convolutional and attention-based layers to extract rich spatial and contextual information from the input image. The
architecture produces a fixed set of object queries, each corresponding to a potential object instance.

At inference time, RT-DETR outputs a set of detections per frame, where each detection includes:

= A bounding box (x,y,w, h);

= Aclass label (in this case, primarily "UAV");

= A confidence score ¢ € [0,1].

These frame-wise detections are passed to the tracking and fusion stages for temporal association and refinement.

Tracking stage. To maintain object identity across video frames and enable temporal reasoning, a real-time multi-object
tracking method based on ByteTrack is integrated. ByteTrack is a high-performance, association-based tracker that links
object detections over time without relying on deep appearance features, making it lightweight and well-suited for UAV tracking
in real-time scenarios.

At each frame t, the detector (RT-DETR) produces a set of bounding boxes {B}} with associated confidence scores.
ByteTrack divides these detections into high-confidence and low-confidence sets using a fixed threshold (e.g., 0.5). It then
performs data association between the new detections and previously tracked objects.

Each object track maintains a motion model using a Kalman filter. The position of the object is predicted in the current
frame using the following linear state transition model:

Xelg—1 = A Xpq,

where x;_; - is the previous state vector of the object (e.g., center position and velocity), A — is the state transition matrix
(typically constant), x;|,_; — is the predicted state before updating with new observations.

To match detections with predicted tracks, ByteTrack computes the Intersection over Union (loU) between the predicted
bounding box B; and the detected box B;:

|BiNBj|
|BiUB;|

IOU(BUB]) =

A cost matrix is constructed based on this metric, and the Hungarian algorithm is used to solve the assignment problem,
pairing detections with existing tracks by maximizing overall loU.

Each matched track is updated with the new detection. Unmatched tracks are temporarily retained and predicted forward
using the Kalman filter, allowing the system to recover from short-term occlusions. Tracks that remain unmatched for a
predefined number of frames are terminated. Importantly, ByteTrack does not modify detection confidence or bounding box
geometry, it only propagates and assigns object identities.
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While ByteTrack is highly effective for frame-to-frame association, it is sensitive to detection noise and does not enforce
global consistency across time. To deal with these challenges, a temporal fusion method is introduced in the next section that
smooths detection results and penalizes unusual motion patterns, which are rare in typical UAV trajectories.

Temporal Fusion Method. Although the integration of ByteTrack provides temporal identity assignment and object
association across frames, it does not directly improve the quality or stability of detection results. In real-world UAV tracking
scenarios, especially under challenging conditions (e.g., occlusions, fast motion, or cluttered backgrounds), frame-by-frame
detections can have high variance in both confidence scores and bounding box locations. To address these limitations, in this
paper a lightweight temporal fusion method is introduced that aggregates detection information over time for each tracked object.

The core idea of the proposed fusion method is to keep a fixed-length history buffer for each object track, indexed by its
unique track ID. This buffer stores the most recent N detections associated with the object, including:

* The bounding box coordinates Bf = (x,y,w,h),

= The detection confidence c;.

At each frame, the fusion method performs the following steps for every active track:

Step 1. Update the buffer with the current detection (bounding box and confidence).

Step 2. Remove the oldest entry if the buffer exceeds the maximum length N.

Step 3. Compute a fused bounding box by averaging the coordinates across all buffer entries:

B =iYt=t—N+B.

N

Step 4. Compute a fused confidence score as the mean of the stored scores:

Cl=NZt=t—N+Ci.

Step 5. Estimate the detection stability by calculating the standard deviation of the bounding box center positions across
the buffer. If the standard deviation exceeds a defined threshold, the detection is flagged as unstable and may be suppressed.

This temporal fusion approach reduces jitter in bounding box placement and filters out short-lived, noisy detections. The
averaging strategy also increases the reliability of confidence scores, allowing the system to more robustly handle volatile
detections that may otherwise be discarded or mismatched.

The fusion process is non-parametric and computationally cheap, requiring only arithmetic operations over a small buffer.
It can be applied in real time and is fully compatible with online tracking systems.

In the next section, this fusion mechanism is extended by incorporating motion consistency analysis to further penalize
erratic movement patterns that are unlikely to originate from UAVs.

Motion Consistency Filtering. To further improve the robustness of UAV tracking, a motion consistency filtering
mechanism is proposed to enhances the temporal fusion method by incorporating dynamic constraints based on typical UAV
movement patterns. While the fusion module stabilizes detections over time, it does not consider the physical plausibility of
an object's trajectory. In contrast, motion consistency filtering evaluates whether an object is moving in a smooth, UAV-like
manner and penalizes tracks that have unnatural behavior.

UAVs typically have controlled, smooth motion, often with steady direction or hovering behavior. In contrast, false positives
such as birds, background clutter, or detection noise tend to result in abrupt position changes or inconsistent movement
between frames. The proposed method exploits this behavioral distinction to assess and filter object tracks.

For each object track, the short-term trajectory is analyzed over the last N frames using its center point positions pf = (x, o).

The following parameters are computed:

= Velocity change (Av):

Av = ||pf = 2p{t + pf72;
= Angular deviation (AB):

’

AB = arccos(

(i =pi7%)- (i -pi™Y)
llpi = = w21 - llpi - Pf‘1||>
= Motion consistency score (MCS):

MCS = a-Av + [ -A6.

If the motion consistency score exceeds a predefined threshold T, the corresponding detection is flagged as inconsistent
and either penalized (by reducing its confidence) or temporarily ignored by the tracking system.

This filtering mechanism helps suppress false positives caused by fast-moving distractors, reduce identity switches in
noisy scenes, and prioritize detections that exhibit UAV-like motion patterns. Importantly, this enhancement is model-free and
fully compatible with real-time deployment.

Fusion Algorithm. The final stage of the system combines the results of detection, tracking, temporal fusion, and motion
consistency filtering to produce reliable, temporally stable UAV detections with unique identifiers. This stage determines which
object tracks are retained and presented as output at each frame.

For each frame, the system performs the following steps:

1. Detection and tracking: The RT-DETR model generates bounding boxes and confidence scores, which are associated
across frames using ByteTrack. Each detection is linked to a persistent object track with a unique ID.

2. Temporal fusion: For each active track, a fused bounding box and smoothed confidence score are computed by
aggregating the track's detection history over the last N frames. This reduces jitter and stabilizes detection output.
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3. Motion consistency filtering: The short-term motion pattern of each track is analyzed to compute a motion consistency
score. Tracks with erratic or physically implausible motion are flagged and penalized by lowering their confidence or
suppressing their output altogether.

4. Decision thresholding: Tracks that meet all criteria — including minimum confidence, temporal stability, and motion
consistency — are passed to the final output stage. Each retained track is represented as:

Output = (B;, ¢, track_id),
where B; is the fused bounding box, ¢; is the smoothed confidence score, and track_id is the assigned identity.

To formalize the decision-making process, we define a valid output set Oy;,,4; at frame t. A track T; is included in the final output
only if it satisfies both spatial stability and motion consistency constraints. This can be expressed using an indicator function:

Ofinat = { (B, C,id;) | i € T, o(HPP®) < 04n A Smotion (@) < T}.

where Ofinq; —is the set of validated output tracks; T; — represents the set of all candidate tracks at frame; B, and C, — denote
the fused bounding box and confidence score; c(Hl-bb"") — is the spatial stability metric (standard deviation of the history
buffer); Smotion (i) — is the motion consistency score; o, and t are the stability and motion thresholds, respectively.

The full logic of the fusion and filtering process is showed in Algorithm 1 below.

Algorithm 1. Fusion strategy of tracker

Input:
T, — set of tracks at frame k
H — history buffer per track 1D
N — history length (e.g., 5 frames)
Ouwresn — Stability threshold
Onax — max angle deviation
Vmax — Max velocity change
Output:
T Mused — filtered, fused tracks for frame k

1: for each track t in T, do

2: id « t.id

3: bbox « t.bbox

4: conf « t.confidence

5: if H[id] does not exist then

6: initialize H[id] < empty list

7: end if

8: append (bbox, conf) to H[id]

9: if length(H[id]) > N then

10: remove the oldest entry from H[id]

11: end if

12: bboxes « list of all b from (b,) in H[id]

13: confs « list of all ¢ from (, c) in H[id]

14: fused_bbox «— mean(bboxes)

15: fused_conf «— mean(confs)

16: bbox_std « standard_deviation(bboxes)
17: compute motion_score from recent bboxes
18: — velocity < center_distance(b,, b,_1)
19: — angle_change < angle(center,_, — center,_; — center,)
20: — velocity < center_distance(b,, b,_1)
21: if bbox_std < Gyre., and motion_score < threshold then
22: mark track t as "stable"

23: output (fused_bbox, fused_conf, id)

24: else

25: penalize fused_conf

26: end if

27: end for

The proposed fusion algorithm introduces a novel enhancement over classical temporal fusion techniques by incorporating
a lightweight motion consistency filter. Traditional fusion methods typically rely on statistical averaging (e.g., exponential
moving averages or buffer smoothing) across historical detections to reduce jitter and noise. While effective in improving
spatial stability, these approaches are blind to the dynamics of object motion and may average out valid but fast movements,
or fail to suppress outliers caused by false positives.

In contrast, the proposed method evaluates each fused detection not only based on temporal coherence but also on
motion plausibility, derived from short-term velocity and angular trajectory consistency. By explicitly penalizing tracks with
erratic movement patterns, such as sudden jumps, sharp turns, or non-UAV-like acceleration, the proposed approach
suppresses false positives (e.g., birds, clutter, background detections) without compromising on real-time performance.
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This is considered particularly critical in UAV surveillance applications, where:

= Most UAV have smooth, predictable motion patterns.

= False positives often have inconsistent or unnatural motion.

= The system must be efficient and non-reliant on deep appearance models (e.g., no Re-ID or embeddings).

This fusion strategy improves detection precision while maintaining tracking integrity, leading to fewer identity switches,
lower false positives, and more consistent trajectories.

Results

The system was evaluated on the (Jiang et al., 2021; Zhang, P. et al., 2022; Zhao et al., 2022) UAV video dataset, which
contains more than 1000 video sequences annotated with bounding boxes and object identities. The dataset includes a
diverse range of scenes such as urban areas, vegetation, and open skies, with variable lighting and UAV altitudes.

The detection method uses a pretrained RT-DETR model fine-tuned on UAV-specific data. Tracking is performed with
ByteTrack, configured with a high-confidence threshold of 0.5 and a Kalman filter for state propagation.

Our temporal fusion method maintains a fixed-length history buffer N = 5 and applies motion filtering using two features:
center velocity change and angle deviation. Tracks are penalized if their standard deviation exceeds o;,.sn, = 20 pixels or if
their motion score exceeds a dynamic threshold. All experiments were run on an NVIDIA RTX 3070 ti.

We evaluate performance using:

= MOTA as an overall indicator of tracking accuracy,

= Precision and Recall for detection quality,

= |dentity Switches (ID Switches) for measure identity consistency during tracking.

Table 1
Result comparison of fusion configurations
Approach MOTA Precision Recall ID Switches
RT-DETR only 0.431 0.682 0.824 -
+ ByteTrack 0.480 0.736 0.806 57
+ Fusion (baseline) 0.533 0.733 0.900 60
+ MCF (our approach) 0.591 0.838 0.755 28

Table 1 presents a comparison of detection and tracking performance across different system variants with MOTA used
as the primary measure of overall tracking accuracy. The baseline RT-DETR detector achieves a MOTA of 0.431, along with
precision of 68% and recall of 82%, but lacks any temporal consistency or object ID tracking.

Adding ByteTrack improves tracking performance to a MOTA of 0.480, driven by gains in precision (up to 74%) and
tracking consistency, though 57 identity switches still occur.

The baseline fusion approach further raises MOTA to 0.533, with recall peaking at 90%, confirming that temporal
smoothing helps recover missed detections, but identity stability remains limited (60 ID switches).

The proposed method, Motion-Consistent Fusion (MCF), achieves the best overall results:

= MOTA increases to 0.591, the highest score among all tested variants,

= Precision improves to 84%,

= Recall decreases slightly to 76%,

= |D switches are reduced to just 28.

This trade-off, higher MOTA and precision at the cost of a small recall drop-reflects the effect of motion consistency
filtering, which suppresses detections with erratic or non-UAV motion. While a few true but noisy detections may be excluded,
the result is a more stable and reliable tracking system, with improved resistance to clutter and false positives.

Figure 1 illustrates typical frames where the proposed method smooths detections and eliminates false tracks.

frame_000100

Drone 0.81

frame_000300

Fig. 1. Examples of the motion-consistent fusion (MCF) results
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Discussion and conclusions

In this paper, a lightweight and effective temporal fusion framework for UAV detection and tracking in video streams is
presented. Based on a standard detection-tracking pipeline with RT-DETR and ByteTrack, a novel motion-consistent fusion
(MCF) method is proposed, which improves detection stability by combining temporal smoothing with motion plausibility
analysis.

The proposed method introduces two key ideas:

1. Temporal aggregation of bounding boxes and confidence scores over a fixed-length buffer, reducing frame-to-frame jitter.

2. Motion consistency filtering, which penalizes tracks exhibiting erratic movement patterns unlikely to represent UAV
behavior.

Experimental results on a UAV video dataset demonstrate that the proposed approach improves overall tracking
performance, achieving a higher MOTA score, increased precision, and significantly fewer identity switches. While recall
decreases slightly, this trade-off helps suppress false positives and ensures more stable, UAV-like tracking behavior. MCF
increases MOTA from 0.533 to 0.591 — the highest among all tested variants, while maintaining real-time operation, requiring
no additional training, and integrating seamlessly with existing detection and tracking systems.

Overall, the proposed method offers a practical and generalizable improvement for UAV detection systems, particularly in
real-world conditions where false positives and unstable detections are common.
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METO[ Y3rOXXEHOIO 3A PYXOM YACOBOI'O ®'FOXXHA Ond BUABNEHHA TA BIACTEXEHHA BMJA

B cTyn. BusieneHHss ma eiocmexeHHs1 6e3ninomHux nimanbHux anapamie (BI1J/1A) y eideonomokax € KpUMUYHO 8aJlueuM 3a80aHHSIM
cy4acHO20 MOHimopuHay noeimpsiHo2o npocmopy. BoOHo4Yac e0oHO 3anuwaembcsi ckiadHUM Yepe3 mani po3mipu, weudkul pyx BIJIA ma ixHio
cxoxicmb i3 nmaxamu 4u ¢gpoHosumu o6'ckmamu. Tunoei demekmopu ¢hopmyromb HecmabinbHi pedynbmamu, siki 3anexams eid kadpis, a
knacu4Hi mpekepu 4acmo Oaromb XxubHi cnpayboeyeaHHsi ma nomusku demekyii. Memoto yiei po6omu € cmabinizayis demekuyil BI1JTA
dodaeaHHaAM Ao cmaHOapmHo20 Jdemekuii-mpekiHz nalnnaliHy cneyiabHO20 Memody 4Yacoeo-rNpPocmopoeo2o ¢h'lKHa, 4ymaueoz2o 00
xapakmepy pyxy o6'ekma.

Me Toawn. basosy cucmemy RT-DETR + ByteTrack po3wupeHo 3a 00oMo20H0 Jjieako2o Memody y3200)KeHO20 3 pyxom 32n1adxyeaHHsi (MICF),
KUl He 3anexums 8i0 Has4aHHs. Ljeli Memod: (i) aepezye icmopito o6MexyeanbHUX paMOK 3a ocmaHHi n'ame kadpis, (ii) ycepedHroe npocmopoei
KoopduHamu ma pieHi doeipu, (iii) wmpagye 3HalideHi 06'ekmu, y IKUX KOPOMKOYacHi 3MiHU weudkKocmi abo Kyma nepesuwytoms emnipu4yHo
o6pani nopoau. KodHi o3HaKu 308HiWHOCMIi Yu dodamkoee Hag4aHHsI He MOMpPIi6GHi, MOX piuleHHs1 Npaytoe 8 peasbHOMYy Yaci Ha oOHomy GPU.

Pe3ynbTaTtun. Ekcnepumenmu Ha po3miveHoMy Habopi eideo 3 BI1JIA noka3yromsb, ujo 3anponoHosaHuli memod nideuwyye MOTA 3 0.533
do 0.591, Precision — i3 73 % 0o 84 %, a Kinbkicmb nomusok ideHmudpikayii smeHwyemscs i3 60 do 28 (nokpaujeHHsA Ha 53 % y cmabinbHocmi
ideHmudpikayii). Recall mpoxu 3Huxyembcsi 3 90 % 9o 76 %, wo eidob6paxae ceidomuli KoMnpomic: cucmema 8idghinbmposye HecmabinbHi a6o
HexapakmepHi dnsa BIJIA mpaekmopii, w06 nokpawumu MoYyHicms i 3MeHWumMu KinbKicmb XubHuUX crnpayboeyeaHb. OyiH8aHHs nNpoeedeHo
Ha noHad 1 000 eideo3anucax, wjo 3abe3neyye HadiliHicmb pe3ysnbmamie y pi3HOMaHimMHUX yMogax rnosibomy.

BucHoBku. 3anponoHosaHuli MemoO ¢h'toxkHa Cymmeeo nokpawye sik mo4Hicms, mak i cmabinbHicmb pe3ynbmamie y nocnidoeHocmi
kadpie eideosidcmexeHHs1, NPaKMUYHO He 36iNbLWyroYu 06YucnosanbHi eumpamu. Mo2o0 MoXHa neaKo iHmeapyeamu y exe HasieHi cucmemu
demekyii ma mpekiHay. Memod ocobnueo eghekmueHuli Os1s1 3acmocyeaHHsl 8 peaslbHOMY 4aci, xo4a lio2o nPodyKmueHicmb Mojxe 3HUXyesamucs
y eunadkax piskux a6o HenepedbayyeaHux maHeepie BI1J/IA no3a mexamu 3a3daneziOb su3Ha4YeHUX napamempie pyxy.

Knw4yoBi cnoBa: BIJA, mpekiHz 06'ekmie, demekyisi 06'ekmis, anzopumm ¢h'toxxHa, pinsmp pyxy, RT-DETR, ByteTrack.

ABTOpM 3asBNAIOTb NPO BiACYTHICTb KOH(MIKTY iHTepeciB. CnoHcopu He Bpanu yvacTi B po3pobneHHi AocnigXeHHs ; y 36opi, aHanisi um
iHTepnpeTauii AaHWX; y HanMcaHHI pykonucy; B pilleHHi npo ny6nikauito pesynbTarTis.
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