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ABSTRACT

Lane-change recognition in traffic videos captured by unmanned aerial vehicles is challenging due to small vehicle size,
global camera motion, and the computational cost of dense video processing. We propose a motion-aware adaptive fragmentation
framework that combines homography-based camera-motion compensation, optical-flow-guided motion-saliency estimation, and
sparse spatiotemporal Transformer modeling. Motion-salient regions are represented using fine-grained patches, whereas regions
with lower motion activity are processed using larger patches to reduce redundant spatial representation. The framework was
evaluated on a lane-change dataset derived from tracking annotations of the Unmanned Aerial Vehicle Benchmark using an
automatic trajectory-based label-generation procedure. The resulting dataset contains four hundred and one thousand three hundred
forty-five eight-frame temporal windows extracted from thirty aerial video sequences and one thousand three hundred sixteen vehicle
tracks, including fifty-four thousand seven hundred and seventy-five lane-change and three hundred forty-six thousand, five hundred
seventy normal-driving samples. Experimental results demonstrate an accuracy of zero point seven nine, a binary F1-score of zero
point seven seven, an area under the receiver operating characteristic curve of zero point nine three, and an area under the precision-
recall curve of zero point nine one. The proposed adaptive representation limits the number of spatial tokens to a maximum of sixty-
four per vehicle-centered frame, corresponding to a seventy-five percent reduction in the maximum spatial token budget relative to
the two hundred fifty-six-token dense uniform-patch tubelet baseline. The results indicate that motion-aware adaptive fragmentation
can preserve competitive lane-change recognition performance while substantially reducing the spatial token sequence processed by
the Transformer. This provides a promising basis for computationally efficient aerial traffic monitoring, while complete assessment
of edge-deployment efficiency requires future end-to-end measurements that also account for homography estimation and optical-
flow computation.
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INTRODUCTION

Lane-change recognition is important for traffic
safety analysis, behavior understanding, and
autonomous-driving support. UAVs provide wide-
area traffic observations, but aerial video introduces
small targets, camera motion, and substantial
spatiotemporal redundancy that complicate efficient
maneuver recognition.

Reliable  recognition  of  lane-changing
maneuvers can support the identification of hazardous
situations and improve traffic-dynamics analysis.
UAV-based monitoring offers flexible, wide-field
traffic observation; yet global camera motion,
viewpoint variation, and small vehicle size make
motion estimation difficult. Dense video models also
process large amounts of static background
information, increasing computational cost.
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To address these limitations, we propose a
motion-aware adaptive fragmentation framework
that combines vehicle-centered tubelets,
homography-based UAV motion compensation,
weighted  optical-flow  saliency, hierarchical
patching, and transformer-based temporal modeling.

The framework allocates fine patches to
motion-salient regions and coarse patches elsewhere,
reducing the spatial token sequence while preserving
maneuver-related information.

The main contributions of this work are as
follows.

1. A motion-aware adaptive fragmentation
strategy for efficient lane-change recognition in
UAV traffic videos.

2. Integration of homography-based UAV
motion compensation with weighted optical-flow-
based motion saliency estimation.

This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/deed.uk)
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3. A sparse spatiotemporal transformer
framework that reduces the number of processed
spatial tokens while preserving recognition
performance.

4. Experimental validation on a lane-change
dataset derived from UAVDT, demonstrating
improved recognition accuracy and reduced spatial
token processing compared with a dense uniform-
patch tubelet baseline.

1. RELATED WORKS

Lane-change recognition has traditionally relied
on vehicle trajectories, lane geometry, and
handcrafted motion descriptors. Such approaches
can be effective when reliable tracking and lane
information are available, but their dependence on
structured traffic variables limits direct use in
visually complex UAV scenes [1], [2].

Deep video models, including CNN-, 3D-CNN-,
and  transformer-based  architectures, learn
spatiotemporal representations directly from visual
data [3]-[9]. However, dense processing introduces
redundant computation, especially when target
vehicles occupy only a small part of an aerial frame.

Optical flow provides explicit pixel-level motion
cues and is widely used in action and vehicle-
behavior analysis [11], [12], [13], [14]. In UAV
video, global camera motion can dominate local
vehicle motion, motivating motion compensation
before residual motion analysis.

Efficient  transformers  reduce redundant
processing through sparse attention, adaptive token
selection, and dynamic spatial allocation [15], [16],
[17], [18]. These ideas motivate the proposed
motion-guided fragmentation strategy.

Existing work rarely combines UAV motion
compensation, adaptive motion-aware  spatial
representation, and sparse transformer temporal
modeling for lane-change recognition. This work
addresses that gap in a unified framework.

2. PROBLEM STATEMENT

Lane-change recognition in UAV traffic video
requires distinguishing subtle vehicle motion from
global camera motion while avoiding redundant
processing of static image regions.

Dense full-frame video models can capture
maneuver dynamics but are inefficient for aerial
scenes in which vehicles occupy only a small
fraction of the frame. UAV translation, rotation, and
vibration further distort optical-flow estimates.

The objective of this work is to develop an
efficient framework for lane-change recognition in
UAYV traffic videos that reduces spatial-temporal

redundancy while
vehicle dynamics.

Specifically, the proposed approach aims to:

1) compensate UAV-induced camera motion to
improve motion estimation accuracy;

2) use optical-flow analysis to detect motion-
salient regions;

3) adaptive fragmentation for dynamic spatial
resolution distribution;

4) sparse spatio-temporal
vehicle behavior modeling;

5) to achieve a good trade-off between
recognition accuracy and computational efficiency.

The resulting framework is designed to focus
computational resources on motion-relevant traffic
regions while minimizing redundant processing of
static background areas, making it suitable for

deployment in resource-constrained UAV-based
traffic monitoring systems.

3. PROPOSED METHOD

This work proposes a motion-aware sparse
spatiotemporal ~ framework  for  lane-change
recognition in UAV traffic videos. The method
combines global motion compensation, vehicle-
centered  tubelets, motion-guided  adaptive
fragmentation, and factorized spatial-temporal
transformer modeling.

Overview. Because UAVDT does not provide
lane-change annotations, labels are generated
automatically from vehicle trajectories. The
recognition pipeline then performs UAV motion
compensation, vehicle-centered cropping, residual
optical-flow analysis, adaptive fragmentation, and
transformer-based window classification.

Given an input UAV video sequence, global
UAV-induced camera motion is first compensated
between consecutive full-resolution frames using
homography estimation. The frame-specific vehicle
tracking annotations are then used to extract
128x128 object-centric regions around individual
vehicles. Eight consecutive regions form a tubelet,
and residual optical flow is computed between
consecutive  compensated regions using the
Farnebéck algorithm [19].

preserving motion-sensitive

transformer  for

Motion-Aware Adaptive Fragmentation

The residual optical-flow field obtained after
UAV motion compensation is representedii through
horizontal and vertical motion components. Since
lane-change maneuvers often involve significant
lateral displacement, the motion saliency M at pixel
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coordinates (x,y) is computed according to formula

()
M(x,y) = / {(ruw®+ w2, M)

where u and v denote the horizontal and vertical
optical flow components, respectively, and wu> wy
are the weighting coefficients that prioritize lateral
motion. In all experiments, the weighting
coefficients were fixed to wy = 1.5 and wy = 1,
emphasizing lateral motion associated with lane-
changing behavior. The weighting wu =1.5 and wv
=1.0 was empirically selected to increase sensitivity
to horizontal motion patterns observed in the
analyzed UAVDT sequences. No explicit road-
orientation normalization was applied during
preprocessing. Consequently, the current weighting
is not rotation-invariant and its effectiveness may
depend on the orientation of the road relative to the
image coordinate system. This weighted motion
representation increases sensitivity to motion
patterns potentially associated with lane-changing
behavior while preserving information about overall
vehicle dynamics.

The resulting motion map serves as a motion-
saliency representation that guides adaptive
fragmentation. Each frame is partitioned using a
hierarchical patching strategy.

Depending on local motion activity, one of
three fragment resolutions is assigned:

e 8x8 patches for regions with high motion
activity;

o 16x16 patches for regions with moderate
motion activity;

o 32x32 patches for regions with weak motion
activity.

Fragments are extracted without overlap:
smaller patches preserve fine motion details, while
larger patches reduce redundancy in low-motion
regions.

All fragments are resized to a common
resolution and projected into fixed-dimensional
embeddings.

Spatiotemporal ~ Representation  Learning.
Adaptive fragment embeddings are augmented with
positional information and processed by a spatial
transformer encoder.

A learnable classification token [20] aggregates
the spatial patch information into a compact frame-
level representation.

Frame-level representations are passed to a
temporal transformer that models motion evolution
across the eight-frame tubelet.

This factorized design separates within-frame spatial
modeling from temporal dynamics and avoids dense
spatiotemporal attention over all patches and frames
simultaneously.

During inference, overlapping eight-frame
windows are processed independently; their
predictions are not aggregated in the reported
window-level evaluation.

Window-Level Lane-Change Classification. A
lightweight classification head converts the temporal
representation into a lane-change probability for
each eight-frame window.

The framework therefore performs visual
maneuver recognition without requiring lane
geometry or handcrafted behavioral rules during
inference.

Overall, the method combines object-centric
representation,  camera-motion  compensation,
adaptive spatial processing, and temporal attention
to reduce redundant token processing while
preserving lane-change cues.

Inference and Decision Strategy. Each tubelet is
processed independently by the spatial and temporal
transformer modules, and the classification head
outputs the lane-change probability p.

The final binary prediction is obtained using
the threshold-based decision rule in Eg. (2).

~ (Lp=t
y_{0,10<T @)

where p is the predicted probability of the lane-
change class; = 0.6 is the decision threshold

selected on the validation set; y is the final predicted

label; y = 0 corresponds to normal driving.

The decision threshold is selected on the
validation set; no explicit trajectory or lane-
geometry analysis is required at inference time.

4. TRAINING

The framework is trained on UAVDT-derived
traffic sequences using track-separated temporal
windows, weighted loss for class imbalance, and
cached motion preprocessing.

Dataset Preparation and Annotation. UAVDT
provides diverse aerial traffic scenes and vehicle
tracking annotations. These annotations were
adapted to lane-change recognition as follows.

Vehicle-Centered Tubelet Generation. Frame-
specific UAVDT bounding boxes locate each
tracked vehicle.

After global motion compensation, a 128x128
vehicle-centered crop is extracted from each frame
using the corresponding bounding box. Eight
consecutive crops form the spatiotemporal tubelet,
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with updated bounding boxes allowing the crop to
follow the vehicle.

Automatic  Trajectory-Based  Labeling.
Vehicle trajectories were derived from the UAVDT
tracking annotations using normalized bounding-box
center coordinates. Candidate lane-change events
were identified automatically using nine-frame
trajectory segments. For each segment, lateral
motion was quantified as the standard deviation of
the normalized horizontal vehicle position, while
directional variation was measured as the mean
absolute change in trajectory angle. A segment was
identified as a lane-change candidate when the
lateral-motion measure exceeded 0.004 and the
mean angular change exceeded 0.05 rad; otherwise,
it was classified as normal driving. The resulting
trajectory-level labels were then mapped to temporal
windows of L=8 consecutive frames used as model
inputs. An eight-frame window was assigned the
positive Lane Change label if it overlapped with at
least one trajectory segment identified as a lane-
change candidate; otherwise, it was labeled as
Normal Driving.

Temporal Window Generation. Fixed-length
temporal windows of L=8 consecutive frames were
extracted using a sliding-window procedure with a
stride of one frame. At 30 fps, the temporal interval
between the first and last frames of each window is
approximately 0.233 s, while consecutive window
starting positions are separated by approximately
0.033 s. The resulting windows overlap substantially
and were treated as independent samples during the
reported window-level evaluation; predictions from
overlapping windows were not aggregated.

Optical-flow maps and adaptive fragmentation
layouts are precomputed and cached on disk to avoid
repeated preprocessing during training.

Training Strategy and Implementation. The
framework is implemented in PyTorch and
optimized with AdamW using the configuration
summarized in Table 1.

Class Imbalance Handling. Lane-change
events occur considerably less frequently than
normal-driving events. To address class imbalance
[21], weighted Binary Cross-Entropy loss is used
during training (3), assigning a higher penalty to
misclassification of the minority Lane Change class:

Ly = —[wyylog(p) + (1 — y)log(1 - p)], (3)

where y is the ground-truth label; p is the predicted
probability; w; is the positive-class weight computed
from the class distribution.

In the experiments, the positive-class weight
was set to wp=6.33, reflecting the imbalance

between the Normal Driving and Lane Change
classes.

The positive-class weighting reduces bias
toward the majority Normal Driving class.

Architecture Details. Adaptive fragments are
linearly projected to embeddings with positional
encodings, processed by the spatial transformer, and
then passed to the temporal transformer.

Evaluation Protocol. Training, validation, and
test data are separated at the vehicle-track level to
prevent temporal leakage.

Performance is evaluated using Accuracy,
Precision, Recall, Binary F1-score, ROC-AUC, and
PR-AUC.

Because the classes are imbalanced, ROC-AUC
and PR-AUC are reported alongside threshold-
dependent metrics, with PR-AUC providing
particular insight into minority-class performance
[22].

Computational efficiency is evaluated by the
average number of adaptive patches and spatial
tokens processed by the transformer.

Model and Training Configuration. Table 1
summarizes the main architectural, fragmentation,
and training parameters for reproducibility.

Table 1. Model and Training Configuration

Parameter Value
Input region size 128 x 128 pixels
Temporal window length  |L = 8 frames
Sliding-window stride 1 frame
Video frame rate 30 fps
High-motion patch size 8x8
Medium-motion patch size 16 x 16
Low-motion patch size 32 x 32

High-motion threshold
Medium-motion threshold

P85 (85th percentile)
P60 (60th percentile)

Patch embedding 128
dimension

Transformer encoder layers 4
Attention heads 4
Batch size 32
Optimizer AdamwW
Learning rate 2 %10
Number of epochs 50
Classification threshold 1=0.6
Positive-class BCE weight |wp =~ 6.33
Hardware platform NVIDIA T4 GPU

Source: compiled by the authors
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Motion thresholds are defined by the saliency
distribution: P85 for high-motion 8x8 patches, P60-
P85 for medium-motion 16x16 patches, and values
below P60 for low-motion 32x32 patches.

5. EXPERIMENTS

The experiments evaluate classification quality
and spatial-token efficiency of the proposed
framework under UAVDT-derived aerial traffic
conditions.

Experimental Setup and Evaluation Metrics.
The dataset contains 401,345 eight-frame windows
from 30 UAV sequences and 1,316 vehicle tracks:
54,775 Lane Change (13.6 %) and 346,570 Normal
Driving (86.4 %). A 70%/15%/15%
train/validation/test split is applied at vehicle-track
level so that all windows from a track remain in one
subset, preventing temporal leakage.

Windows use L=8 frames with stride 1.
Weighted binary cross-entropy addresses class
imbalance, and the validation-selected decision
threshold 1=0.6 is fixed for all reported experiments.

Comparison with Baseline Approaches. Table
2, Table 3 and Table 4 position the method relative
to dense action-recognition, transformer,
sparse/adaptive, and trajectory-based approaches.
Direct full-frame quantitative comparison on
UAVDT is limited by small vehicle size and the
memory cost of dense high-resolution processing;
therefore, controlled ablation against the dense
uniform-patch tubelet baseline provides the primary
guantitative comparison. UAV-derived trajectories
have also been used for lane-change identification
[25].

Ablation Study. Table 4 shows consistent
gains: Binary F1-score increases from 0.66 to 0.77,
ROC-AUC from 0.81 to 0.93, and PR-AUC from
0.72 to 0.91, while spatial tokens decrease from 256
to 64 per vehicle-centered frame (75%).

Dense Uniform-Patch Baseline. Uniform 8x8
patching of each 128x128 vehicle-centered frame
produces 256 spatial tokens and yields Binary
F1=0.66 and ROC-AUC=0.81.

o Optical Flow Guidance [26]. Motion
guidance raises Binary F1 to 0.69 while reducing the
representation to 192 tokens.

o Adaptive  Fragmentation. Three-level
8x8/16x16/32x32 patching increases Binary F1 to
0.72 and reduces the representation to 96 tokens.

o UAV Motion Compensation. Homography-
based alignment [27] suppresses camera-induced
displacement, improving Binary F1 to 0.74 and
ROC-AUC to 0.91 without directly changing the 96-
token count.

e Full Proposed Framework. With horizontal-
motion weighting, the full model reaches Accuracy
0.79, Binary F1=0.77, and ROC-AUC=0.93 while
processing 64 tokens per vehicle-centered frame.

Table 2. Comparison of lane-change
recognition approaches

Method Input UAV | Motion-
Type |Suppor| Aware
t
CNN+LSTM RGB —
video partially
13D / SlowFast| RGB - -
video
ViViT RGB — -
video
TokenLearner RGB - partially
video
Trajectory- RGB - -
based RNN video
Proposed UAV + +
Method video

Source: compiled by the authors

The dense uniform-patch baseline uses 256
uniform 8x8 tokens. Optical-flow guidance permits
coarser representation in lower-motion regions (192
tokens), and three-level adaptive fragmentation
reduces this to 96 tokens. UAV motion
compensation refines the saliency map without
directly changing that count. In the full framework,
candidate fragments are ranked according to their
motion-saliency scores, and the number of retained
spatial fragments is limited to a maximum of 64 per
vehicle-centered frame.

6. RESULTS AND DISCUSSIONS

The results show that motion-aware adaptive
fragmentation improves lane-change recognition
while reducing the spatial token sequence processed
by the transformer.

Classification Performance. Table 4 and
Fig. 1 and Fig. 2 summarize the quantitative results.
Receiver Operating Characteristic (ROC) curves
comparing the classification performance of the
proposed motion-aware sparse framework against
the dense uniform-patch tubelet baseline. Precision-
Recall curves (Fig. 2) comparing the proposed
motion-aware sparse framework with the dense
uniform-patch tubelet baseline.
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Table 3. Comparison of lane-change recognition approaches

Method Sparse Transformer Requires Adaptive Patches
Processing Trajectories
CNN+LSTM - - - -
13D / SlowFast - - - -
ViVviT - - -
TokenLearner + _ _
Trajectory-based RNN - - + -
Proposed Method + + - +

Source: compiled by the authors

Table 4. Ablation study of proposed components

Configuration Accuracy| Binary | Precision | Recall | ROC- | PR- | Tokens
F1 AUC | AUC |per frame

Dense uniform-patch tubelet 0.68 0.66 0.68 0.64 0.81 0.72 256
baseline

+ Optical-flow-guided 0.71 0.69 0.70 0.68 0.85 0.78 192
fragmentation

+ Three-level adaptive 0.74 0.72 0.73 0.71 0.88 0.84 96
fragmentation

+ UAV motion compensation 0.76 0.74 0.75 0.73 0.91 0.88 96
Full proposed framework 0.79 0.77 0.76 0.78 0.93 0.91 64

Source: compiled by the authors
ROC Curves
P Precision-Recall Curves

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 1. ROC curves

Source: compiled by the authors

Across the ablation, Binary F1 rises from 0.66
to 0.77, ROC-AUC from 0.81 to 0.93, and PR-AUC
from 0.72 to 0.91, while spatial tokens decrease
from 256 to 64 per vehicle-centered frame.

Computational Efficiency. Fig. 3 shows Ablation
study evaluating the impact of individual framework
components on classification performance (Binary
F1-score) and computational efficiency (number of
processed spatial tokens).

Recall

Fig. 2. Precision-Recall curves
Source: compiled by the authors

The dense baseline processes 256 spatial tokens
per vehicle-centered frame and achieves Binary
F1=0.66; the proposed framework uses 64 tokens
and reaches 0.77. This 75 % token reduction applies
only to the Transformer input sequence, not to total
end-to-end computation, which also includes
homography, alignment, optical flow, and saliency
estimation.

Qualitative
Fragmentation.

Analysis of Adaptive
Fig.4, Fig.5, Fig.6 and Fig.7
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illustrate tubelet extraction, motion compensation,
residual optical flow, and adaptive fragmentation;
fine patches concentrate on motion-salient vehicle
regions while coarse patches represent low-motion
areas. On Fig. 4 the tubelet serves as the input
spatiotemporal region for subsequent motion
analysis and lane-change recognition.

S Fl-score vs Number of Tokens per Frame
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Fig. 3. The relationship between Binary F1-score

and processed spatial tokens
Source: compiled by the authors

1. Frame 1 Tubelet Crop

Fig. 4. Object-centric tubelet extracted

around the target vehicle
Source: compiled by the authors

On Fig. 5 global UAV motion introduces
substantial background displacement, resulting in
motion responses distributed across the entire scene.

On Fig. 6 background motion is significantly
reduced, allowing vehicle-related motion patterns to
become more distinguishable.

2. Avg Flow BEFORE Homography

Fig. 5. Average optical-flow field computed before

homography-based motion compensation
Source: compiled by the authors

3, Avg Flow AFTER Homography

Fig. 6. Average optical-flow field after

homography-based UAV motion compensation
Source: compiled by the authors

On Fig. 7 High-motion regions are represented
using 8x8 patches (green), medium-motion regions
use 16x16 patches (yellow) and low-motion regions
are represented using 32x32 patches (red). The
white bounding box indicates the target vehicle
region.

4. Adaptive Grid

Green: 8x8 high motion
Yellow: 16x16 medium motion
Red: 32x32 low motion

Fig. 7. Adaptive spatial fragmentation guided by

motion saliency
Source: compiled by the authors

Error Analysis. Fig. 8 illustrate confusion
matrix of the proposed framework that evaluated on
a representative subset of 1,000 test windows (450
Lane Change and 550 Normal Driving samples).
The model achieves an Accuracy of 0.79 and Binary
F1-score of 0.77, indicating effective discrimination
between lane-change and normal-driving events.

The confusion matrix is consistent with the
reported Accuracy of 0.79 and Binary Fl-score of
0.77.

Fig. 8 uses 1,000 representative test windows
(450 Lane Change, 550 Normal Driving) only for
error visualization; aggregate metrics are computed
on the complete test set.

False negatives mainly occur with subtle or
gradual lateral motion and partial occlusion, where
short-window motion cues resemble normal driving.

False positives mainly arise from temporary
within-lane drift, neighboring-vehicle interactions,
or complex motion patterns that resemble lane
changes.
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Confusion Matrix (Full Proposed Framework)

Lane Change
(Positive)

True Label

Normal Drivin
(Negative)

Lane Change
(Positive)

Normal Driving
(Negative)
Predicted Label

Fig. 8. Model errors summarization on a

representative test subset
Source: compiled by the authors

Overall, the results support the proposed
combination of motion compensation, adaptive
fragmentation, and sparse spatiotemporal modeling,
while indicating the need for full end-to-end
efficiency evaluation before edge deployment.

CONCLUSIONS AND PROSPECTS OF
FURTHER RESEARCH

This paper introduced a motion-aware sparse
framework combining homography-based UAV
motion  compensation, weighted  optical-flow
saliency, adaptive fragmentation, and transformer
temporal modeling for lane-change recognition.

The framework achieves Accuracy 0.79, Binary
F1=0.77, ROC-AUC=0.93, and PR-AUC=0.91. The
proposed framework reduces the maximum spatial
token budget from 256 to 64 tokens per vehicle-
centered frame, corresponding to a 75 % reduction
relative to the dense uniform-patch tubelet baseline.

The results indicate a favorable recognition-
efficiency trade-off and potential for resource-
constrained UAV traffic monitoring, subject to
future end-to-end deployment measurements.

Future work will focus on end-to-end
detector/tracker integration, more robust camera-
motion compensation for non-planar scenes, longer
temporal  contexts and  overlapping-window
aggregation, validation and refinement of automatic
trajectory-based  labels, and hardware-aware
evaluation of latency, memory, and energy costs

including homography and optical-flow
preprocessing.
e End-to-End Integration with Vehicle

Detection and Tracking. The current framework
relies on pre-computed tracking annotations during
both training and inference. Future work should
investigate end-to-end integration with real-time
vehicle detectors and trackers to enable fully
autonomous deployment without reliance on pre-
computed tracking annotations.

e Robust Camera Motion Compensation.
Homography-based motion compensation assumes
an approximately planar scene, which may be
violated at low UAV altitudes or in the presence of
tall objects such as buses and trucks. More robust
camera motion models, e.g., depth-aware or feature-
based alternatives, are a promising direction to
improve compensation accuracy in complex aerial
environments.

e Long-Term Temporal Modeling. The
current time window of 8 frames might not be
sufficient to capture slow or gradual lane change
maneuvers. Future work should examine longer time
contexts and whether aggregation strategies across
overlapping windows can improve the recognition of
extended maneuvers compared to the current
separate window-by-window classification.

e Improved Label Generation. The current
lane-change labels are generated automatically using
trajectory-based motion criteria and fixed thresholds
for lateral displacement and directional variation.
Although this procedure enables scalable label
generation from UAVDT tracking annotations,
borderline cases may remain sensitive to the selected
thresholds. In future work, data-driven threshold
optimization and validation against manually
annotated lane-change events to further evaluate will
be explored and improve label reliability.
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Metoa aganTuBHOI pparmMeHTaiii 3 ypaxyBaHHAM PyXy Ta
TPaHC(HOPMEPHOro TEMIIOPAITBLHOTO0 MOICJTOBAHHS ISl
PO3MiZHABAHHA MaHEBPiB 3MiHU CMYI'H PYXY Y BiIeONOCTiJOBHOCTAX
JTOPOKHBOI0 PyXy, OTPMMAHHUX 3 0€3MIJIOTHHUX JITAJbHUX anaparis
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AHOTALIA

Po3mizHaBaHHsS MaHEeBPIiB 3MiHH CMYT'H PyXY Y BiJJeO JOPOXHBOTO PyXy, OTPUMAHHX 3a JOMOMOrOK Oe3MiIOTHUX JiTadbHUX
amapariB, € CKIIaJHUM 3aBJaHHIM Yepe3 HEeBENUKHI PO3Mip TPAHCIOPTHUX 3aco0iB, rI00ANbHUI PyX KaMepu Ta OOUYHCIIOBAIBHY
BapTIiCTh IITBHOI 00pOOKM BimeomaHux. 3ampomoHoBaHo (peiiMBOpK amanTUBHOI ()parMeHTallil 3 ypaxyBaHHAM pyXy, SKHi
MOEJHY€E KOMITEHCAIII0 PyXy KaMepu Ha OCHOBI romorpadii, OI[iHIOBaAHHS 3HAYYIIOCTI PyXy 3a JOMOMOrOI0 ONTUYHOTO MOTOKY Ta
PO3piKeHe MPOCTOPOBO-4ACOBE MOJEIOBaHHs Ha ocHOBi Transformer. O6macri 3i 3HAYyIIUM PYXOM MOAAFOTHCS 3 JOMOMOTOIO
IpiOHUX (parMeHTiB, TOAI K 00JACTI 3 HIDKYOI PYXOBOK AKTHBHICTIO OOPOOIISIOTHCS OiMBIIMMU (pparMeHTaMu JUTs 3MEHILICHHS
HA/ITUIIIKOBOTO TPOCTOPOBOrO MpejacTaBieHHA. dpeiiMBOPK OliHeHO Ha HA0Opi JaHUX AJIS PO3MI3HABAHHSA 3MiHH CMYTH DPYXY,
copMOBaHOMY Ha OCHOBI TpeKiHroBHMX aHoramiii Habopy Unmanned Aerial Vehicle Benchmark i3 3actocyBaHHsM aBTOMAaTHYHOL
NpoLeAypy TeHepanii MiTok 3a Tpaekropismu. ChopMoBaHuil HAOIp NTAHUX MICTHTh YOTHUPHCTA OJHY THCSAYY TPUCTA COPOK I'ATH
BOCBMHUKA/IPOBIX YaCOBMX BIKOH, OTPHMAaHUX 13 TPHUIALMTH BiICOMOCHIJOBHOCTEH Ta THUCSYy TpPUCTA MICTHAAIATH TPEKiB
TPAHCIOPTHHUX 3ac00iB, 3 AKUX I SATACCAT YOTHPH THCAYl CIMCOT CIMECST I'SITh HAJEXaTh JI0 KJacy 3MiHH CMYTH PYXy, a TPHCTa
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COPOK IIICTh THCSY I’ SITCOT CIMAECAT - J0 KJIacy HOpMaJIbHOTO pyXy. ExcriepuMeHTaIBbHI pe3yJbTaTH AeMOHCTPYIOTH TOUHICTD Y
po3Mipi Hydab Kpamka ciMpaecsaT IeB’siTh, OiHapHy Fl-mipy y po3mipi Hyiab Kpamka CIMIECAT CiM, IUIONIY MiJ KPHBOIO POOOUHMX
XapaKTepUCTHK NpHHMada y po3Mipi Hyidb Kpamka JIeB SHOCTa TPH Ta IDIONIY IMiJ KPHBOIO «TOYHICTH—TIOBHOTa» y PO3MIipi HyJb
Kparka JIeB’sSHOCTa OJMH. 3aIpOIOHOBAaHE AJalTHUBHE MNPEJCTaBICHHS OOMEXYe KUIBKICTh IPOCTOPOBHX TOKEHIB O MaKCHMyM
IICTACCAT YOTHPH Ha OIUH 00’ €KTHO-IICHTPOBAHHUN KaJIp, IO BIJIIMOBIAA€E CIMIECAT I’ SITH BiJICOTKAM CKOPOUYCHHIO MaKCHMAIIbHOTO
GHO/KETY TIPOCTOPOBHX TOKEHIB IOPIBHSHO 3 6a30BUM METOIOM LIITbHUX PiBHOMIpHHX (parmentiB y tubelet, sikuii BukoprcroBye
JIBICT1 IT’SITAECAT IIICTh TOKEeHiB. Pe3yabTaTH cBig4aTh, 10 ajantuBHa (parMeHTaIllis 3 ypaXyBaHHAM pPyXy Ja€e 3Mory 30epiratu
KOHKYPEHTOCIIPOMOXKHY SIKICTh PO3Mi3HABAaHHS 3MiHM CMYI'H pyXy, BOJHOYAC ICTOTHO CKOPOUYYIOYH HPOCTOPOBY ITOCHiJOBHICTH
TOKEHIiB, sKy o0pobmsie Transformer. Ile CTBOpIOE NEpCHEKTHBHY OCHOBY JUisi OOYHCIOBANBHO €(EKTHBHOIO MOHITOPHHIY
JIOpPOKHBOTO PYXY 3a JOIMOMOTOI0 O€3MUIOTHHX JITAIBHUX aIlapariB, OJHAK IOBHA OLiHKA e)eKTUBHOCTI PO3TOpTaHHS HA KPaHOBHX
MIPUCTPOSIX TOTpedye IMOMANbIINX HACKPI3HUX BUMIPIOBaHb, IO TAaKOXX YPAXOBYIOTh BUTpAaTH Ha OLIHIOBaHHS romorpadii ta
OOYHCIIEHHS ONITUYHOTO IOTOKY.

KirouoBi cioBa: wracudikamisi BiZieo; BHSBIEHHS 3MIiHM CMyr'H pyXy; ONTHYHHH TIIOTIK; aganTHBHA (QparMeHramis;
TpaHchopMep; MPOCTOPOBO-YACOBE MOJICITIOBAHHS; aHAJII3 BiJIeO 3 OC3MUIOTHHX JITATBHUX ariapaTiB
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