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Abstract

Occlusion remains one of the major challenges in UAV
tracking, where dynamic viewpoints and complex environ-
ments often cause partial or complete visibility loss. Exist-
ing transformer-based trackers typically regard occlusion
as random information dropout, overlooking its structured
and spatially correlated nature in real-world scenes. We
rethink occlusion modeling in UAV tracking as a struc-
tured process governed by spatial dependencies. Based
on this insight, we introduce Clustered Occlusion Model-
ing (COM) to generate realistic, density-adaptive occlu-
sion patterns that enhance feature robustness under partial
visibility. Furthermore, we design Cost-Aware Depth Bias
(CADB), which employs a depth-dependent prior to adjust
inference depth, yielding better efficiency while maintain-
ing competitive accuracy. Integrating COM and CADB
into a unified single-stream transformer framework, termed
OCTrack, our tracker achieves robust and efficient UAV
tracking in occlusion-prone environments. Extensive exper-
iments on multiple UAV benchmarks validate its effective-
ness and demonstrate state-of-the-art performance.

1. Introduction

Unmanned aerial vehicles (UAVs) are increasingly de-
ployed in vision-critical missions such as search and res-
cue [43], powerline inspection [52], and autonomous de-
livery [26], where reliable perception and precise control
are essential under dynamic and uncertain conditions. With
moving viewpoints and long-range observations, UAV vi-
sual tracking operates in rapidly changing and cluttered
scenes [4, 8, 51], placing stringent demands on the robust-
ness, adaptability, and real-time performance of onboard vi-
sion systems. Tracking becomes particularly challenging as
targets are small, move abruptly, and are often occluded,
breaking spatial-temporal continuity when visual evidence
is partially or completely missing. Meanwhile, limited on-
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Figure 1. Comparison with state-of-the-art UAV tracking pipelines
on the UAVDT dataset. OCTrack sets a new benchmark with 0.85
precision and real-time efficiency at around 265 FPS.

board resources make it challenging to balance tracking ac-
curacy and efficiency.

Over the past decade, visual tracking has progressed
from discriminative filters to deep learning, culminating
in transformer-based architectures that unify feature ex-
traction and interaction. The introduction of transformers
has reshaped the representational paradigm of visual track-
ing [9, 55], enabling joint optimization of feature extraction
and interaction within a unified architecture. Single-stream
models such as MixFormer [10], OSTrack [59], and Drop-
MAE [49], through the synergy of global dependency mod-
eling and large-scale pretraining, achieve substantial gains
in generalization and robustness. Recent studies [30, 50, 54]
have extended single-stream architectures to UAV tracking,
achieving efficient real-time inference through adaptive to-
ken scheduling and dynamic depth control under resource
constraints. While achieving notable progress in structural
compression and computational efficiency, they still face
challenges in handling dynamic occlusion, which often dis-
rupts visual continuity and degrades tracking stability in
complex UAV environments. This challenge motivates a
rethinking of occlusion modeling in UAV tracking toward a
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more systematic representation of visibility dynamics.

In this work, we rethink occlusion modeling for UAV
tracking. We view occlusion not merely as missing visual
evidence, but as a structured and statistical process with spa-
tial dependencies. Recent work [51] introduced occlusion
modeling based on spatial Cox processes, which improved
robustness to some extent, yet they typically assume contin-
uous intensity fields and fail to capture the spatial clustering
widely observed in real-world aerial scenes. In UAV per-
spectives, occlusions often arise from groups of buildings,
vegetation, or moving objects, exhibiting strong local cor-
relation and scale continuity. These observations highlight
the importance of modeling occlusion in a way that better
reflects its structured behavior in UAV scenes.

Motivated by this observation, we propose a novel occlu-
sion modeling strategy, termed Clustered Occlusion Mod-
eling (COM), to enhance the robustness of UAV trackers
against structured and spatially correlated occlusions. COM
aims to expose the model to more realistic visibility vari-
ations by generating clustered and nonuniform occlusion
patterns during training. These patterns simulate the aggre-
gated and locally correlated nature of real-world occlusions,
enabling the model to learn semantic consistency under par-
tial visibility. In practice, this is implemented through an
Adaptive Cluster Parameterization (ACP) mechanism that
adjusts the number, density, and spatial spread of occlu-
sion clusters according to the feature-map size, masking ra-
tio, and occlusion style. Moreover, we design Cost-Aware
Depth Bias (CADB), a simple yet effective mechanism to
improve inference efficiency in ViT-based tracking. Recog-
nizing that deeper layers incur disproportionately high com-
putational cost while offering diminishing marginal gains,
CADB introduces a fixed depth-dependent prior that softly
modulates the routing logits according to layer cost. This
prior encourages the model to favor shallower, more eco-
nomical layers when deeper reasoning is not required, ef-
fectively encoding a computation-depth trade-off into the
inference process. Extensive experiments on multiple UAV
tracking benchmarks demonstrate that OCTrack achieves
state-of-the-art performance. As shown in Fig. 1, our pro-
posed tracker sets a new record on UAVDT dataset with a
precision of 0.85 and a speed of around 265 FPS.

In summary, the main contributions of this work are sum-
marized as follows:

* We propose Clustered Occlusion Modeling (COM), a
novel approach that enhances feature robustness in UAV
tracking. It captures spatial correlations and simulates re-
alistic occlusion patterns through density-adaptive clus-
tered masking.

* We design Cost-Aware Depth Bias (CADB), an effec-
tive mechanism that introduces a depth-dependent prior
to regulate inference depth, reducing unnecessary com-
putation while maintaining competitive accuracy.

* We present OCTrack, a unified UAV tracking framework
that integrates COM and CADB for robust occlusion
modeling and efficient inference, achieving state-of-the-
art performance across multiple UAV benchmarks.

2. Related Work
2.1. UAV Visual Tracking

UAV visual tracking builds upon the progress of general
object tracking [2, 9-11, 13, 27, 59] and has become a
core capability for aerial perception and autonomous navi-
gation. Yet the aerial platform introduces additional chal-
lenges caused by camera motion, drastic scale variation,
and frequent occlusion. Early UAV trackers [12, 32] based
on efficient DCF frameworks achieved real-time speed but
often failed in cluttered or dynamic environments. The
emergence of deep networks shifted UAV tracking to-
ward feature learning and end-to-end optimization. CNN-
based trackers including HiFT [3] and AutoTrack [63] im-
proved robustness and representation capability, but their
heavy computational cost restricts onboard deployment.
Transformer-based UAV trackers [30, 50, 54] further en-
hance global feature modeling and efficiency through adap-
tive token computation or model compression. These ar-
chitectures unify feature extraction and relation reasoning
within a single framework, marking a key step toward gen-
eralizable UAV tracking. However, they remain vulnera-
ble to target disappearance or severe occlusion. Most exist-
ing UAV trackers [31, 47] still handle occlusion reactively
through re-detection or template updates rather than explic-
itly modeling its spatial correlation. This persistent trade-
off underscores the need for principled occlusion modeling
to achieve both robust and efficient UAV tracking.

2.2. Occlusion Feature Representation

Occlusion remains a persistent challenge in UAV tracking,
where partial visibility and background interference disrupt
spatial continuity and weaken feature discrimination, mak-
ing occlusion representation essential for stable aerial per-
ception. Early studies [6, 24, 36] addressed occlusion using
handcrafted descriptors, motion cues, or sensor fusion, but
these methods lacked the structural flexibility required to
generalize in complex environments. Deep convolutional
architectures have been widely explored for learning repre-
sentations that maintain semantic consistency under partial
occlusion [5, 38, 40, 42]. Vision Transformers (ViTs) model
global dependencies through self-attention [ 14, 45], demon-
strating potential resilience to occlusion. Masked model-
ing [20] further showed that ViTs can reconstruct missing
content from sparse visible patches, indicating promise for
occlusion-aware representation learning. ORTrack [51] in-
troduced Spatial Cox Processes to model occlusion as a
stochastic spatial process, capturing the spatially varying
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occlusion patterns commonly observed in UAV tracking.
Although effective, this approach assumes a fixed statisti-
cal distribution of occlusion, limiting its adaptability to dy-
namic and clustered patterns in UAV tracking. Inspired by
real clustered and dynamic occlusions, we rethink occlu-
sion modeling as an adaptive clustered process, enabling
the learning of structurally consistent and semantically co-
herent representations for UAV tracking.

2.3. Efficient Vision Transformers

Vision Transformers (ViTs) [14] have achieved remarkable
success in visual recognition by modeling global context
through self-attention. However, their quadratic compu-
tational complexity and high memory consumption hinder
real-time deployment, particularly on resource-constrained
platforms. To improve efficiency, many studies have ex-
plored lightweight ViTs [17, 45] based on low-rank ap-
proximation [46], model compression [7, 44], and hybrid
CNN-VIT architectures [48, 53, 58]. Although these de-
signs reduce computational cost, they often compromise
representational quality or limit input flexibility. Condi-
tional computation has recently emerged as an efficient in-
ference strategy, allowing ViTs to adapt computational cost
to input complexity [41]. Achieving real-time performance
in UAV tracking remains challenging because of limited on-
board computation and power budgets. Recent efforts have
explored efficient inference strategies for ViT-based track-
ing, including dynamic token pruning [56], adaptive layer
activation [54], and background-aware token selection [30]
to balance accuracy and speed in UAV tracking. While
these strategies effectively reduce computational cost, their
dependence on confidence-based control and unstructured
computation often results in unstable latency and limited
reliability in real-time scenarios. We introduce a cost-aware
depth bias that adaptively favors economical layers when
additional depth provides diminishing returns, enabling ef-
ficient inference for real-time UAV tracking.

3. Method

In this section, we first revisit occlusion modeling in UAV
tracking and analyze the limitations of existing masking-
based strategies. Then, we rethink occlusion as a structured
spatial process and propose the Clustered Occlusion Mod-
eling for robust representation learning. Furthermore, we
introduce the Cost-Aware Depth Bias to improve inference
efficiency by encouraging depth selection when appropri-
ate. Finally, we present OCTrack, an efficient UAV tracker
built upon a ViT-based one-stream architecture, which uni-
fies occlusion modeling and adaptive inference.

3.1. Revisiting Occlusion in UAV Tracking

Masking strategies critically influence how models learn to
handle occlusion during training. To evaluate their ability

to simulate realistic occlusion patterns, we revisit two rep-
resentative approaches: random patch masking (M) from
MAE [20] and spatial Cox masking (M), a spatial point
process-based strategy [23, 51].

Let the template feature map Z be a tensor of dimension
REXHXW “which is partitioned into a grid of & x w non-
overlapping patches. A random score matrix R, € [0, 1]**w
is then generated, where each element R;; is independently
sampled from a uniform distribution. A binary mask B €
{0,1}"*% is constructed by setting exactly K = | p hw| lo-
cations to zero (0 = occluded, 1 = visible), where p denotes
the masking ratio. The masked template is then defined as

M, (Z) =Z ©Up(B), (1

where © denotes element-wise multiplication and Up(-)
aligns the h x w binary mask to the H x W feature res-
olution through nearest-neighbor upsampling.

To introduce spatial dependency, a finite Cox point pro-
cess is defined over the template grid domain Q = [1, k] X
[1,w]. The process first constructs a spatially varying in-
tensity field \(p) that specifies the expected density of oc-
clusion across spatial locations, and then samples occlusion
points accordingly. Each position p € (2 is assigned a ran-
dom intensity:

exp(—||p — pol|*/20?%)
Ap) = A R
S S a7 S

where pg denotes the template center, o controls the spatial
spread, and Ao ~ Poisson(7) defines the expected num-
ber of occluded patches. Analogously, the masked template
is obtained as M.(Z) = Z ® Up(B’), where B’ is sam-
pled from the above Cox-process-based distribution. While
both M, and M, rely on stochastic sampling to emulate
occlusion, they fail to reflect the clustered and structured
nature of real-world visibility loss, which often occurs in
contiguous spatial regions. This limitation motivates a re-
thinking of occlusion modeling toward adaptive and physi-
cally grounded representations.

3.2. Rethinking Occlusion in UAV Tracking

Existing masking-based approaches rely on stochastic sam-
pling to simulate occlusion, either independently across
patches or through predefined spatial correlations. Al-
though such randomization regularizes feature learning, it
oversimplifies the physical nature of occlusion in aerial sce-
narios. This mismatch is especially pronounced in low-
altitude, high-speed UAV tracking, where targets are typ-
ically small, background clutter is severe, and occlusions
predominantly arise from large, static scene structures such
as buildings, trees, or vehicles. Consequently, real-world
visibility loss exhibits strong spatial coherence and seman-
tic clustering, which are poorly captured by conventional
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Cox Processes

Figure 2. Comparison of occlusion modeling strategies. Random
masking produces unstructured visibility loss, while Cox process
based masking introduces limited spatial correlation. The pro-
posed COM generates clustered and density-adaptive occlusion
patterns, and the lower rows show the corresponding intensity and
spatial distributions.

random masking schemes. As illustrated in Fig. 2, ran-
dom masking produces unstructured visibility loss, while
Cox process based masking introduces limited spatial cor-
relation, both of which fail to capture the clustered nature
of real-world occlusions. These structured occlusions typ-
ically occur in contiguous spatial regions, simultaneously
disrupting both the target appearance and the surround-
ing contextual cues, which often leads to inconsistent fea-
ture representations and unstable localization. To overcome
these limitations, occlusion modeling should evolve beyond
handcrafted randomness toward an adaptive process that
captures the spatial continuity and contextual dependencies
inherent in real-world UAV scenes. This perspective moti-
vates the development of a learnable occlusion mechanism
capable of generating controllable, clustered, and semanti-
cally consistent masks, thereby bridging the gap between
synthetic occlusion simulation and the physical characteris-
tics of aerial visibility loss.

We propose a Clustered Occlusion Modeling (COM)
strategy that simulates occlusion as a structured spatial pro-
cess rather than independent random masking. Given a
template feature map Z € RE*H*W and a masking ra-
tio p € (0, 1), the number of masked patches is defined as
K = |p HW|. Unlike prior random or Cox-process-based
masking that rely on a fixed and handcrafted intensity field,
COM formulates an adaptive clustered spatial process with
controllable clustering and adaptive density. Specifically, an
Adaptive Cluster Parameterization (ACP) mechanism is in-
troduced, parameterized by P = (\,, i, o), where A, deter-

mines the expected number of occlusion clusters, x4 controls
the average occlusion strength within each cluster, while o
regulates the spatial dispersion. These parameters jointly
define the occlusion configuration over the spatial domain
Q={1,...,H} x {1,..., W}, modeled as a mixture of
Gaussian fields:

Zw exp( ”p;CzH >’ (3)

where N,, ~ Poisson(\, HW) denotes the number of clus-
ters, c; denote the sampled cluster centers, and w; ~
Poisson(y) specifies the relative occlusion strength. Based
on the intensity field 7(p), occlusion points are generated
through a clustered sampling process, where each cluster ¢
yields w; occluded points drawn from a Gaussian distribu-
tion centered at ¢;:

pz,j NN(CZ‘,O'QIQ), j: 1,...7wi. (4)
The union of all sampled points {p; ;} forms the final oc-
clusion mask M, and the mask ratio p is maintained by
randomly subsampling points if necessary.

By tuning these parameters, COM adaptively transitions
between sparse, balanced, and dense occlusion regimes,
corresponding to variations in cluster count, per-cluster in-
tensity, and spatial compactness. This parametric flexibility
enables the generation of occlusion distributions with con-
trollable granularity and structural coherence, closely re-
flecting the heterogeneous and spatially correlated nature
of real-world UAV occlusions. To achieve invariance un-
der structured visibility degradation, COM introduces an
occlusion-robust representation objective. It aligns the la-
tent features of the original and masked templates. Given a
clustered-masked version Z' = Mo (Z), the model mini-
mizes their representational discrepancy:

2
= -2 . 5)

where t(ZL) and t(ZL,) denote the extracted feature repre-
sentations of Z and Z’, respectively. This regularization
preserves semantic consistency and suppresses appearance
drift caused by clustered occlusion, leading to representa-
tions robust to spatially correlated visibility loss. Since it
operates only during training, COM adds no computational
overhead at inference and can be seamlessly integrated with
any ViT-based tracker.

3.3. Cost-Aware Depth Bias

UAV tracking requires high-precision performance under
strict computational and real-time constraints. While Vision
Transformer (ViT)-based trackers possess strong represen-
tational capability, their computational cost grows linearly
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Figure 3. Overview of the proposed OCTrack framework. It consists of a single-stream transformer backbone and a prediction head.
Clustered Occlusion Modeling generates realistic occlusion patterns to enhance feature robustness, while Cost-Aware Depth Bias adjusts
the routing tendency of the network by introducing a computation-sensitive prior, guiding inference toward more economical depths while

preserving robustness.

with network depth, and redundant features tend to emerge
in later encoder layers [54]. Existing dynamic inference
strategies [50, 54, 56] improve efficiency by dynamically
activating, skipping, or selecting layers guided by task rel-
evance or inter-layer similarity, yet they lack explicit mod-
eling of computational preference, limiting adaptability to
varying scene complexity. To address this, we propose the
Cost-Aware Depth Bias (CADB), which formulates adap-
tive layer selection as a bias-regulated routing process with
a computation-sensitive prior. The depth-dependent bias
promotes shallower inference, while alignment-based su-
pervision naturally guides the router toward deeper layers
when larger feature discrepancies are observed.

Specifically, we employ a MLP router to estimate the
importance of subsequent encoder layers. The router con-
sists of two fully connected layers with a ReLLU activation
in between. It takes the feature of the first token from the
fused template-search sequence at the reference layer i
as input, serving as a compact global descriptor summariz-
ing the joint context. The router outputs a layer-importance
score vector y = f(x) € RE, where L denotes the number
of candidate layers following i.¢. For each encoder layer
following the reference layer ., a depth-dependent bias
encodes computational preference:

- iref)/(L - 1)]7 (6)

where x > 0 controls the strength of shallow-layer pref-
erence. The final routing probability is computed as p =
softmax((y + b)/7), with temperature 7 > 0 adjusting the
sharpness of the selection distribution.

During training, pseudo-labels are derived from the
inter-layer alignment signal between the reference layer

by = k[1—2(i

F;... and subsequent features F;. The alignment score is
defined as s; = (Fi - F;)/(|Fill2llFill2), where F; .
serves as a fixed anchor representing the baseline feature
representation. The layer with the highest alignment score,
¥ = argmax; s;, is regarded as the representative layer,
and its index is used for supervision. We denote the cor-
responding one-hot label as ¢;, where ¢;» = 1 and zeros
elsewhere. The router is optimized by minimizing the cross-

entropy loss over the bias-corrected logits:

roule - Zt 1

At inference, CADB determines the execution depth
from bias-corrected routing scores, activating only the rep-
resentative layer and bypassing the others to reduce ef-
fective computation, while requiring no additional runtime
mechanisms.

eXp(yz +b; )
Z ~exp(y; +b;)

)

3.4. OCTrack for UAV Tracking

Overall Pipeline. The proposed OCTrack integrates Clus-
tered Occlusion Modeling (COM) and Cost-Aware Depth
Bias (CADB) within a unified single-stream transformer ar-
chitecture for UAV tracking, as shown in Fig. 3. Given
a target template Z € R3*H=xW- ijtg clustered-masked
counterpart Z' = Mom(Z) generated by the proposed
COM, and a search region S € R3*H:xWs COM sim-
ulates realistic occlusion patterns with controllable spatial
densities to enhance representation robustness. The masked
and unmasked templates are concatenated with the search
region and jointly embedded into patch tokens, which are
processed by a ViT-based backbone to learn occlusion-
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Method Source DTB70 UAVDT VisDrone2018 UAV123 Avg. Avg.FPS FLOPs Param
P(%) AUC(%) P(%) AUC(%) P(%) AUC(%) P(%) AUC(%) P(%) AUC(%) GPU CPU (GMac) (M)
KCF [21] TPAMI’15 46.8 28.0 57.1 29.0 68.5 41.3 52.3 33.1 56.2 329 - 6243 - -
3 fDSST [12] TPAMI’17 534 357 666 383 698 510 583 405 620 414 - 1934 - -
E ECO_HC [13] CVPR’17 63.5 44.8 69.4 41.6 80.8 58.1 71.0 49.6 71.2 48.5 - 83.5 - -
8 AutoTrack [32] CVPR’20 71.6 47.8 71.8 45.0 78.8 57.3 68.9 47.2 72.8 49.3 - 57.8 - -
RACF [29] PR’22 726 505 773 494 834 600 702 477 759 518 - 356 - -
HiFT [3] ICCV’21 80.2 59.4 65.2 47.5 71.9 52.6 78.7 59.0 74.0 54.6 160.3 - 7.2 9.9
§ TCTrack [4] CVPR’22 81.2 62.2 72.5 53.0 79.9 59.4 80.0 60.5 78.4 58.8 149.6 - 8.8 9.7
ﬁ SGDVIT [57] ICRA’23 785 604 657 480 721 521 754 575 729 545 1105 - 113 233
Z DRCI [61] ICME23 814 61.8 840 590 834 600 767 597 814 60.1 2813 627 3.6 8.8
PRL-Track [18] IROS’24 79.5 60.6 73.1 53.5 72.6 53.8 79.1 59.3 76.1 56.8 1323 - 7.4 12.0
AbaViTrack [30] ICCV’23 85.9 66.4 83.4 59.9 86.1 65.3 86.4 66.4 85.5 64.5 167.5 48.6 24 8.0
SMAT [19] WACV’24 819 638 808 587 85 634 818 646 818 626 1025 - 32 8.6
AVTrack [50] ICML24 84.3 65.0 82.1 58.7 86.0 65.3 84.8 66.8 84.2 63.8  210.5 68.7 1.9 7.9
g ORTrack [51] CVPR’25 86.2 66.4 83.4 60.1 88.6 66.8 84.3 66.4 85.6 65.0 182.6 65.3 24 7.9
£ SGLATrack [54] CVPR’25 844 651 819 599 - - 849 669 - - 2439 756 1.7 5.8
> OCTrack-b - 857 660 850 630 885 670 849 669 860 657 2652 825 1.7-24 588
OCTrack-d - 83.6 64.6 81.8 59.9 87.0 66.3 85.2 67.7 84.4 64.6 / / / /
OCTrack-s - 84.8 65.7 84.2 61.8 84.9 65.2 82.8 64.7 84.2 64.4 / / / /
Table 1. Comparison of precision (P), AUC, and speed (FPS) between OCTrack-DeiT and lightweight trackers on DTB70 [28],

UAVDT [15], VisDrone2018 [62], and UAV123 [1]. Red, blue, and green highlight the best, second, and third performance. Note that
the slash mark (/) indicates results identical to those reported above, while OCTrack-b, OCTrack-d, and OCTrack-s denote the balanced,

dense, and sparse occlusion modeling settings, respectively.

invariant representations. During inference, CADB adap-
tively adjusts the network depth by activating only the most
informative transformer layers, maintaining a balance be-
tween accuracy and efficiency. Finally, the fused represen-
tations are decoded by a lightweight tracking head to pro-
duce precise target localization under UAV constraints.

Head and Loss. We employ a compact center-based
prediction head following the general design in [10, 59].
It is constructed with several Conv-BN-ReLU layers that
transform the search representation into spatial predictions.
Given the reshaped search feature map, the head estimates
three quantities simultaneously: a classification confidence
map p € [0,1]Hs/P*Ws/P 4 local position offset o €
[0,1]% x Hs/P x Wy/P, and a normalized bounding box
size s € [0,1]2x Hy/Px W,/ P. For the tracking objective,
we adopt a weighted focal loss [34] for classification and a
combination of L1 loss and GloU loss [42] for bounding
box regression. The overall training loss is defined as:

L = Les + NiouLliow + A1 L1 + Vﬁroutw ®)

where Aoy = 2, AL; = 5, and v = 0.1 are the weighting
coefficients for the regularization terms.
4. Experiment

4.1. Implementation Details

Our tracking framework is implemented in Python 3.8 us-
ing PyTorch 1.10. For a fair runtime comparison, FPS of all

ViT-based trackers was re-evaluated on our hardware (Intel
17-12700K, NVIDIA RTX 4060 Ti). FPS of non-ViT-based
baselines follows the benchmark [51], as their runtime set-
tings are not fully reproducible. We use three lightweight
ViT variants, including DeiT-Tiny [45], ViT-Tiny [14], and
Eva-Tiny [17], as backbones to construct corresponding
tracker variants, namely OCTrack-DeiT, OCTrack-ViT, and
OCTrack-Eva. The sizes of the template and search images
are set to 128 x 128 and 256 x 256, respectively. We define
three occlusion styles: dense (30 clusters, small o), bal-
anced (10 clusters, medium o), and sparse (3 clusters, large
o), where o scales with min(H,W). These styles corre-
spond to small, medium, and large occlusions. We train
OCTrack on a combination of GOT-10k [22], LaSOT [16],
COCO [33], and TrackingNet [37]. The batch size is set
to 32, and the AdamW [35] optimizer is used with a weight
decay of 1 x 10~* and an initial learning rate of 4 x 1075,

4.2. State-of-the-art Comparison

Comparison with Lightweight Trackers. Table 1 presents
a comprehensive comparison between the proposed OC-
Track and several representative lightweight trackers across
four widely used UAV benchmarks. OCTrack achieves
an excellent balance among accuracy, robustness, and ef-
ficiency. Compared with traditional DCF-based and CNN-
based trackers, its advantage remains evident: RACF [29]
records 75.9% precision and 51.8% AUC, while DRCI [61],
representing the CNN category, attains 81.4% and 60.1%,
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Figure 4. Success plot of OPE (One-Pass Evaluation) on UAVDT
under the Partial Occlusion attribute.

respectively. In contrast, all OCTrack variants consistently
exceed 84% in precision and 64% in AUC on average,
demonstrating stronger occlusion robustness and more sta-
ble feature representation under complex aerial conditions.
Within the ViT-based family, OCTrack ranks consistently
among the top three in most evaluation metrics while main-
taining competitive efficiency in both inference speed and
model complexity. Aba-ViTrack [30] achieves comparable
accuracy (85.5% / 64.5%) but runs slower (167 FPS), while
SGLATrack [54] offers moderate speed (243.9 FPS) with
slightly weaker robustness and generalization. Across mul-
tiple UAV benchmarks, OCTrack remains within the top
three performers, achieving a well-balanced compromise
between accuracy and efficiency, recording 86.0% average
precision and 265.2 FPS on GPU, highlighting its suitabil-
ity for real-time UAV tracking. Moreover, Table 1 also re-
ports the results of three OCTrack variants, which corre-
spond to the balanced, dense, and sparse occlusion model-
ing settings, respectively. Among them, OCTrack-b deliv-
ers the most balanced overall performance, achieving the
best results on UAVDT (85.0% / 63.0%) and strong results
on VisDrone2018 (best AUC 67.0% with near-best preci-
sion 88.5%). In particular, UAVDT achieves the best scores
on both metrics, indicating that OCTrack-b maintains stable
feature discrimination under moderate occlusion and dy-
namic viewpoint variations. OCTrack-d further validates
the effectiveness of the proposed occlusion modeling strat-
egy. Both UAV 123 and VisDrone2018 contain extensive se-
quences with continuous occlusions and frequent object in-
teractions. UAV 123 emphasizes long-term visibility preser-
vation under dynamic motion, while VisDrone2018 features
higher object density and complex structural backgrounds.
In these representative scenarios, OCTrack-d achieves the
highest AUC of 67.7% on UAV123 and 87.0% / 66.3% on
VisDrone2018, demonstrating that dense occlusion model-
ing effectively enhances the tracker’s robustness in visibility
recovery, feature aggregation, and cross-frame consistency,
and further confirming the generalization capability of the
proposed method in complex aerial environments.

Attribute-Based Evaluation. To further evaluate the ro-
bustness of the proposed method under occlusion, we con-
duct an attribute-based analysis on the UAVDT dataset, fo-
cusing on the subset with partial occlusion. Other attribute
results are included in the supplementary material. For a fair
and meaningful comparison, we evaluate OCTrack-DeiT
against representative ViT-based trackers [19, 30, 50, 51,
54], as they share a similar paradigm. We adopt the con-
figuration OCTrack-b in this analysis As shown in Fig. 4,
OCTrack-DeiT achieves the highest AUC of 0.656 on the
partial occlusion subset, surpassing the second-best method
by approximately three percentage points. These results
demonstrate that our method captures occlusion dynamics
more adaptively and maintains stable representation and
tracking continuity in complex aerial scenes.

Table 2. Effect of COM and CADB on the baseline trackers.

Tracker COM CADB UAVDT FPS

P(%) AUC(%)
79.7 58.8 186.3

83.7140 62,0132 -
v 842™5 61.6128 248.8134%

71.6 57.3 224.5
81.2136 601128 -
80.6T30 59.9126  280.6125%

80.4 59.6 197.6
85.2M8 62,9133 -
v 85.0M6 63,0134 265.213%

OCTrack-ViT

OCTrack-Eva

OCTrack-DeiT

N N N AN
\

4.3. Ablation Study and Analysis

Component-wise ablations. Table 2 presents the results
on UAVDT as the proposed Clustered Occlusion Model-
ing (COM) and Cost-Aware Depth Bias (CADB) are pro-
gressively integrated into the baselines. All ablation exper-
iments are performed with the balanced variant, OCTrack-
b. Since COM operates only during training, its variants
share the same inference speed as the baseline; thus, FPS
is reported only after CADB is added. COM consistently
improves performance across all backbones, boosting pre-
cision by +4.0%, +3.6 %, and +4.8%, and AUC by +3.2%,
+2.8%, and +3.3% on OCTrack-ViT, OCTrack-Eva, and
OCTrack-DeiT, respectively. These results indicate that
spatially clustered masking effectively regularizes feature
learning under occlusion, leading to more robust and dis-
criminative representations in complex aerial scenes. After
integrating CADB, GPU throughput increases by +34%,
+25%, and +34% for ViT, Eva, and DeiT, while accu-
racy remains nearly unchanged. CADB introduces a depth-
aware bias that steers the layer-selection behavior toward
shallower inference on easy frames while still enabling
deeper reasoning when necessary. This bias-guided adjust-
ment reduces the average inference depth while maintaining
competitive accuracy. Together, COM and CADB balance
tracking robustness and inference efficiency, making OC-
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Table 3. Masking strategies integrated into OCTrack-DeiT and
their performance on VisDrone2018.

Tracker Masking Strategy  AUC (%)
MAE [20] 62.9
SAM [25] 64.8
. Cox Process [51] 65.9
OCTrack-DeiT 4 45\ 10Mix [39] 632
CutMix [60] 63.6
COM 67.0

Table 4. Effect of bias strength x on routing behavior and tracking
performance, measured by AUC on DTB70 and UAV 123 datasets.

K ASLI| DTB70 UAV123 FPS?
0.0 10 65.9 66.9 197.6
0.1 9 64.8 66.2 230.4
0.3 8 66.0 66.9 265.2
0.5 7 65.1 66.0 278.4

Track well suited for real-world UAV tracking scenarios.
Effect of Masking Strategies. To evaluate the impact
of different masking mechanisms, we test OCTrack-DeiT
with common masking operators (Table 3). Random mask-
ing [20] yields the lowest AUC (62.9%), indicating that in-
dependent patch dropout cannot model structured visibility
loss in UAV scenes. Spatial Cox process masking [51] im-
proves AUC to 65.9% by introducing spatial correlation,
but its fixed intensity field limits adaptability. Semantic
and region-level augmentations such as SAM [25], AdAu-
toMix [39], and CutMix [60] bring moderate gains (63—
65%), yet lack explicit spatial clustering. The proposed
COM achieves the highest AUC of 67.0%, demonstrating
that clustered masking improves feature robustness and pre-
serves stable representations under complex aerial scenes.
Effect of bias strength. Table 4 summarizes how dif-
ferent bias strengths « affect routing behavior and tracking
accuracy. Since the first six layers serve as feature encoding,
CADB influences routing only in the subsequent layers. As
K increases, the routing position consistently shifts toward
shallower depths, indicating that the proposed bias provides
controllable adjustment of inference depth. Because hard
routing executes exactly one depth for each «, the average
selected layer index (ASLI) degenerates to the routed depth
under that setting. AUC stays stable while FPS improves,
suggesting that shallower inference is often adequate.
Qualitative Comparison and Visualization. For quali-
tative comparison, Fig. 5 presents results under challenging
UAV scenarios, including occlusion, background clutter,
pose and scale variations, and illumination changes. OC-
Track maintains accurate and consistent localization across
frames, delivering smoother temporal behavior when other
trackers become unstable. These results demonstrate the
robustness of our method in complex UAV environments.
Fig. 6 visualizes the attention and feature maps of OCTrack-

HIiFT TCTrack ~ @mmmmm AVTrack SEEEEB SGLATrack @mmmmss ORTrack s OCTrack(Ours)

Figure 5. Qualitative comparison between the proposed tracker
and state-of-the-art methods across three sequences.

w/o COM input

w COM

Figure 6. Comparison of attention maps (left two columns) and
feature maps (right four columns) generated by OCTrack-DeiT
with and without the COM. The first row displays the search im-
ages and their masked counterparts at different masking ratios
(0%, 10%, 30%, and 70%), while the second and third rows il-
lustrate the corresponding attention and feature distributions.

DeiT with and without COM. With COM, the model fo-
cuses more clearly on target regions and produces more spa-
tially consistent feature maps across masking ratios.

5. Conclusion

In this work, we rethink the approach to occlusion modeling
in UAV tracking by treating occlusion as a spatially corre-
lated phenomenon. We propose Clustered Occlusion Mod-
eling (COM), which generates density-adaptive, spatially
clustered occlusion patterns, allowing the model to learn ro-
bust feature representations under partial visibility. We also
design Cost-Aware Depth Bias (CADB), an effective mech-
anism that introduces a depth-dependent prior to regulate
inference depth, reducing unnecessary computation while
maintaining competitive accuracy. Extensive experiments
on multiple UAV tracking benchmarks demonstrate the ef-
fectiveness of our approach, providing a more robust solu-
tion for occlusion modeling in aerial scenarios.
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