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Abstract—Multi-object tracking (MOT) on unmanned aerial
vehicle (UAV) platforms faces a fundamental tension between
the need for rich visual detail and strict onboard computa-
tion constraints, with input resolution serving as a key lever
in this trade-off. Existing methods either compress network
complexity without addressing input redundancy, or adopt a
fixed resolution that assumes scene homogeneity. However, we
observe that resolution sensitivity varies markedly with scene
conditions: according to perspective projection, target pixel scale
is inversely proportional to observation distance, suggesting an
optimal resolution matched to the current scene state. OQur
pilot study on the VisDrone and UAVDT (UAV Detection and
Tracking) benchmarks confirms this hypothesis, showing that
close-range sequences exhibit less than 1% performance gap
across resolutions while distant sequences show gaps of 5%-11%,
revealing systematic resolution redundancy in fixed-resolution
pipelines. Based on these observations, we propose Scene-Aware
Adaptive Resolution (SOAR), a framework that reconceptualizes
input resolution from a static hyperparameter into a learnable
decision variable by formulating resolution selection as a sequen-
tial decision problem and adopting reinforcement learning to
model long-term tracking impact. SOAR infers scene state from
proxy features such as detection confidence without requiring
explicit ranging, and achieves 11%-21% computational savings
with Multiple Object Tracking Accuracy (MOTA) drops under
1.2 points and Identification F1 (IDF1) drops under 0.8 points,
or 20%-44% savings with MOTA drops under 2.5 points while
IDF1 remains nearly unchanged.

Index Terms—Multi-object tracking, unmanned aerial vehicle,
adaptive resolution, reinforcement learning, computational effi-
ciency

I. INTRODUCTION

Multi-object tracking (MOT) is a core capability for visual
perception on Unmanned Aerial Vehicles (UAVs), support-
ing applications such as surveillance, traffic monitoring, and
search-and-rescue. However, UAV platforms face a fundamen-
tal tension in that high-quality tracking relies on rich visual
detail, yet onboard computation and battery constraints impose
strict limits on affordable workload. This tension between
accuracy and efficiency becomes particularly acute in typical
UAV scenarios involving small-object detection and long-
range imaging, severely constraining the deployment of high-
performance MOT systems in real-world missions.
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Among the factors that influence this trade-off, input res-
olution plays a central role. Higher resolution preserves fine-
grained texture and improves perception of small targets, yet
computational cost grows quadratically with resolution. Prior
work addresses this trade-off along two directions. One direc-
tion reduces network complexity through pruning, knowledge
distillation, and related techniques [1], [2]. The other direction
selects a fixed compromise resolution through offline profiling.
However, the former operates only at the network-weight level
and does not touch redundancy in the input data itself, while
the latter implicitly assumes scene homogeneity and cannot
adapt to the rapidly changing imaging conditions and target
distributions typical of aerial perspectives. Recently, dynamic
resolution selection has attracted attention as a new dimension
for efficiency optimization [3], [4], but existing work primarily
targets single-frame tasks such as image classification. These
methods do not transfer directly to MOT, where resolution
decisions affect not only current-frame detection quality but
also future tracking states through the association mechanism.

The motivation of this work stems from a key observation
about UAV imaging. Unlike fixed surveillance cameras, UAVs
are in continuous motion during missions, causing the camera-
to-target distance to vary dynamically over time. According
to perspective projection, the pixel scale of a target is in-
versely proportional to the observation distance. When the
UAV approaches a target, the target occupies more pixels
and the system becomes less dependent on high resolution;
conversely, higher resolution is needed to maintain feature
discriminability. This regularity suggests the existence of an
optimal resolution matched to the current scene state, one that
satisfies tracking accuracy requirements without introducing
unnecessary computational redundancy.

To validate this hypothesis, we conduct a pilot study
on VisDrone [5] and UAVDT [6], two widely used UAV
MOT benchmarks. The results reveal that resolution sensi-
tivity varies substantially across scenes (Fig. 1). In close-
range sequences where targets are large, the performance gap
between the highest and lowest resolutions is less than 1%. In
distant sequences where targets are small, the gap reaches 5%-—
11%. This contrast directly confirms the optimal-resolution
hypothesis and exposes a systematic resolution redundancy
problem in fixed-resolution pipelines. Section III-A further
analyzes the cause of this phenomenon from the perspective
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Fig. 1. MOTA performance comparison across different resolution levels for
various sequences. Close-range sequences on the left exhibit low sensitivity
to resolution, while distant sequences on the right are more sensitive.

of feature responses.

Based on these observations, we propose Scene-Aware
Adaptive Resolution (SOAR), a framework that reconcep-
tualizes input resolution from a static hyperparameter into a
learnable dynamic decision variable. We formulate resolution
selection as a sequential decision problem and adopt rein-
forcement learning to model the long-term impact of current
decisions on future tracking states. SOAR employs a modular
design in which a lightweight policy network dynamically
selects the optimal resolution based on scene state, and can
be flexibly integrated with any detector and association al-
gorithm. Since camera-to-target distance is difficult to obtain
in real time, we design the state representation based on the
principle of indirect perception, inferring scene state from
features highly correlated with target scale, such as detection
confidence, without requiring explicit ranging. Experiments on
VisDrone and UAVDT demonstrate that SOAR achieves 11%-—
21% computational savings with Multiple Object Tracking
Accuracy (MOTA) drops under 1.2 points and Identification
F1 (IDF1) drops under 0.8 points. In a more aggressive
configuration, SOAR attains 20%—44% savings with MOTA
drops under 2.5 points while IDF1 remains nearly unchanged,
indicating that identity consistency is well preserved under
dynamic resolution adaptation. These results suggest that
SOAR provides a practical and efficient solution for resource-
constrained UAV perception systems.

This paper makes three contributions. First, we propose an
adaptive resolution scheduling framework that reconceptual-
izes input resolution as a learnable sequential decision variable
for temporal MOT tasks, using reinforcement learning to
model the long-term impact of resolution choices on trajectory
association, thereby shifting from static hyperparameter tuning
to dynamic scene-adaptive scheduling. Second, we introduce

indirect-perception-based decision modeling by formulating
resolution selection as a Markov decision process with a
state representation based on proxy features such as detection
confidence rather than explicit ranging, together with a reward
mechanism that jointly optimizes accuracy and efficiency.
Third, we provide systematic empirical validation through
comprehensive evaluation and ablation analysis on two main-
stream benchmarks, demonstrating that dynamic resolution
scheduling achieves substantial computational savings while
preserving both MOTA and IDFI.

II. RELATED WORK
A. Multi-Object Tracking on UAV Platforms

Multi-object tracking (MOT) on UAV platforms has re-
ceived increasing attention due to its applications in surveil-
lance, traffic monitoring, and search-and-rescue [5], [6]. Many
approaches follow a tracking-by-detection pipeline where a
detector localizes objects and an association module links
detections across frames. ByteTrack [7] improves association
by using low-confidence detections, while BOTSORT [8] in-
corporates camera motion compensation and Kalman filtering.
Recent UAV trackers address challenges such as small-object
scale [9], rapid viewpoint changes [10], and limited onboard
compute [11]. Our work is orthogonal to tracker design and
focuses on adaptive input resolution for efficiency.

B. Adaptive Resolution for Video Analytics

Efficiency optimization for edge video analytics includes
model compression [1], [2] and dynamic networks, but these
operate at the network level and do not directly address
input redundancy. Dynamic resolution selection provides an
alternative. Resolution Adaptive Networks [3] select resolution
per image for classification, and Glance-and-Focus [4] uses
coarse-to-fine processing. For video analytics, Chameleon [12]
profiles configuration options offline. More recent systems
adapt during deployment. DeepScale [13] uses online rein-
forcement learning to adjust frame size based on detection
confidence, and FastTuner [14] predicts configuration com-
binations with a lightweight network. These methods often
target fixed surveillance scenarios and do not explicitly model
how resolution decisions affect later trajectory association
in tracking. A missed detection at low resolution can lead
to fragmentation even after resolution returns to a higher
value. Online reinforcement learning can also degrade tracking
during exploration.

C. Offline Reinforcement Learning for Resolution Scheduling

The temporal dependency in MOT motivates long-term
reward modeling rather than per-frame heuristics. Offline
reinforcement learning learns a policy from pre-collected
data without online interaction and avoids failures during
exploration. Conservative Q-Learning (CQL) [15] mitigates
value overestimation in offline settings by penalizing out-of-
distribution actions. We adopt CQL to learn a window-level
resolution policy from offline trajectories and optimize the
accuracy—efficiency trade-off over time.



Fig. 2. Feature response visualization across resolutions. Columns show
resolutions from 832x480 to 1184x672. Panel (a) shows an easy scene
with large objects where responses remain strong across resolutions. Panel (b)
shows a challenging scene with small objects where low resolution weakens
responses and higher resolution restores discriminative features.

III. METHOD
A. Problem Formulation

We study adaptive resolution scheduling for multi-object
tracking (MOT) on UAV platforms. Given a video sequence
{I1,I,...,Ir}, we partition it into non-overlapping temporal
windows of length W frames. At each window ¢, the policy
selects a discrete action a; € {0,1,2,3} that maps to an
input resolution r(a;) € R, and all frames within the window
use this resolution. As shown in Sec. I, different scenes
exhibit markedly different sensitivity to resolution: near-field
sequences show MOTA variation of less than 1% across
resolutions, while far-field sequences vary from 5% to 11%.
Fig. 2 illustrates the underlying mechanism—in easy scenes
with large objects, feature responses remain strong even at low
resolution, whereas challenging scenes with small or distant
targets require higher resolution to preserve discriminative
features.

This scene-dependent behavior motivates formulating res-
olution scheduling as a Markov Decision Process (MDP).
The MDP formulation captures the sequential dependency of
tracking: the resolution chosen for the current window affects
not only detection quality but also later tracking states through
the association mechanism—if a target is missed at low
resolution, the trajectory can fragment and become difficult to
recover. Since we lack direct annotations of optimal resolution
per window, we construct offline reference actions (Sec. III-D)
and learn the accuracy—efficiency trade-off through long-term
rewards. Formally, the MDP is M = (S, A, P, R,~), where
S is a 9-dimensional scene-aware state space (Sec. III-C),
A = {0,1,2,3} maps to the resolution set R = {832 x
480,960 x 544,1056 x 608,1184 x 672}, and v = 0.9. To
promote stable detector behavior across resolutions, we use
multi-scale data augmentation during training (Sec. IV).

B. Framework Overview

Fig. 3 illustrates the overall architecture of SOAR. It has
two modules, the MOT pipeline and the resolution adaptation
module.

MOT Pipeline. The pipeline follows tracking-by-detection:
a Resizer changes the input resolution according to action
at, a Detector runs on the resized image, and an Associator
links detections across frames. These components can use
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Fig. 3. Overall architecture of the SOAR framework.

standard detectors such as YOLO variants and association al-
gorithms such as ByteTrack or BoTSORT; in our experiments,
we instantiate the pipeline with YOLOvlls and BoTSORT
(Sec. IV).

Resolution Adaptation Module. The State Encoder ex-
tracts a 9-dimensional state vector s; from Detector and Asso-
ciator outputs over the previous window, using proxy features
correlated with object scale (e.g., detection confidence) to
infer scene conditions without explicit distance estimation. The
Resolution Selector then takes s, and outputs action a4 for
the next window. To learn the policy, we employ Conservative
Q-Learning (CQL) [15] for offline reinforcement learning,
which penalizes out-of-distribution actions to reduce value
overestimation. At deployment, inference requires only a sin-
gle forward pass through a lightweight multi-layer perceptron
(MLP) and adds negligible overhead. Since SOAR does not
constrain the choice of detector or tracker, it can be integrated
with common MOT pipelines.

C. State Space Design

The state representation follows two principles. First, in-
direct perception uses proxy features correlated with object
scale and avoids explicit distance measurement. Second, com-
putational efficiency computes features from existing detector
and tracker outputs without additional networks.

We use a 9-dimensional state vector s; € RY.

St = [T(at)7 Ulapa mfpna 67 Cmin, ﬁ; TMmot, flost; at—1 ] (])

Each feature is computed over the previous W-frame window
and normalized to [0, 1] using minimum and maximum statis-
tics computed on the training split. Values are clipped to the
training range at test time.

o 7(a;) denotes the current resolution index normalized by
|A| — 1 to the range [0, 1].

e Ul is the mean Laplacian variance across frames and
measures image sharpness.

e Mipy is the mean activation magnitude of the P5 feature
map, which is the stride 32 output in YOLO after acti-
vation and averaged over channels and spatial locations.

e C and cp,i, are the mean and minimum detection confi-
dence over all detected boxes.

e 7 is the mean object count per-frame in the window.

e Mmet 1S the mean bounding box motion magnitude com-
puted as pixel displacement between matched boxes given
by the tracker association in consecutive frames.

o s is the fraction of tracks marked as “lost” that are
unmatched for more than 3 frames at the window end.



e a;_1 is the previous action normalized by |.A|—1 to [0, 1].

Among these features, detection confidence is an informa-
tive proxy for scene difficulty. Low confidence often indicates
insufficient object scale or adverse imaging conditions. Includ-
ing the previous action encourages temporal smoothness and
reduces oscillation near decision boundaries.

D. Offline Dataset Construction

Reference Action Generation. Offline reinforcement learn-
ing depends on data coverage, so we construct a dataset D
covering diverse UAV tracking conditions. For each temporal
window in the training set, we run the full tracking pipeline at
all candidate resolutions and compute window-level accuracy
by accumulating true positives, false positives, false negatives,
and identity switches within the W-frame window. We then
select the lowest-cost resolution whose window-level MOTA
remains within 1.0 percentage points of the highest-resolution
setting. This reference action serves as a guidance signal for
policy learning. Note that ground-truth annotations and any
lookahead terms in the reward are used only during offline
dataset construction; at inference, the policy observes only
past-window statistics.

Trajectory Diversification. To improve state coverage,
we uniformly sample four heuristic augmentation strategies:
aggressive exploration that probes compute-saving limits, con-
servative verification that exposes wasted compute, temporal
patterns that include planned resolution changes, and negative
sampling that discourages unstable switching.

E. Reward Function Design

The reward jointly optimizes tracking accuracy and com-
putational efficiency: B = Rajign + Rgrag + Feorr — Cefr. Let
a; denote the reference action for window ¢ (Sec. III-D),
and define the deviation J; = a; — af. The scoring function
S(6) = max(0,1 — A|d|) assigns maximal score to exact
matches and decays linearly with deviation magnitude.

Accuracy Terms. R, is a lookahead-based potential
function (used only during offline training) that rewards ac-
tions aligned with near-future scene changes:

3
Raign = a18(6¢41) + 25 () +as Z”Yks(at-&-l_a;_k) 2)
k=1

where a1, a9, and ag weight the one-step-ahead alignment,
current-step alignment, and multi-step temporal alignment
terms, respectively, and ; are temporal decay factors. To
provide a dense optimization signal, Rgraq = S(6¢41) — S(d¢)
rewards error reduction and penalizes error increase.

Reference Guidance. R, leverages expert knowledge
from the offline dataset. We set Reorr = —1(|0¢| > 2), which
penalizes clearly incorrect decisions (deviation > 2 resolution
levels) and provides an implicit bonus when the policy corrects
from erroneous states.

Efficiency Constraint. C.g jointly constrains resolution
selection and switching frequency:

Ceff = Wcomp * COSt(Tt) + B : H(at 7& at—l) (3)

where cost(r;) = 72t is the normalized compute cost

(input area divided by the baseline resolution area), and (8
controls the switch penalty strength.

Operating Modes. By adjusting wcomp, SOAR supports two
modes: Conservative mode prioritizes accuracy with modest
efficiency gains, and Aggressive mode pursues larger compute
savings. Specific parameter values are provided in Sec. IV.

I1V. EVALUATION
A. Datasets

We evaluate our method on two representative benchmarks:
VisDrone2019-MOT [5] and UAVDT [6]. VisDrone2019-MOT
is a comprehensive dataset containing 56 training and 17
testing sequences. Following the official protocol, we use
all 10 classes for training and report performance on the 5
core classes (car, bus, truck, pedestrian, and van). UAVDT
focuses on vehicle tracking scenarios spanning a range of
flight altitudes. We evaluate on its three target categories (car,
truck, and bus). To ensure consistent evaluation, we compute
results for both datasets using the official VisDrone2019-
MOT toolkit, ensuring that the same metric implementation
is applied throughout.

B. Metrics and Computational Baseline

We report MOTA and IDF1 to evaluate tracking accuracy
and identity preservation, respectively, and use GFLOPs to
quantify efficiency. We use the FLOPs of YOLOvlls [16]
at 640 x 640 as a reference and estimate GFLOPs for other
resolutions based on input size, following the common ap-
proximation that FLOPs scale approximately with image area.
We report detector compute only, since (i) the overhead from
BoTSORT association and the lightweight policy network is
negligible relative to the detector, and (ii) frame resizing is a
standard preprocessing step for UAV datasets with heteroge-
neous native resolutions. Therefore, preprocessing is treated
consistently across fixed- and dynamic-resolution settings and
is omitted from our GFLOPs accounting.

C. Implementation Details

Policy Training. The policy is learned via Offline Re-
inforcement Learning using the Discrete Conservative Q-
Learning (CQL) algorithm. It employs a double Q-network
structure, where each network is a three-layer MLP mapping
the 9-dimensional state to a 256-dimensional hidden repre-
sentation. The model is trained for 100,000 iterations using
an Adam optimizer with a learning rate of 1 x 10~* and a
regularization coefficient of 0.5, on the pre-constructed offline
transition dataset described in Sec. III-D.

Detector and Tracker. We employ the YOLOI11 detec-
tor (initialized with the ’s’ variant of official pre-trained
weights) and fine-tune it using an equal-probability random
resize augmentation strategy. During deployment, the decision
interval is set to 20 frames to smooth observation noise.
The confidence and IoU thresholds are set to 0.2 and 0.45,
respectively. Detection boxes are mapped back to the original
resolution coordinates before being fed into the BoTSORT



tracker (RelD-free implementation from Ultralytics) to ensure
spatial consistency.

Reward Configuration. The scoring function uses de-
cay rate A=0.5. The alignment reward employs coefficients
a1=0.75, as=—0.10, a3=0.40 with temporal decay factors
v € {0.5,0.3,0.2} for k € {1,2,3}. The efficiency term
Cer combines resolution cost and switch penalty (5=0.1).
For Conservative mode, weomp=0.3; for Aggressive mode,
Weomp=0.6.

System Overhead. The inference overhead of the policy
network is negligible (~0.14 MFLOPs), constituting approxi-
mately 0.00035% of the YOLOv11s detector’s computational
load, and is therefore omitted from our GFLOPs accounting.

TABLE 1
PERFORMANCE AND EFFICIENCY ON VISDRONE2019-MOT AND UAVDT.
PARENTHESES DENOTE POINT DROPS RELATIVE TO THE 1184 X 672

BASELINE.
Dataset Strategy MOTA (%) IDF1 (%) Savings (%)
VisDrone  Baseline (1184 x 672) 48.30 56.8 -
SOAR-Conservative 47.87 (1 0.43)  56.6 ({ 0.20) 11.44%
SOAR-Aggressive 47.69 (J 0.61) 56.8 (| 0.00) 20.36%
UAVDT Baseline (1184 x 672) 54.67 71.4 -
SOAR-Conservative 53.49 (4 1.18)  70.6 (| 0.80) 21.28%
SOAR-Aggressive 52.15 (4. 2.52)  70.0 (] 1.40) 44.42%

D. Dynamic Resolution Performance

Quantitative Results. Results in Table I suggest that not ev-
ery frame requires the highest input fidelity. In VisDrone2019-
MOT, where small objects are dense, SOAR-Conservative
achieves 11.44% compute savings with only a 0.43-point
MOTA drop and a 0.20-point IDF1 drop, indicating that
the accuracy—efficiency trade-off is tighter on VisDrone2019-
MOT. Notably, SOAR-Aggressive attains 20.36% savings
while preserving IDF1 (0.00-point change) with a modest
0.61-point MOTA drop, suggesting that identity consistency
is largely preserved in this setting even under more aggressive
downscaling. In UAVDT, where vehicles are more prominent
and backgrounds are simpler, the learned policy selects low
resolutions more frequently, which yields larger compute sav-
ings (44.42%) with a moderate accuracy drop. This dataset-
dependent behavior indicates that SOAR learns a context-
conditioned allocation of compute. This adaptive capability
is visually detailed in Fig. 5 ((e.g., uav0000201_00000_v),
where the policy prefers higher resolutions under dynamic
scale changes but converges to low resolutions under stable
conditions.

Policy Behavior (Qualitative). To interpret the decision
behavior, we visualize sample frames in Fig. 4 and analyze
the action distributions in Fig. 5. In uav0000201_00000_v
(Fig. 4a), the drone undergoes dynamic altitude and viewpoint
changes, causing object scale and scene difficulty to vary over
time. Accordingly, the agent adopts a mixed strategy with a
clear preference for high resolution (Res 1184 x 672 selected
~44%) to maintain tracking stability, while still exploiting
lower resolutions when the state indicates stable tracking. In
contrast, in uav0000077_00720_v (Fig. 4b), the visual context
represents a stable low-altitude cruising scenario with large

Frame50

Frame 650

Fig. 4. Example frames (50, 350, and 650) from two sequences that
illustrate temporal differences in viewpoint and scene complexity (left:
uav0000201_00000_v; right: uav0000077_00720_v).
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Fig. 5. Resolution selection frequency on VisDrone for the two sequences in
Fig. 4: (left) uav0000201_00000_v, (right) uav0000077_00720_v.

targets. Given this consistent redundancy, the policy quickly
converges to the minimum resolution, selecting Res 832 x 480
in > 90% of frames. Importantly, these two cases demonstrate
that SOAR does not simply default to a fixed setting: it
raises resolution in response to scale or viewpoint shifts (to
preserve detection and association reliability) and stabilizes at
low resolution only when the visual context remains stable
over time.

E. Sensitivity Analysis

We analyze resolution sensitivity in Table II. The non-linear
trend yields three observations:

(i) Breakdown threshold. Performance drops sharply when
reducing resolution below 832 x 480 (VisDrone: AMOTA =
—4.20 and AIDFI1 = —2.38 from 832 x 480 to 736 x 416).
This suggests that, at low resolutions, the pixel support for
small/distant targets becomes insufficient for reliable detection
and association, leading to markedly more tracking errors.

(ii) Saturation. Increasing resolution beyond 1184 x 672
substantially increases compute (e.g., +50.65% GFLOPs) but
yields only marginal accuracy gains (e.g., < 0.6 MOTA points
on UAVDT), suggesting that performance is increasingly lim-
ited by factors such as occlusion and motion blur rather than
input pixel density.

(iii)) Dynamic scheduling vs. static scaling. At similar
compute budgets, context-aware scheduling yields a better
accuracy—efficiency trade-off than a single static resolution.
For example, compared with the closest fixed setting (1056 x
608, 19.32% savings), SOAR-Aggressive achieves comparable
savings (20.36%) while improving VisDrone performance by
0.73 MOTA and 0.87 IDF1.
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TABLE II
RESOLUTION SENSITIVITY ANALYSIS ON TRACKING PERFORMANCE.
Resolution (W x H) GFLOPs Savings (%) UAVDT VisDrone
Ir)4-5 1r)6-7 MOTA IDF1 MOTA IDF1
1440 x 832 577G —50.65 55.21 7177 4848 57.09
1344 x 768 49.7 G —29.77 55.02 7194 4834 57.14
1280 x 736 454 G —18.54 55.10 71.97 4825 56.89
1184 x 672 383G 0.00 (Base) 54.67 71.43 4830 56.83
1056 x 608 309 G 19.32 53.80 71.13 46.96 55.93
960 x 544 252 G 34.20 53.10 70.29 45.57 54.81
832 x 480 192 G 49.87 51.30 69.63 4426 53.30
736 x 416 148 G 61.36 50.25 68.85 40.06 50.92
640 x 384 11.8 G 69.19 48.98 68.28 40.00 50.92
TABLE III

ABLATION STUDY OF DIFFERENT REWARD COMPONENTS ON THE
VISDRONE2019-MOT DATASET.

Configuration ~ MOTA (%) IDFI (%) Savings (%)
Full SOAR 47.87 56.60 11.44
without Rgjign 46.90 56.03 15.82
without Rgpaq 47.07 56.06 14.72
without Reorr 47.94 56.43 1.64
without Clg 48.30 56.83 0.00

F. Ablation Study

Table III reveals complementary roles of the reward compo-
nents. Removing the efficiency constraint Ce eliminates sav-
ings (0.00%), confirming that it is the primary driver for reduc-
ing compute; correspondingly, MOTA/IDF1 peak because the
policy collapses to the highest-resolution default. In contrast,
removing R collapses savings (11.44% — 1.64%) while
keeping both MOTA and IDFI nearly unchanged (MOTA:
47.87 — 47.94; IDF1: 56.60 — 56.43), which is consistent
with a conservative fallback behavior that defaults to higher
resolutions when the reward no longer provides an explicit
signal about safe downscaling opportunities. Finally, R,jig, and
Rgraq act as quality regularizers: removing either increases
savings but reduces both MOTA and IDF1, indicating that
overly aggressive downscaling degrades detection/association
quality. Overall, the full reward achieves the best accuracy—
efficiency balance.

V. CONCLUSION

We present SOAR (Scene-Aware Adaptive Resolution), a
framework for UAV multi-object tracking that treats input res-
olution as a sequential decision variable optimized via offline
reinforcement learning. By inferring scene conditions from
proxy signals such as detection confidence, SOAR exploits
resolution redundancy without explicit distance estimation.
On VisDrone2019-MOT and UAVDT, the conservative setting
achieves 11%-21% GFLOPs reduction with MOTA drops
under 1.2 points; the aggressive setting reaches 20%—44%
reduction with MOTA drops under 2.5 points, while IDF1
remains nearly unchanged. Ablation confirms that efficiency
constraints drive compute savings and accuracy terms prevent
excessive downscaling. The learned policy adapts resolution to
scene dynamics rather than relying on a fixed setting, and in-
tegrates readily into standard tracking-by-detection pipelines.
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