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Abstract

Backbone downsampling weakens small objects in unmanned aerial vehicle imagery, whereas direct use
of shallow features also amplifies structured background. We propose SAF-RTDETR, a four-scale RT-
DETR extension that treats high-resolution detection as selective feature fusion. A grouped sampling
unit aligns stride-8 shallow and semantic features; the aligned feature then guides a directionally
weighted stride-4 branch. Partial-channel single-head attention supplies high-level context. Under
the same 100-epoch VisDrone2019-DET protocol, three runs obtain 31.14 £ 0.51% APg5g.95 versus
28.46 +0.73% for RT-DETR-RA50, with gains in every paired seed and a 2.77-point increase in APg.
The model also leads all 18 tested corruption conditions and raises mean corrupted AP from 24.85%
to 27.45%. Cross-dataset AP changes are +4.54, +1.00, and -0.34 points on AI-TOD-v2, HIT-UAV,
and UAVDT. SAF-RTDETR reaches 57.62 FPS on an RTX 5090 but requires 288.23 GFLOPs. The
results support selective high-resolution fusion while exposing its computational and transfer limits.
A controlled ablation further shows that a plain stride-4 level adds only 0.63 AP, whereas selective

enhancement accounts for most of the gain.

Keywords: UAV object detection, small object detection, RT-DETR, high-resolution representation,

cross-scale feature alignment, feature fusion

1 Introduction

UAV imagery contains many small, crowded,
and partially occluded objects whose appearance
varies with altitude and view. VisDrone cap-
tures these conditions across diverse cities, scenes,
weather, and platforms [11]. Weak targets may
occupy only a few pixels, while roads, roofs,
shadows, and vegetation produce stronger local
contrast.

FPN combines deep semantics with shallow
detail [1], and aerial detectors further exploit
tiling, high-resolution features, and scale-aware

assignment [12, 13, 18]. The recurring trade-
off is that finer maps preserve targets but also
increase computation and background activation.
RT-DETR uses end-to-end set prediction and an
efficient hybrid encoder, but its ResNet-50 vari-
ant sends only stride-8, 16, and 32 features to
the decoder [10]. Our plain-P» experiment gains
only 0.63 AP, suggesting that resolution alone is
insufficient.

SAF-RTDETR therefore calibrates shallow
and top-down features at stride 8 before using



the result both for decoding and as seman-
tic guidance for a new stride-4 branch. Direc-
tional weighting suppresses indiscriminate fine-
scale responses, while partial-channel single-head
attention supplies high-level context. The decoder
receives strides 4-32; matching, losses, queries,
and decoder depth remain unchanged.
The contributions of this work are threefold:

® We develop a selective high-resolution path for
RT-DETR in which a calibrated stride-8 feature
guides directional weighting at stride 4, distin-
guishing selective detail from a direct shallow
connection.

® We place grouped spatial calibration before
both stride-8 decoding and stride-4 construc-
tion, linking cross-scale alignment and high-
resolution enhancement in one feature flow,
with partial-channel SHSA supplying high-level
semantics.

® Three paired 100-epoch runs show a consistent
AP advantage over RT-DETR-R50; component,
scale, corruption, transfer, qualitative, and effi-
ciency studies expose both benefits and costs.

2 Related Work

2.1 Small Object Detection in UAV
Imagery

VisDrone covers pedestrians and vehicles under
varied views and densities [11]; UAVDT empha-
sizes vehicles in video and scene attributes [23].
ClusDet crops object clusters [12], UFPMP-Det
packs foreground regions [14], QueryDet sparsely
activates fine features [13], and CEASC adapts
sparse-head activation using global context [15].
ESOD filters background feature patches [16],
while Dome-DETR sparsifies features and allo-
cates queries by density [17]. Normalized Wasser-
stein distance addresses the positional sensitivity
of tiny boxes [18]. These methods motivate selec-
tive high-resolution processing; our study changes
the internal semantic—detail path while retaining
RT-DETR’s objective.

2.2 High-Resolution and Multi-scale
Feature Representation
FPN introduced top-down lateral fusion [1];

PANet added a bottom-up path [2], and recur-
sive pyramids and Dynamic Head further refined

multi-scale interaction [19, 20]. Fine pyramid
levels improve small-object sampling but retain
structured background and redundant computa-
tion. We fuse Cy with semantic guidance before
applying ELA, whose directional pooling produces
spatial weights [21]. ELA itself is not claimed as
novel; its placement in the four-scale RT-DETR
path is the point studied here.

2.3 Feature Alignment in
Cross-scale Fusion

Resizing equalizes tensor dimensions but can-
not model content-dependent displacement.
Deformable convolution and attention learn
sparse sampling locations [4, 5]; CSFCN uses
grouped sampling for spatial calibration [22]. Our
SFCgo follows this mechanism at the stride-8
fusion point, where both branches receive pre-
dicted offsets before their output guides the new
stride-4 feature.

2.4 Transformer-based Object
Detection

DETR uses bipartite matching and fixed queries
[3]. Deformable attention, DAB-DETR, DN-
DETR, DINO, and Co-DETR improve atten-
tion, queries, denoising, or supervision [5-9].
RT-DETR targets real-time inference through a
hybrid encoder and query selection [10]. SHViIT
applies single-head attention to only a channel
subset [25]; we adapt this operation to RT-DETR
while retaining its decoder, matching, and losses.

3 Proposed Method

3.1 Overall Architecture

SAF-RTDETR retains the ResNet-50 backbone
and RT-DETR head and modifies only the hybrid
encoder and decoder inputs. The backbone pro-
duces

Ci c RBXC;,XH,;XW{,’
1)
at strides {4,8,16,32}; encoder outputs use 256
channels.
SHSA encodes projected C'5, whose top-down
fusion with Cy gives Y. Projected C3 and Y, then

C= {025 C?n C4a 05}7



pass through two-group spatial calibration:
P! — RepC3 (SFCo—2 (63(C3), Ya)),  (2)

where ¢3 is a 1 x 1 projection. The aligned result
enters the decoder and guides the stride-4 branch:

X> = RepC3 [6a(Co), o (P")] - (3)

PS5t = ELA(X>). (4)
Here, [+, -] is channel concatenation and U, denotes
2x nearest-neighbor upsampling. The original
bottom-up path produces P, and Ps, so the
decoder receives

Face = { PSP PP (5)

Calibration precedes semantic guidance; the
design is therefore a connected feature path rather
than three independent modules.

3.2 Selective High-Resolution
Feature Enhancement
Let Xy € RBXCXHXW he the fused feature in

Eq. (3). ELA summarizes it separately along the
horizontal and vertical axes:

w
Zh(bacal) = W ZX2(b7 Cala.])v (6>
Jj=1
1 H
zulbied) = 7 D Xa(being).  (7)
=1

The two descriptors are processed by the same
channel-preserving one-dimensional convolution.
In the repository implementation, its kernel size
is 7. Group normalization with 16 groups and a
sigmoid activation then produce two directional
weights:

Ap = 0 (GNyg (g7(2n))) » (8)
Aw =0 (GN16 (g7(zw))) . (9)

After their singleton dimensions are restored, the
output is

Pshh = X0 0 Ay © Ay, (10)

where ® denotes element-wise multiplication with
broadcasting.

The operation does not remove background
responses explicitly. Instead, it learns height- and
width-dependent weights on a feature that already
contains both Cy detail and P3; semantics. Its pur-
pose is to make the added high-resolution level
more selective than a plain lateral P, connec-
tion. Whether this selection is responsible for the
observed gain is examined by the plain-P, and
selective- P, ablations in Section 4.4.

3.3 Spatially Calibrated Cross-Scale
Feature Fusion

Because C3 and Y; have different sampling his-
tories, SFCgo applies learnable sampling before
stride-8 RepC3 refinement.

Let Xl = ¢3(03) and Xh = Y4. After 3 x 3
transformations, the semantic branch is bilinearly
resized:

X1 = fi(X)), (11)
X = Uit (fn(Xn): Hi, W) . (12)
An offset head reduces their concatenation to 64
channels and predicts R = [A;, Ay, mp, my]. Each
offset has 2G channels for G = 2; m;, and m; are

branch-wise spatial modulation maps.
For channel group g, offsets are added to

normalized grid G:
)
LAY
(Wi, Hy) |’

(13)

)?z(g) = GridSample (Xl(g), g

) R A(g)
X;(Lg) = GridSample X’(lg)’ g+ W .
1, 41]

(14)

After bilinear grid sampling, the branches are
fused as

Xsrc = (1 + tanh(mh)) ® )N(h

~ (15)

+ (1 + tanh(m;)) © X;.
The maps are shared within each branch. Zero
initialization of the final offset convolution starts
training from the regular grid with unit modula-
tion.
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Fig. 1 Overall architecture of SAF-RTDETR. The stride-8 feature is spatially calibrated before being used both as a
decoder input and as semantic guidance for constructing the selective stride-4 feature.

The calibrated feature is refined by RepC3 to
obtain .

paliened — RepnC3(Xspe). (16)

This feature also supplies the semantic input used

to construct Pg™h.

3.4 Lightweight Semantic Encoding
and Multi-scale Decoding
We replace AIFI with partial-channel SHSA [25].

For projected Cs feature X € REXCXHXW and
N = HW,

C
X = [Xa’Xb]7 Co= VR Co=— (17)
4 4
only X, enters attention:
[@Q, K,V] = ConvBN;«; (GN1(X,)), (18)

where Cg = Cx = C/2 and Cy = C/4. After
spatial flattening,

Q'K

VTa

A = Softmax ( ) € REBXN*N, (19)

and X! = VAT. Concatenating the bypass X,
gives

SHSA(X) = ConvBNj«; (SiLU ([ X, X3])) -
(20)
The final BN scale is zero-initialized. A post-
normalized residual encoder and 1x 1 feed-forward
block follow. Here C' = 256; attention uses 64
input/value channels, 128-channel @ and K, and
a hidden width of 1024.

The four levels enter the unchanged RT-DETR
decoder [10]:
N, = 300, L =6, N, = 4,

(21)
for queries, layers, heads, and sampling points.
Matching, losses, auxiliary supervision, and loss
weights remain unchanged.

4 Experiments

4.1 Experimental Setup
4.1.1 Datasets

The main experiments use VisDrone2019-DET
[11], with 6,471 training images, 548 wvalida-
tion images, and 1,610 test-dev images covering
ten object categories. Generalization is exam-
ined by retraining the baseline and the proposed
model on three additional benchmarks rather
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Fig. 2 Construction of the calibrated stride-8 feature and the selective stride-4 representation. SFCgo calibrates both
cross-scale branches, and the aligned feature subsequently guides the high-resolution pathway.
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Fig. 3 Structure of the partial-channel SHSA encoder. One quarter of the channels participates in single-head spatial
attention, while the remaining channels follow a bypass path before channel fusion.

than transferring a VisDrone checkpoint directly.
AI-TOD-v2 [18] contains 11,213/2,804/14,018
train/validation/test images and eight categories;
UAVDT contains 19,049/5,094/16,592 images and
three vehicle categories [23]; HIT-UAV contains

2,029/290/579 thermal images and four scored
categories after excluding DontCare [24]. The
datasets differ in category definition, object scale,
scene content, and sensing modality. Conse-
quently, we compare the two models only within



a dataset and do not interpret absolute AP differ-
ences between datasets.

4.1.2 Metrics and reporting rule

The primary metric is AP averaged over IoU
thresholds from 0.50 to 0.95 in steps of 0.05,
denoted by APg5g.95. Precision, recall, and APsg
are also reported. Component ablations and con-
trolled detector comparisons use the best valida-
tion checkpoint from their seed-0 100-epoch run.
The central baseline comparison is repeated with
seeds 1, 2, and 3 and reported as mean + sample
standard deviation; paired differences are formed
using equal seed indices. The scale-wise results
come from a separate COCO-style evaluator with
maxDets = 300 and are kept in their own table.

For corruption robustness, the same clean-
data best.pt checkpoint is evaluated, without
retraining, on the clean validation set and on 18
derived sets. Following common-corruption evalu-
ation practice [26, 27], mean performance under
corruption is mPC = %Szgzl Z§=1 AP, and
relative performance is rPC = mPC/AP eqn.
These sets are derived from the VisDrone valida-
tion images and are not an official “VisDrone-C”
benchmark.

4.1.3 Implementation details

Both RT-DETR variants are trained for 100
epochs at 640 x 640 resolution with batch size
8, AdamW, an initial learning rate of 1074,
weight decay of 10~%, deterministic execution,
and no mixed precision. They use the same
ResNet-50 backbone, data split, augmentations,
300 object queries, six decoder layers, eight atten-
tion heads, and four sampling points. Apart from
the seed in the repeated experiment, the train-
ing settings are unchanged. The matching rule
and classification and localization losses are also
retained. YOLO runs use the same image size,
batch size, epoch budget, split, seed, and opti-
mizer, while keeping the learning-rate and aug-
mentation settings of their own configurations. In
the cross-dataset experiments, AI-TOD-v2 uses
batch size 4 because of memory demand, whereas
HIT-UAV and UAVDT use batch size 8; each
baseline/proposed pair otherwise shares the same
dataset-specific setup.

4.2 Comparison on
VisDrone2019-DET

Table 1 gives the seed-0 controlled context. The
proposed model improves APgg.95 by 3.15 points
and recall by 4.06 points over RT-DETR-R50. The
YOLO entries are practical references rather than
component controls because their optimization
and post-processing differ.

The YOLOv10m run reaches its best AP at
epoch 11 and then degrades, unlike the other con-
trolled runs. We retain the observed best value for
transparency but avoid interpreting it as a stable
ranking of the detector family.

The repeated rows in Table 1 provide the
stronger baseline comparison. SAF-RTDETR
improves AP in every paired seed by 1.55, 2.99,
and 3.51 points. Its mean AP is 2.68 points higher
and its standard deviation is lower (0.51 ver-
sus 0.73), so the seed-0 result is not an isolated
favorable run. With only three repetitions, how-
ever, these values describe stability rather than
establish a formal significance claim.

4.3 Comparison with Published
Aerial-Detection Methods

Table 2 complements the controlled study with
representative non-YOLO aerial detectors span-
ning cropping, packing, sparse querying, adaptive
convolution, feature filtering, and density-aware
queries. We do not retrain them; the table repro-
duces their published values and is not a ranking
under our environment.

These values provide context rather than a
strict ranking: the cited methods differ in back-
bone, resolution, training, crop/packing pipeline,
and detection limit. UFPMP-Det and enlarged
ESOD use higher-resolution inputs, while Dome-
DETR allows 1500 detections per image. Our
32.54 AP uses 640 x 640 inputs and 300 queries;
SAF-RTDETR instead modifies a fixed RT-
DETR-R50 pipeline without crop-based or multi-
pass inference.

4.4 Ablation Study

The ablation sequence follows the actual informa-
tion path. A1 and A2 replace only the high-level
encoder or stride-8 fusion, respectively. A3 adds
a plain P decoder input. A4 uses the semantic-
guided selective P; path with ELA. A5 and A6 add



Table 1 Controlled validation results on VisDrone2019-DET. The final two rows are mean + sample standard deviation
over seeds 1-3; other rows are seed-0 runs. Base and SAF denote RT-DETR-R50 and SAF-RTDETR.

Method P R APsyo APs50.95
YOLOv8m 48.90 38.13 37.73 21.76
YOLOv10m 41.02 32.71 30.73 17.27
YOLO11lm 50.33 37.24 37.86 21.91
Base 62.12 46.37 47.95 29.39
SAF 63.72 50.44 51.79 32.54

Base (3 runs)

60.93 £1.06 45.27 +1.31 47.00£1.22 28.46 +0.73

SAF (3 runs) 63.81 +0.50 48.30 = 0.89 50.08 + 0.85 31.14 + 0.51

Table 2 Published results of representative non-YOLO methods on the VisDrone validation set. Values are copied from
the cited papers and are not a controlled ranking. A dash means that the corresponding paper did not report the value in

the cited comparison.

Method Venue Main strategy Input AP50.95 APsg AP7s
ClusDet [12] ICCV 2019 Cluster-region detection - 26.7 50.6 -
QueryDet [13] CVPR 2022 Cascaded sparse query 28.3 48.1

UFPMP-Det-R50 [14] AAAI 2022
CEASC [15] CVPR 2023
ESOD [16]

Dome-DETR-L [17]

Foreground packing
Adaptive sparse head

IEEE TIP 2025 Feature-level filtering
ACM MM 2025 Density-aware DETR

1333 x 800 36.6 624 36.7
1333 x 800 28.7 50.7 -
long side 1920 379 623 -
800 x 800 39.0 61.1 40.8

"The enlarged ESOD setting scales both input dimensions by 1.25 from a 1536-pixel long side. Dome-DETR
evaluates with at most 1500 detections per image, whereas our controlled protocol uses 300.

SFCgo or SHSA to that path, while A7 combines
SHSA and SFCgo without P. The full model
contains all three changes.

SHSA and SFCgs alone change AP by —0.04
and —0.36 points, and plain P, adds only 0.63
points. Semantic guidance plus ELA (A4) instead
adds 2.43 points. SHSA contributes another 0.31
points in this selective path, and the full model
exceeds A6 by 0.42 points, although SFCgs is neg-
ative when added to A4 alone. Thus, the gain
is mainly tied to selective P, and its interaction

with the complete feature flow, not independently
additive blocks.

4.5 Robustness to Image
Degradation

The clean validation images are transformed with
Gaussian noise (o = 10,20,30), motion blur
(kernel size 5, 9, 13), low-light mapping (y =
1.5,2.0,2.5), fog (severity 1, 3, 5), JPEG compres-
sion (quality 70, 40, 20), and downsample-restore
scaling (0.75, 0.50, 0.33). Table 4 averages the
three severities of each corruption. Besides the
baseline and full model, A3 is included to test
whether resolution alone explains the result.
SAF-RTDETR obtains the highest absolute
AP in every one of the 18 corruption conditions.

Its mPC exceeds the baseline by 2.60 points and
plain P2 by 2.06 points. The largest type-level gain
occurs under fog (+3.35), whereas motion blur
remains the most difficult degradation. The rPC
values are nearly equal, and SAF-RTDETR is 0.21
points lower than the baseline because its clean
AP is also substantially higher. We therefore con-
clude that the proposed feature path preserves its
clean-data advantage under these degradations,
not that it reduces the proportional degradation
rate.

4.6 Scale- and Class-wise Analysis

Table 5 uses the separate COCO-style evaluator.
SAF-RTDETR improves APg by 2.77 points and
ARg by 3.70 points. Improvements also occur for
medium and large objects in AP, so the method
is not exclusively beneficial to small instances.
The only negative entry is AR, which drops by
0.92 points. Because VisDrone contains far fewer
large objects than small ones, this value should be
interpreted cautiously, but it rules out a claim of
uniform improvement at every scale.

All ten VisDrone categories improve in class-
wise AP, as detailed in Table 6. The largest gains
occur for pedestrian (+4.39), tricycle (+4.30), van
(4+3.21), motor (+3.14), and truck (+3.00); the



Table 3 Component ablation on the VisDrone2019-DET validation set.

Exp. High-resolution path ELA SFCge SHSA P (%) R (%) APso (%) APs0.95 (%)
A0 None 62.12  46.37 47.95 29.39
Al None v 61.32 46.15 47.84 29.34
A2  None v 62.06  45.69 47.78 29.03
A3 Plain P, 62.49  47.83 49.21 30.02
A4 Selective P, v 62.87  49.68 50.94 31.81
A5  Selective Py v v 65.05 49.01 50.80 31.74
A6  Selective Py v v 63.97 49.74 51.31 32.12
A7  None v v 61.54 46.34 47.91 29.13
Full Selective Py v v v 63.72 50.44 51.79 32.54

Table 4 Corruption robustness in AP50.95 (%).
Each corruption row averages three severity
levels. P2 denotes A3 with a plain stride-4 input.

Condition Base P2 SAF A Base
Gaussian noise 20.71 21.16 22.95 +2.24
Motion blur 19.02 19.16 20.64 +1.62
Low light 27.80 28.31 30.77 +2.98
Fog 26.63 27.51 29.98 +3.35
JPEG 27.88 28.60 30.83 +2.95
Downsample 27.09 27.63 29.56 +2.47
Clean AP 29.38 30.03 32.53 +3.16
mPC 24.85 25.39 27.45 +2.60
rPC (%) 84.59 84.57 84.38  -0.21

smallest is still positive
the overall improvement
dominant class.

for bus (41.73). Thus,
is not produced by one

4.7 Cross-dataset Generalization

Table 7 reports independent 100-epoch training
on each external dataset. On AI-TOD-v2, SAF-
RTDETR improves AP by 4.54 points and recall
by 6.37 points, consistent with the high propor-
tion of tiny objects. On thermal HIT-UAV, AP
improves by 1.00 point despite a 4.48-point reduc-
tion in recall; the higher precision compensates
under the AP integral, illustrating that a sin-
gle operating-point recall value should not replace
AP. On UAVDT, AP decreases by 0.34 points.
Thus, the architecture transfers well to AI-TOD-
v2 and modestly to HIT-UAV, but it does not
provide a universal gain.

4.8 Feature-response and
Qualitative Analysis

For F € REXH*W “the displayed response is

1 C
c=1

Maps are independently normalized between their
1st and 99th percentiles, so colors show within-
panel spatial variation rather than cross-panel
magnitude. Figure 4 suggests that calibrated and
ELA-enhanced features concentrate more strongly
on object-bearing regions. The lower-row SHSA,
SFCg2, and ELA maps come from different
branches and scales, not a sequential chain; they
are diagnostic rather than causal evidence.
Figure 5 uses confidence 0.25 for both mod-
els. A red dashed box is a verified baseline miss:
a same-class SAF detection matches the ground
truth at ToU > 0.50, while no baseline detec-
tion does; numbers link the same object across
columns. SAF recovers additional small objects in
all three scenes, although false positives, severe
occlusion, and very low contrast remain difficult.

4.9 Complexity and Inference
Efficiency

Efficiency uses batch 1, FP32, a fused model, 200
warm-up and 1,000 timed pure-forward iterations
on an RTX 5090 (PyTorch 2.8.0, CUDA 12.8),
excluding loading, decoding, NMS, and draw-
ing. SAF adds 3.88 M parameters; GFLOPs and
peak memory rise by 114.3% and 87.9%. Latency
increases by 1.44 ms and FPS falls from 62.83 to



Table 5 Scale-wise results under the unified COCO-style evaluator (maxDets = 300). Values are percentages.

Method APS APM APL ARS ARM ARL
RT-DETR-R50 18.85 37.18 38.92 27.70 48.60 54.53
SAF-RTDETR 21.63 40.55 43.11 31.39 51.52 53.61

Table 6 Class-wise APg0.95 on VisDrone2019-DET under the unified evaluator. Values and changes are percentage points.

Class Base SAF A Class Base SAF A
Pedestrian 25.29 29.67 +4.39 Truck 25.93 28.93 +3.00
People 19.43 22.03 +2.60 Tricycle 16.91 21.21 +4.30
Bicycle 9.21 12.02 +2.82 Awning-tricycle 8.69 11.24 +2.55
Car 59.57 62.29 +2.72 Bus 45.32 47.05 +1.73
Van 30.86 34.07 +3.21 Motor 27.58 30.72 +3.14

Table 7 Generalization results from the best
validation checkpoint of each 100-epoch run.
Comparisons are meaningful within, not across,
datasets.

Dataset Method P R AP50 AP50.95

57.62. It remains real-time on this device, but i
not a lightweight modification.

Table 8 Complexity and pure-forward inference
efficiency at 640 x 640.

Metric RT-DETR-R50 SAF-RTDETR
Parameters (M) 42.80 46.69
GFLOPs 134.48 288.23
Weight size (MB) 163.89 178.77
Peak memory (MB) 283.19 531.95
Latency (ms) 15.92 17.35
FPS 62.83 57.62

5 Discussion

Selective stride-4 fusion is the main gain source:
plain P, adds 0.63 AP, versus 2.43 after semantic
guidance and ELA. SHSA and SFCgs are neutral
or negative alone, confirming that the blocks are
not independently additive. The full model leads
all 18 corruptions, but its nearly unchanged rPC

indicates higher absolute accuracy rather than
reduced proportional degradation.

The main limits are transfer and cost: UAVDT
drops by 0.34 AP, while GFLOPs and peak mem-
ory rise by 114.3% and 87.9%. Evidence is limited
to three VisDrone seeds, one validation split, sin-
gle external runs, and synthetic corruptions; A4—
A6 were not repeated. Future work should study
sparse or channel-reduced P, test-server evalua-
tion, and repeated real-weather experiments.

6 Conclusion

SAF-RTDETR combines grouped stride-8 cali-
bration, semantic-guided stride-4 selection, and
partial-channel attention in a four-scale RT-
DETR encoder. It raises three-run AP from
28.46 4+ 0.73% to 31.14 4+ 0.51%, improves every
paired seed, adds 2.77 small-object AP, and
leads all 18 corruptions. Ablations attribute most
of the gain to selective high-resolution fusion.
Mixed transfer and 114.3% more GFLOPs pre-
vent universal or lightweight claims; the method is
an accuracy-oriented option for tiny-object-heavy
UAV scenes.
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