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Abstract—Unmanned aerial vehicle (UAV)-based imagery often
contains small objects with weak boundary and localization
cues due to large viewing distances, complex backgrounds, and
dense object distributions. In this paper, we propose a feature-
enhanced real-time detection transformer (RT-DETR)-r18 model
for UAV small object detection, while preserving the NMS-free
end-to-end detection pipeline. The proposed model integrates the
shallow feature enhancement module (SFEM) at the P2 stage,
the content-aware reassembly of features (CARAFE)-Upsampling
module in the neck, and C3k2 blocks after feature fusion to
refine multi-scale feature representations. Experiments on the
VisDrone2019 dataset show that the proposed model improves
both mAP;y and mAP5¢.95 compared with the baseline RT-
DETR-r18. In particular, the improvement in mAP5.95 indicates
enhanced bounding box localization under stricter intersection
over union (IoU) thresholds. These results demonstrate that the
proposed model improves UAV small object detection accuracy,
while maintaining practical end-to-end processing speed.

Index Terms—UAYV imagery, small object detection, RT-DETR-
rl8, shallow feature enhancement, CARAFE-Upsampling.

I. INTRODUCTION

Unmanned aerial vehicle (UAV)-based object detection is
widely used in disaster monitoring, traffic surveillance, and
remote reconnaissance. However, UAV images are often cap-
tured from high altitudes and wide fields of view, causing
target objects to appear small.

Small objects in UAV imagery are prone to detection and
localization errors due to a limited number of pixels, complex
backgrounds, and dense object distributions. Transformer-
based detectors such as detection transformer (DETR) perform
object detection in an end-to-end manner and reduce the
dependence on hand-crafted post-processing such as non-
maximum suppression (NMS) [1]. While real-time DETR (RT-
DETR) is advantageous due to its NMS-free end-to-end detec-
tion structure [2], lightweight models such as RT-DETR-r18
may suffer from weakened spatial details and boundary cues
of small objects during the iterative downsampling process.

In this paper, we propose a feature-enhanced RT-DETR-r18
model for UAV small object detection. The proposed model
enhances spatial details and boundary cues by integrating
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the shallow feature enhancement module (SFEM) at the P2
stage, the content-aware reassembly of features (CARAFE)-
Upsampling in the neck, and C3k2 blocks after feature fusion.
We analyze the effect of these modules on detection accuracy,
bounding box localization quality, and the accuracy-speed
trade-off using end-to-end frames per second (FPS).

II. PROPOSED METHOD

A. Overall Architecture

In this paper, the enhanced architecture is designed to
improve small object features, while preserving the NMS-free
end-to-end detection pipeline of RT-DETR-r18. As shown in
Fig. 1, the baseline model consists of a ResNet-18 backbone,
an efficient hybrid encoder, intersection over union (IoU)-
aware query selection, and an RT-DETR decoder, forming an
NMS-free end-to-end detection pipeline.

Compared with the baseline, the proposed model introduces
three modifications as illustrated in Fig. 2. Firstly, SFEM is
inserted at the P2 stage of the backbone to enhance shallow
spatial and boundary information before further downsam-
pling. The enhanced P2 feature is propagated to the subsequent
backbone stages to generate P3, P4, and P5 feature maps.
Secondly, nearest-neighbor upsampling in the top-down neck
path is replaced with CARAFE-Upsampling for content-aware
feature reassembly. Thirdly, C3k2 blocks are applied after
feature fusion to refine the fused multi-scale features before
the RT-DETR decoder.
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Fig. 1. Architecture of the baseline RT-DETR-r18 model.
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Fig. 2. Architecture of the proposed feature-enhanced RT-DETR-r18 model.

B. Feature Enhancement Modules

1) SFEM: The SFEM is applied to the P2 feature map
to enhance fine spatial and boundary information for small-
object detection. As shown in Fig. 3, it consists of bottleneck
layers and a FastResidual refinement block. The input feature
is projected and split into preserved and refined branches,
which are subsequently concatenated to generate the enhanced
P2 feature. Following Drone-DETR [3], the SFEM operation
can be described as

[Uo, Ul] = Spht (COnV1><1(XP2)) y (1)

Ui+1:‘FFR(Ui)7 221, , 1, (2)

Xf;;h = Convy x1 (Concat(Uy, Uy, -+ ,Uny1)), (3)

where Xpy and X" denote the input and enhanced P2
feature maps, respectively. The initial 1 x 1 convolution
projects the input feature and divides it into two branch
features, Uy and U;. The branch Uy preserves the original
shallow spatial information, while U; is progressively refined
by the FastResidual operation Fppr(-). The preserved and
refined features are concatenated and projected through the
final 1 x 1 convolution to produce a compact enhanced
representation with the channel dimensions required by the
subsequent backbone stage. The enhanced P2 feature is then
propagated through the backbone to generate P3, P4, and P5
feature maps with strengthened small-object information.

2) CARAFE-Upsampling: ~ The CARAFE-Upsampling
module replaces nearest-neighbor upsampling in the top-
down neck path. As shown in Fig. 4, the input feature is used
in two paths: kernel prediction and content-aware reassembly.
In the kernel prediction path, the input feature is compressed,
encoded, and normalized to generate location-wise reassembly
kernels. In the reassembly path, local features from the same
input feature are reassembled using the predicted kernels to
produce the upsampled feature. Based on CARAFE [4], the
operation can be described as

VVl’ = '(/) (N(X[, kenc)) 5 (4)
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Fig. 3. Structure of the SFEM.
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Fig. 4. Structure of the CARAFE-Upsampling module.

Xp= Y Wi, X, 5)

qeEN (Lkyp)

where X; denotes the input feature at location [, and X, de-
notes the upsampled feature at location I’. W}, is the location-
wise reassembly kernel predicted from the local neighborhood
N (X, kene), and Wy 4 denotes the weight assigned to the
feature value X, in the reassembly region N ([, k,,;,). Through
this weighted aggregation, CARAFE reconstructs the upsam-
pled feature according to local feature content rather than fixed
interpolation.

3) C3k2 for Post-fusion Feature Refinement: C3k2 is used
after feature fusion to refine the multi-scale feature represen-
tation. After top-down fusion, shallow spatial cues and high-
level semantic context are aggregated into the same feature
stream. C3k2 is introduced as a post-fusion refinement block
to improve local feature mixing before the fused features are
passed to the RT-DETR decoder.

III. EXPERIMENTAL SETUP
A. Dataset

We use the VisDrone2019-DET [5] dataset to evaluate UAV
object detection performance. VisDrone2019-DET is a widely
used UAV-based object detection benchmark that contains im-
ages captured from diverse urban scenes under different cap-
ture altitudes, viewpoints, illumination conditions, and object
densities. The dataset includes ten object categories: pedes-
trian, people, bicycle, car, van, truck, tricycle, awning-tricycle,
bus, and motor. With many small and densely distributed
objects, VisDrone2019-DET is suitable for evaluating small-
object detection performance in UAV imagery. The dataset
consists of 6,471 training images, 548 validation images, and
1,610 test-dev images. In this study, the training set is used
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TABLE I
ABLATION STUDY OF THE PROPOSED MODULES ON THE VISDRONE2019-DET VALIDATION SET.

Model Module P R  mAP;5g mAPs5q.95 Params GFLOPs FPS
C3k2 SFEM  CARAFE (%) (%) (%) (%) (%))
RT-DETR-r18 - - - 59.70  43.76 45.54 27.50 20.11 579  63.17
- v - 59.74 4392 45.93 28.25 20.12 579  61.32
- - v 61.23  44.77 46.51 28.54 20.24 573  59.24
v v - 61.09 4498 46.50 28.48 20.81 57.3  49.36
v - v 61.32  45.05 46.64 28.69 20.96 61.9  34.63
- v v 59.63  45.14 46.39 28.75 20.05 58.8  58.27
Ours v v 60.50 44.82 46.71 28.82 20.51 584 4484

RT-DETR-r18
Baseline

RT-DETR-r18
+ SFEM

RT-DETR-r18
+ SFEM + C3k2

Input Image

RT-DETR-r18
+ CARAFE

RT-DETR-r18
+ CARAFE + C3k2

RT-DETR-r18

+ SFEM + CARAFE Ours

Fig. 5.

Qualitative comparison on three representative VisDrone2019-DET validation images. The rows correspond to 0000023_00000_d_0000008,

0000026_01000_d_0000026, and 0000330_02201_d_0000811, respectively, while the columns show different model configurations.

to train each model, and the final detection performance is
evaluated on the 1,610-image test-dev set.

B. Implementation Details

All experiments are performed under identical settings on
Ubuntu 20.04 using Python 3.9 and the PyTorch 2.8.0 frame-
work with an NVIDIA RTX 3090 GPU. RT-DETR-r18 is used
as the baseline model. The input image size is set to 640 x 640,
the batch size is set to 4, and all models are trained for 150
epochs using the AdamW optimizer. The initial learning rate
is set to 0.0001, the momentum is set to 0.9, and the weight
decay is set to 0.0001. These settings are applied consistently
to evaluate the effect of each module on object detection
accuracy and end-to-end processing speed.

C. Evaluation Metrics

Following the COCO-style evaluation protocol [6], we eval-
uate each model in terms of detection accuracy, localization
quality, model complexity, and real-time performance. pre-
cision (P), recall (R), mean average precision (mAP), and
average precision (AP)-based metrics are reported, including
mAP50, mAP50:g5, AP75, APS, APm, and APl AP is computed
from the precision-recall curve, and mAPs5g.95 averages AP
over IoU thresholds from 0.5 to 0.95 with a step size of 0.05.
In addition, APo5 is used as a relaxed IoU-based metric to
analyze coarse detection quality in UAV imagery. APg, AP,,,
and AP; are used for scale-specific analysis.

Parameters and giga floating-point operations (GFLOPs)
are reported to compare model complexity. For real-time
performance, we use end-to-end FPS, which includes pre-
processing, model inference, and postprocessing. This metric
reflects the practical processing speed of UAV-based object
detection systems more directly than inference-only speed.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
A. Ablation Study

As shown in Table I, the proposed modules generally
improve detection accuracy compared with the baseline RT-
DETR-r18. SFEM improves mAP5; and mAPsg.95 by en-
hancing shallow spatial information at the P2 stage, while
CARAFE-Upsampling provides further gains by performing
content-aware feature reassembly in the top-down fusion path.

The combination of SFEM, CARAFE-Upsampling, and
C3k2 achieves the highest mAP5;y and mAP5¢.95 among all
evaluated models. Compared with the baseline, the proposed
model improves mAP5q from 45.54 to 46.71 and mAPs5q.95
from 27.50% to 28.82%, with a modest increase in parameter
count from 20.11M to 20.51M. Although the end-to-end FPS
decreases from 63.17 to 44.84, the proposed model maintains
practical processing speed while improving detection and
localization performance.

Fig. 5 provides a qualitative comparison of the mod-
ule combinations on three representative images from the
VisDrone2019-DET validation set. The proposed model shows
more consistent detection of small and densely distributed
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objects than the baseline and the individual module config-
urations. These qualitative results support the effectiveness of
the combined modules.

B. Detailed AP Analysis

Table II compares detailed AP-based metrics between the
baseline and the proposed model on the VisDrone2019-DET
test set. The proposed model improves mAP5;, mAPs50.95,
APs5, and AP7; compared with RT-DETR-r18, indicating
improved detection accuracy and localization quality under
both relaxed and stricter IoU thresholds. For scale-specific AP,
AP, and AP; increase slightly, while AP,,, shows a small de-
crease. These results suggest that the proposed modules mainly
improve localization-related AP metrics, while maintaining
comparable scale-specific detection performance.

TABLE II
DETAILED AP COMPARISON ON THE VISDRONE2019-DET TEST SET.

Model | mAP50 mAP50 195 AP2 5 AP75 APS AP»,,L APZ
RT-DETR-r18 | 46.5 28.3 494 288 9.69 220 135
Ours 46.7 28.6 49.8 291 9.84 218 14.0

V. CONCLUSION

In this paper, we proposed a feature-enhanced RT-DETR-
rl8 model for UAV small-object detection by combining
SFEM, CARAFE-Upsampling, and C3k2 modules. The pro-
posed structure preserves the NMS-free end-to-end detection
pipeline while enhancing shallow P2 features, performing
content-aware upsampling, and refining fused multi-scale fea-
tures. Experiments on VisDrone2019-DET demonstrate im-
provements in mAPsg and mAPs50.95 over the baseline. In
particular, the improvement in mAP5(.95 indicates enhanced
localization quality under stricter IoU thresholds, while the
ablation study confirms the effectiveness of the combined
modules.
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