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ABSTRACT: Detecting objects in unmanned aerial vehicle (UAV) imagery is challenging because most targets occupy
only a small number of pixels and are often distributed in crowded regions with cluttered backgrounds. For edge-side
UAV applications, the detector must also remain compact enough for real-time inference on low-power computing
platforms. To meet these requirements, this study develops a YOLOvIlln-based small-object detector by redesigning
feature extraction, cross-scale fusion, and prediction modules. In the backbone, the proposed Dual-Context Large-
Small Convolution (DCLSConv) is embedded into the C3k2 structure to form C3k2-DC, allowing the network to
capture broader contextual cues while retaining local details useful for small targets. In the neck, Cross-Scale Bi-
Attention Fusion (CSBAF) is introduced to regulate the interaction between low-level spatial features and high-level
semantic features, thereby reducing ineffective feature mixing during multi-scale fusion. In the detection head, UAV-
Task Aligned Dual-Dynamic Detection Head (UAV-TAD?H) is designed to strengthen task-specific feature learning
for classification and localization under scale-varying aerial scenes. Experiments on VisDrone2019 show that the
proposed model reaches 0.375 mAP@0.5 and 0.230 mAP@0.5:0.95, improving the YOLOvl1n baseline by 5.1 and 4.3
percentage points, respectively. The model contains 3.12M parameters and requires 12.3 giga floating-point operations
(GFLOPs), while maintaining 33 frames per second (FPS) on Jetson Orin NX under TensorRT FP16 inference.
Additional evaluations on PASCAL VOC2012 and BDDI00K further indicate that the proposed modules can provide
stable performance gains across different detection scenarios.

KEYWORDS: Edge-oriented detection; UAV aerial images; small-object detection; multi-scale feature fusion;
YOLOvlln

1 Introduction

Unmanned aerial vehicle (UAV) platforms provide a flexible way to acquire visual information from
low-altitude perspectives and have been widely used in traffic monitoring, emergency response, agricultural
inspection, and urban management. Unlike ground-view images, aerial images usually contain objects
with small pixel areas, large viewpoint changes, and dense spatial distributions. Vehicles, pedestrians, and
other targets may appear in clusters or be partially occluded by buildings, trees, shadows, and motion
blur. These characteristics make UAV object detection more sensitive to feature loss during downsampling
and more dependent on effective multi-scale representation. At the same time, practical UAV systems
often rely on embedded computing units, where memory, power consumption, and inference latency are
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strictly constrained. Therefore, improving small-object detection accuracy without excessively increasing
computational cost is essential for UAV edge perception.

Deep-learning-based object detection algorithms currently dominate this field and can generally be
grouped into one-stage, two-stage, and end-to-end transformer-based detectors [1]. Representative one-stage
detectors include the YOLO series [2-4], SSD series [5], and EfficientDet series [6]. DETR-family methods
represent end-to-end transformer-based detectors [7], while representative two-stage detectors include R-
CNN [8], Faster R-CNN [9], and Mask R-CNN [10]. Two-stage detectors first generate candidate regions
and then perform refined classification and localization, which usually leads to higher detection accuracy.
However, their complex network structures and high computational costs limit their applicability in real-
time UAV scenarios. In contrast, single-stage detectors directly predict object categories and bounding
boxes in a unified framework, providing faster inference speed and better suitability for edge-oriented
UAV deployment.

In recent years, improving the balance between detection accuracy and computational complexity
in UAV aerial object detection has become an important research topic. Jiang et al. [11] proposed AEM-
YOLOVS8s, which combines alterable kernel convolution (AKConv) and efficient multi-scale attention (EMA)
within the C2f module to improve feature extraction while reducing model parameters. Wang et al. [12]
proposed DAFPN-YOLO, which constructs an enhanced Drone-AFPN for adaptive multi-scale feature
fusion and integrates C2f Dual and SPPELAN modules to improve feature extraction and information
aggregation in UAV-based small-object detection. Chen et al. [13] proposed MFF-YOLO, which introduces
a Multi-scale Feature Fusion Strategy consisting of the Multiple Features C2f module and the Scale Sequence
Feature Fusion module to strengthen cross-level feature integration for UAV aerial imagery. Liu et al. [14]
designed a parallel dual-path backbone network to improve complementary feature extraction. Xu et al. [15]
combined a generalized high-efficiency layer aggregation network with Sobel convolution to enhance edge
feature extraction and replaced the SPPF module with an attention-based intra-scale feature interaction
(AIFI) module to alleviate feature distortion caused by multi-scale pooling. Li and Li [16] introduced a new
feature pyramid structure by adding a 160 x 160 feature map in the P2 layer for enhanced small-object
feature extraction. They also proposed the CSPOK module and the ContextGuidedBlock_Down (CGBD)
convolution module to improve global feature extraction and multi-scale feature fusion. Lu and Sun [17]
proposed LPS-YOLO, which introduced the SKAPP module and combined E-BiFPN with OFTP to improve
backbone feature transmission and fusion efficiency.

In addition to network structure optimization and feature extraction enhancement, many studies have
further improved UAV object detection performance through the design of detection heads, loss functions,
and post-processing strategies. Li and Chen [18] proposed MFA-YOLO for small-object detection in drone
imagery, which combines a Local Feature Mapping unit, a Progressive Shared Atrous Pyramid module, and
a Dynamic Decoupling Head to enhance fine-grained feature extraction, multi-scale feature integration, and
adaptive task alignment. Chen etal. [19] proposed YOLO-LE, which introduces C2f-Dy and LDown modules,
designs an adaptive feature fusion module, and incorporates distributed focal loss with a lightweight self-
attention mechanism to improve small-object recognition and bounding-box regression accuracy.

Gao and Li [20] proposed YOLO-S3DT, which modifies YOLOv8 from the detection head, upsam-
pling module, feature extraction module, and positive-sample assignment strategy to improve small-target
detection performance in UAV images. Tu et al. [21] combined Soft-NMS with SIoU to reduce missed
detections and false positives in densely distributed small-object scenarios. Ma et al. [22] proposed PSC-
Head (Parameter Shared Convolution Head) to improve detection efficiency and reduce model complexity.
Xue et al. [23] designed CCDHead with shared convolution to reduce parameters and adopted WIoU-V3
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to improve localization performance. Zheng et al. [24] added a P2 detection head to enhance small-object
detection by preserving finer spatial features.

To further clarify the architectural and functional differences between the proposed framework and
recent UAV-oriented YOLO variants, a compact comparison is provided in Table 1.

Table 1: Comparison with recent UAV-oriented YOLO variants.

Method Key Design Main Difference from Ours

AEM-YOLOVSs [11] AKConv + EMA + BiFPN Focuses on YOLOvV8s backbone/neck

enhancement
F lightweight f
LPS-YOLO [17] SPDConv + SKAPP + E-BiFPN/OFTP ocuses on fightweight feature
extraction and transfer
Uses attention and an extra P2 head
i 5,

RSP-YOLOvlIn [24] RCSOSA + SEA + P2 head for YOLOVIIn

Ours DCLSConv + CSBAF + UAV-TAD*H Jointly optimizes backbone, neck, and

detection head

Different from these methods, the proposed framework jointly improves backbone feature extraction,
neck feature fusion, and task-aligned detection within a YOLOvI1In-based architecture.

Existing UAV-oriented detectors have improved aerial image understanding from different perspec-
tives, such as receptive-field enhancement, attention-based feature extraction, feature pyramid redesign,
lightweight convolution, and detection-head optimization. However, many methods emphasize one part
of the detection pipeline while leaving the coordination among backbone representation, neck fusion, and
task-specific prediction insufficiently explored. For YOLOvlIn, this issue is more prominent because its
compact architecture limits redundant computation but also makes small-object features more vulnerable
to information loss. Motivated by this observation, this study improves YOLOvIln through a coordinated
design that enhances contextual feature extraction, regulates cross-scale feature interaction, and strengthens
task-aligned prediction for UAV aerial scenes.

The main contributions of this work are summarized as follows:

(a) A C3k2-DCstructure is constructed by embedding DCLSConv into the YOLOv1In backbone, enabling
the model to combine large-kernel contextual perception with small-kernel local aggregation for UAV
small-object representation.

(b) A CSBAF module is developed for the neck network to perform bidirectional gated interaction between
shallow spatial information and deep semantic information, reducing redundant feature fusion.

(c) A UAV-TAD?H detection head is designed to improve task-specific feature learning for classification
and localization, thereby enhancing prediction adaptability for dense and scale-varying aerial targets.

2 Improved Model

The proposed model is designed around the main information flow of YOLOV1In, including backbone
feature extraction, neck feature fusion, and detection-head prediction. In UAV aerial images, small targets are
easily weakened after repeated downsampling, while dense backgrounds may introduce irrelevant responses
into multi-scale fusion. Moreover, the compact design of YOLOvIIn leaves limited redundancy for directly
increasing network depth or adding high-resolution detection layers. Therefore, instead of simply enlarging
the baseline model, this work introduces targeted modifications at three key stages of the detection pipeline.
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The backbone is enhanced to preserve both contextual and local cues, the neck is redesigned to filter
and exchange cross-scale information more selectively, and the detection head is adjusted to improve the
coordination between classification and localization. The overall architecture of the proposed model is shown
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Figure 1: Overall architecture of the proposed YOLOvI1n-based detection model.

In this architecture, DCLSConv is embedded into the C3k2 structure to build the C3k2-DC module
for multi-scale feature representation. CSBAF is then used in the neck to guide feature exchange between
adjacent pyramid levels. Finally, UAV-TAD?*H processes the enhanced P3, P4, and P5 features through task-
aware branches, allowing the detector to better adapt to dense and scale-varying UAV targets.

2.1 Dual Context C3k2-DC for Multi-Scale Feature Representation

Small objects in UAV images often lack sufficient texture and shape cues after several convolutional
downsampling stages. A backbone module for this task should therefore perceive a wider surrounding
context while still retaining local structures around small targets. The LSNet design offers an efficient strategy
for combining large-range perception with small-region feature aggregation. Inspired by the “See Large,
Focus Small” strategy in LSNet [25], this study designs DCLSConv to introduce dual-context perception into
the C3k2 structure of YOLOvIIn. The structure of the proposed DCLSConv module is shown in Fig. 2.

DCLSConv contains three functional parts. The first part, MultiScaleDLKP, extracts contextual infor-
mation through two depthwise convolution branches with 7 x 7 and 11 x 11 kernels. These branches provide
complementary mid-range and long-range responses for aerial targets with different apparent sizes. The
second part, SKDA, uses 3 x 3 local patches and aggregates them according to the adaptive weights generated
by MultiScaleDLKP, which helps recover fine local details that are important for small-object discrimination.
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The third part recalibrates channel responses through channel attention so that informative feature channels
are emphasized while redundant activations are suppressed. The dual-context dynamic weight-generation
process in DCLSConv is defined as follows:

wi = Puis (x5 K1, Kz) = PW (DW (ke () + DW(ioxio) () %= PW (g Ki =7, Ko =11 0))

where x; denotes the input feature at spatial position i, PW(Q)(') denotes pointwise convolution used to
2

reduce the channel dimension to %, and DW (g, xx,)(-) and DW ,«x,)(-) denote depthwise convolutions
with kernel sizes K; and K5, respectively. In this work, K; = 7 and K, = 11. The generated weight w; is then
used for small-kernel dynamic aggregation. Here, Py s denotes the multi-scale large-small dynamic weight-

generation operation.
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Figure 2: Structure of the proposed DCLSConv module.

In YOLOVIIn, the original C3k2 module has limited capability in extracting discriminative features for
UAYV aerial small-object detection. To improve multi-scale feature representation, the proposed DCLSConv
module is integrated into the C3k2 structure to form the improved C3k2-DC module, as shown in Fig. 3. By
combining multi-scale large-kernel contextual perception, small-kernel dynamic aggregation, and channel
attention enhancement, the proposed module improves the backbone network’s ability to capture both global
contextual information and fine-grained local details across different object scales.

Compared with fixed-receptive-field convolutions, the improved C3k2-DC module provides more
flexible feature representation by coupling mid- and long-range contextual modeling with local dynamic
aggregation, making it more suitable for UAV small objects under complex backgrounds and scale variations.

2.2 Cross-Scale Bi-Attention Fusion for Feature Fusion Optimization

In the original YOLOvl1n neck, feature maps from different pyramid levels are mainly fused through
upsampling and concatenation. Although this operation is simple and efficient, it treats channels and spatial
responses with nearly equal importance after resolution alignment. In UAV aerial images, weak small-object
cues from shallow layers may be overwhelmed by background responses, while high-level semantic features
may not provide sufficient guidance for dense local regions. To make cross-scale fusion more selective,
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this study proposes CSBAE which introduces bidirectional attention gates between low-level and high-level
features before final concatenation. The improved PAN-FPN-CSBAF structure is shown in Fig. 4.
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Figure 3: Structure of the proposed C3k2-DC module.
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Figure 4: Structure of the proposed PAN-FPN-CSBAF network.

The internal structure of CSBAF is shown in Fig. 5. The module first aligns the channels of the input
low-level and high-level features using 1 x 1 convolutions. Then, attention gates are generated to control the
information retained from each scale. The low-level branch receives semantic guidance from the high-level
branch to suppress irrelevant spatial details, whereas the high-level branch obtains spatial compensation
from the low-level branch to enhance local target cues. After bidirectional interaction, the enhanced high-
level features are upsampled and concatenated with the enhanced low-level features, followed by a 3 x 3
convolution to obtain the fused output.
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Figure 5: Structure of the proposed CSBAF module.

The cross-scale bi-attention feature fusion process is expressed as follows:
FL = COHV(le)(FiLn), FH = COnV(le)(Fi_r[‘)

gL:O'(FL)) gHzG(FH)
F" =FL+FLog +(1-g)o1 (Fuogu) @
F' = Fy+Fyogu+(1-gu)o | (FLog)

Ffinal = COHV(3X3) ( [TFOHM;FE“'])

where Fi* and Fjj denote the input low-level and high-level features, respectively. Conv;.)(-) is used
for channel alignment. F; and Fy denote the aligned low-level and high-level features. o(-) denotes the
sigmoid activation function. g; and gy are the attention gates generated for the low-level and high-level
features, respectively. © denotes element-wise multiplication. 1 and | denote upsampling and downsampling
operations for spatial resolution alignment. F{"* and F{"* denote the enhanced low-level and high-level
features after bidirectional cross-scale interaction, respectively. [ ; -] denotes channel-wise concatenation, and
Ffinal is the output feature of the CSBAF module.

2.3 UAV-Task Aligned Dual-Dynamic Detection Head (UAV-TAD*H)

The detection head directly determines how multi-scale features are converted into category scores
and bounding-box predictions. In UAV aerial images, classification and localization have different feature
preferences: classification relies more on discriminative semantic cues, whereas localization requires spatially
precise boundary information. When both tasks share highly coupled features, background clutter and
scale variation may weaken prediction quality, especially for small and crowded targets. To address this
problem within a compact detector, this study proposes a UAV-Task Aligned Dual-Dynamic Detection Head
(UAV-TAD?H), as shown in Fig. 6.
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Figure 6: Structure of the proposed UAV-TAD*H detection head.

UAV-TAD?H takes the P3, P4, and P5 features from the neck network as inputs and processes them
in a parallel multi-scale manner. Shared convolutional layers first extract common representations from
each scale. Then, a global-context-guided task decomposition module generates task-specific features for
classification and regression, reducing feature interference between the two branches. In the regression
branch, dynamic deformable convolution v2 (DyDCNv2) and a scale-adaptive module are used to adjust
sampling locations according to object shape and scale variation. A learnable scale parameter is further
introduced to alleviate regression offsets across different feature levels. In the classification branch, spatial
attention is used to emphasize object-related regions and suppress background responses. During training,
multi-scale predictions are directly used for loss calculation. During inference, predictions from different
scales are concatenated, decoded into bounding boxes, and processed by non-maximum suppression (NMS)
to obtain the final detection results.

After receiving the multi-scale enhanced features from the neck network, the detection head first
performs feature initialization. The process can be expressed as follows:

F = SiLU (GN (Convi(? (Ey))), se{3,4,5} 3)

where F denotes the input feature map from scale s, s € {3, 4, 5}. Convgfg) (-) denotes a 3 x 3 con-

volution that maps the input feature to C¢ channels. GN(-) and SiLU(-) denote group normalization and
the SiLU activation function, respectively. This initialization improves feature stability before task-specific
feature decomposition.

To achieve the targeted separation of classification and regression features, the core process can be
expressed as Eq. (4):

¢, = GAP (F')
gl=0 (Convﬁ(cs») ,te{cls, reg} (4)
F! = SiLU (GN ((W' @ g!) *Fi"")), Fl e RB*CreHoxWs
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where ¢, denotes the global context descriptor obtained by global average pooling. g! denotes the task-specific
attention weight for task t, where t = cls corresponds to the classification branch and t = reg corresponds to
the regression branch. § () denotes the ReLU activation function, and o (-) denotes the sigmoid activation
function. W' represents the task-specific convolution kernel. ® denotes element-wise multiplication, and *
denotes convolution. F! denotes the task-enhanced feature for scale s.

Through attention-guided feature modulation, the task decomposition module dynamically adjusts
task-specific convolution weights, reduces feature interference between classification and regression, and
improves feature alignment across different scales.

3 Experimental Results and Analysis
3.1 Dataset

In this study, the proposed method is evaluated on several public datasets to assess its effectiveness
and generalization ability in complex scenarios. The main experiments are conducted on the VisDrone2019
dataset, which was collected and released by the AISKYEYE team from the Machine Learning and Data
Mining Laboratory at Tianjin University [26]. The images in VisDrone2019 were captured by various UAV-
mounted cameras and cover diverse urban and rural scenes across 14 cities under different weather and
illumination conditions. The dataset contains 6471 training images, 548 validation images, and 1610 test
images. Its large number of small objects, dense object distributions, and frequent occlusions make it a
challenging benchmark for UAV aerial object detection.

Additional experiments are conducted on PASCAL VOC2012 [27] and BDD100K [28] to evaluate cross-
dataset generalization. PASCAL VOC2012 contains 20 common object categories across diverse indoor
and outdoor scenes, while BDD100K provides large-scale road-scene images under various real-world
driving conditions.

3.2 Experimental Environment Configuration

All experiments were conducted using the PyTorch deep learning framework. The models were trained
and evaluated on a workstation equipped with an NVIDIA RTX 4060 GPU. The detailed experimental
environment is listed in Table 2. The input image size was set to 640 x 640. Unless otherwise specified, all
models were trained and evaluated under the same parameter settings to ensure a fair comparison.

Table 2: Training experiment environment configuration.

Item Version
Operating System Ubuntu 24.04
Programming Language Python 3.9.21
Graphics Card RTX 4060 (8 GB)
Processor Intel(R) Core(TM) i7-14650HX (2.20 GHz)
Memory 32GB
Hard Disk 1TB
Deep Learning Framework PyTorch 2.5.1 + cul20

3.3 UAV Platform and Configuration

To evaluate the edge deployment feasibility of the proposed model, a UAV sensing simulation platform
was constructed to emulate the airborne visual perception pipeline. The platform consists of a low-power
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edge computing unit, a power conversion module, and auxiliary sensing components. The edge computing
unit is based on the NVIDIA Jetson Orin NX 16 GB platform, which is suitable for lightweight deep-learning
inference under power-constrained UAV application scenarios.

During deployment, TensorRT FP16 optimization was used to accelerate inference through graph opti-
mization, layer fusion, kernel auto-tuning, and reduced-precision computation. This reduces computational
and memory access overhead while maintaining comparable detection accuracy, making it suitable for UAV
edge devices with limited computing resources and power budgets.

Table 3 lists the configuration of the edge computing device.

Table 3: Edge computing environment configuration.

Item Version

System Ubuntu 22.04 LTS

Language Python 3.10
Edge Computing Platform NVIDIA Jetson Orin NX 16 GB

Processor Arm Cortex-A78AE v8.2 CPU
Memory 16 GB LPDDR5

Storage 128 GB NVMe SSD

Inference Framework PyTorch 2.0.1
TensorRT 8.6.1
Power Mode 10 W low-power mode

The edge deployment performance of YOLOvIIn and the proposed model on Jetson Orin NX is
summarized in Table 4.

Table 4: Edge deployment performance on Jetson Orin NX.

. Batch .. Latency Preprocessing/
Model Input Size Size Precision FPS (ms/image) Power Mode NMS
YOLOvIIn 640 x 640 1 TensorRT FP16 46 21.74 10 W low-power mode Excluded
Ours 640 x 640 1 TensorRT FP16 33 30.30 10 W low-power mode Excluded

Based on the TensorRT FP16 optimization, the proposed model achieves 33 FPS at an input resolution of
640 x 640 on the NVIDIA Jetson Orin NX 16GB under the 10 W low-power mode. The corresponding latency
is 30.30 ms per image. Under the same setting, the baseline YOLOv1In achieves 46 FPS, corresponding to
21.74 ms per image. Although the proposed model introduces additional computational cost, its inference
speed remains suitable for real-time inference in the tested UAV edge-deployment setting. Therefore, the
proposed method achieves a practical trade-off between detection accuracy and edge inference efficiency.

The reported FPS only measures TensorRT engine inference time. Image preprocessing, bounding-
box decoding, and NMS post-processing are excluded from the FPS calculation. It should be noted that
the 10 W value denotes the configured power mode of Jetson Orin NX rather than the measured runtime
power consumption.
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3.4 Model Evaluation Metrics

In UAV aerial small-object detection, false detections and missed detections are common due to dense
object distributions, scale variations, and complex backgrounds. Therefore, nAP@0.5 and mAP@0.5:0.95 are
used as the main evaluation metrics. Precision and recall are also reported to evaluate the model’s detection
reliability and completeness. In addition, the number of parameters and GFLOPs are used to measure model
size and computational complexity.

(1) The average precision (AP) and mean average precision (mAP) are defined as follows:

1 N
AP = f p(r)dr, mAP = % > AP; (5)
0 i=1

where p(r) denotes the precision at recall level r, and N denotes the number of object categories.
(2) Precision is defined as follows:

TP
P=—F+— (6)
TP+ FP
where TP denotes true positives, and FP denotes false positives.
(3) Recall is defined as follows:
TP
R= -~ (7)
TP+ FN

where FN denotes false negatives, namely objects that actually exist but are not detected.

(4) Number of parameters. The number of parameters is used to evaluate the model size and storage
requirement. A smaller number of parameters usually indicates a more compact model, while a
larger number of parameters may improve feature representation but requires more storage and
computational resources.

(5) GFLOPs, namely giga floating-point operations, represent the number of floating-point operations
required for one forward inference process and are commonly used to evaluate model computa-
tional complexity.

3.5 Comparative Experiments

Table 5 compares the proposed model with representative general detectors, recent UAV-oriented
YOLO-based methods, and transformer-based UAV detectors on the VisDrone2019 validation set. For UAV
aerial small-object detection, both accuracy and model complexity should be considered because practical
deployment is often limited by onboard computing resources.

As shown in Table 5, the proposed model substantially improves the YOLOvI1n baseline while keeping
the model size relatively small. Compared with YOLOvlIn, mAP@0.5 increases from 0.324 to 0.375, and
mAP@0.5:0.95 increases from 0.187 to 0.230. These gains indicate that the redesigned backbone, neck, and
detection head are beneficial for dense UAV aerial scenes, where small objects require both local detail
preservation and cross-scale semantic guidance.

Compared with YOLOVlIs, the proposed model achieves nearly the same mAP@0.5:0.95 with fewer
parameters and lower computational cost. Specifically, the proposed model contains 3.12M parameters and
requires 12.3 GFLOPs, whereas YOLOV1ls contains 9.416M parameters and requires 21.3 GFLOPs. This
comparison suggests that the improvement is not obtained by simply enlarging the model, but by reallocating
computation to modules that are more relevant to UAV small-object detection.
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Table 5: Algorithm comparative experiments.

Model Param (M) GFLOPs P R mAP@0.5 mAP@0.5:0.95
Faster-R-CNN 63.20 370.0 0.346 0.368 0.309 0.131
SSD 12.30 63.2 0.211 0.358 0.240 0.119
YOLOV5s 9.10 23.8 0.504 0.380 0.388 0.232
YOLOvVSs 11.20 28.5 0.506 0.381 0.390 0.192
YOLOVIOn 2.26 6.5 0.442 0.342 0.342 0.198
YOLOV10s 7.22 21.4 0.506 0.381 0.390 0.238
YOLOvlIn 2.58 6.3 0.43 0.332 0.324 0.187
YOLOvlls 9.416 21.3 0.505 0.375 0.386 0.231
AEM-YOLOvVSs [11] 7.55 — 0.595 0.475 0.5 0.31
LPS-YOLO [17] 3.55 10.9 0.505 — 0.408 0.24
YOLOvV8n-ACW [23] 2.1 6.1 0.563 0.367 0.37 0.212
UAV-DETR-RI18 [29] 20.0 77.0 — — 0.488 0.298
UAV-DETR-EV2 [29] 13.0 43.0 — — 0.475 0.287
Ours 3.12 12.3 0.482 0.37 0.375 0.23

Note: UAV-DETR results are taken from the original paper. AP and AP50 are converted to mAP@0.5:0.95 and
mAP@0.5, respectively. P and R are not reported and are marked as “—”.

Some UAV-oriented methods, such as AEM-YOLOvV8s and LPS-YOLO, achieve higher absolute accu-
racy than the proposed model. Transformer-based UAV-DETR variants also obtain higher mAP values; for
example, UAV-DETR-RIS8 reaches 0.488 mAP@0.5 and 0.298 mAP@0.5:0.95, but requires 20.0M parameters
and 77.0 GFLOPs. In contrast, the proposed model uses only 3.12M parameters and 12.3 GFLOPs. Therefore,
the proposed method does not aim to outperform all existing UAV-oriented detectors in absolute accuracy.
Instead, it focuses on improving the YOLOvIIn baseline and achieving a compact accuracy-complexity
trade-oft for edge-oriented UAV detection.

3.6 Ablation Experiment

To evaluate the contribution of each proposed module, ablation experiments were conducted on the
VisDrone2019 dataset. YOLOv11n was used as the baseline model, and the proposed modules were gradually
added to the baseline. Specifically, the C3k2 module was first replaced with the proposed C3k2-DC structure.
Then, the upsampling-and-concatenation operation in the neck network was replaced with the CSBAF
module. Finally, the original detection head was replaced with the UAV-TAD*H detection head. The detailed
ablation results are shown in Table 6.

Table 6: Ablation results of the proposed modules.

. UAV- Param
Baseline C3k2-DC CSBAF TAD*H FPS M) GFLOPs P R mAP@0.5 mAP@0.5:0.95
N4 46 2.58 6.3 043 0.332 0.324 0.187
Vi v 42 2.60 6.5 0.45 0.342 0.341 0.199
V4 Vi v 36 3.52 11.7 0.468 0.357 0.364 0.216
N4 Vv Vv Vi 33 3.12 12.3 0.482 0.37 0.375 0.23
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As shown in Table 6, each proposed module contributes to the detection performance of the
model. After replacing C3k2 with the C3k2-DC structure, mAP@0.5 increases from 0.324 to 0.341, and
mAP@0.5:0.95 increases from 0.187 to 0.199. Meanwhile, the number of parameters only slightly increases
from 2.58M to 2.60M, indicating that DCLSConv improves feature extraction with limited additional
parameters. This result suggests that the combination of large-kernel contextual perception and small-kernel
dynamic aggregation is beneficial for multi-scale small-object representation.

After introducing the CSBAF module, mAP@0.5 further increases from 0.341 to 0.364, and
mAP@0.5:0.95 increases from 0.199 to 0.216. This improvement shows that CSBAF can enhance cross-
scale feature fusion and reduce the loss of small-object information during feature transmission. However,
CSBAF also increases the computational cost, with GFLOPs increasing from 6.5 to 11.7. This indicates that
the improved feature fusion capability is obtained at the cost of additional computation.

After replacing the original detection head with UAV-TAD*H, mAP@0.5 increases from 0.364 to 0.375,
and mAP@0.5:0.95 increases from 0.216 to 0.230. At the same time, the number of parameters decreases
from 3.52M to 3.12M. This result indicates that the task-aligned detection head improves the coordination
between classification and regression branches while maintaining a relatively compact model size.

When all proposed modules are integrated, the final model achieves mAP@0.5 and mAP@0.5:0.95
values of 0.375 and 0.230, respectively, which are 5.1 and 4.3 percentage points higher than those of the
baseline YOLOvIIn. Although the GFLOPs increase from 6.3 to 12.3, the proposed model still uses fewer
parameters and lower computational cost than YOLOv11s while achieving comparable detection accuracy.
Therefore, the proposed method aims to achieve a favorable accuracy-complexity trade-off rather than
simply minimizing computational cost.

To further illustrate the effectiveness of the proposed modules, heatmap visualizations are shown
in Fig. 7. In the upper row, after introducing DCLSConv, the model produces stronger responses around
small and distant objects, indicating improved fine-grained small-object feature representation. In the lower
row, after introducing CSBAE, the feature responses become more concentrated on dense object regions,
while responses in irrelevant background areas are relatively weakened. These visualization results indicate
that DCLSConv and CSBAF help enhance small-object representation and cross-scale feature fusion in
complex UAV aerial scenes.

Pl
(d) Original image of Scene 2 () YOLOvl1ln (f) YOLOv1ln + CSBAF

Figure 7: Heatmap visualization of feature responses after introducing DCLSConv and CSBAE
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As shown in Table 7, the proposed model consistently outperforms the YOLOv1In baseline over three
independent runs. The relatively small standard deviations indicate that the performance improvement is
stable and not caused by random initialization. These results further verify the statistical robustness of the
proposed method.

Table 7: Statistical robustness analysis over three runs on VisDrone2019.

Model Seed mAP@0.5 mAP@0.5:0.95
YOLOvlln 0 0.322 0.186
YOLOvlln 1 0.325 0.188
YOLOvlln 2 0.324 0.187
YOLOvlln Mean + Std 0.324 + 0.002 0.187 £ 0.001

Ours 0 0.373 0.229
Ours 1 0.376 0.231
Ours 2 0.375 0.230
Ours Mean + Std 0.375 £ 0.002 0.230 + 0.001

3.7 Visual Comparison of Detection Results

The qualitative detection results are shown in Fig. 8.

pstrian 0@‘
,‘ / mo OFUpe@ﬁlﬂ Uﬂ 3& =l
¥ _Rar ca[’
peaple . - / f,"' oL 83
\ \ L
Scene 1 Scene 2

(a) YOLOvlln (b) Proposed Model (¢) YOLOvllin (d) Proposed Model

“ ‘ i e
Een o T (a0 T | oa‘"‘
A | | g tr|cycI9031E‘,”umman _
strian 0.5/ isstian 0,308 motor 0.4
: ; ‘ olor 0.4
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(e) YOLOvVI1n (f) Proposed Model (g) YOLOvlln (h) Proposed Model

Figure 8: Qualitative comparison between YOLOvIIn and the proposed model on representative UAV aerial scenes.
Scenes 1-4 correspond to distant small-object detection, dense street-object detection, occluded rural-background
detection, and multi-category small-object detection, respectively.

Across the four representative UAV aerial scenes, the proposed model shows clearer advantages over
YOLOVIIn. In distant-object scenes, the proposed model recovers more low-resolution targets that are
missed by the baseline. In dense street scenes, it produces more complete predictions for clustered vehicles
and pedestrians. In occluded rural-background scenes, the model maintains better localization continuity
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for partially visible objects. In multi-category traffic scenes, the predictions are more stable across targets
with different sizes and appearances. These observations suggest that the proposed modules improve the
use of fine spatial details and multi-scale semantic cues, thereby reducing missed detections in crowded and
complex UAV images.

3.8 Cross-Dataset Generalization Evaluation

To examine whether the proposed modules remain effective beyond UAV-specific VisDrone scenes, the
trained framework was further evaluated on PASCAL VOC2012 [27] and BDD100K [28]. The corresponding
results are reported in Table 8.

Table 8: Cross-dataset generalization results on PASCAL VOC2012 and BDD100K.

Datasets Methods P R mAP@0.5 mAP@0.5:0.95
PASCAL VOC2012 YOLOvlln 0.781 0.659 0.74 0.539
PASCAL VOC2012 Ours 0.791 0.681 0.755 0.555

BDD100K YOLOvlln 0.58 0.412 0.441 0.292
BDD100K Ours 0.592 0.43 0.453 0.304

As shown in Table 8, the proposed model achieves consistent improvements over YOLOvlIn on both
datasets. On PASCAL VOC2012, the proposed model improves P, R, mAP@0.5, and mAP@0.5:0.95 by 0.010,
0.022, 0.015, and 0.016, respectively. On BDDI00K, the corresponding improvements are 0.012, 0.018, 0.012,
and 0.012, respectively. These results indicate that the proposed method can maintain stable performance
gains across different detection scenarios. Although the improvements on PASCAL VOC2012 and BDD100K
are moderate, they suggest that the proposed modules have a certain degree of generalization ability beyond
the VisDrone2019 dataset.

4 Conclusions

This study presents a YOLOvlIn-based detector for UAV aerial small-object detection under edge-
computing constraints. The method focuses on three stages of the detection pipeline. First, DCLSConv is
embedded into the C3k2 structure to form C3k2-DC, which combines dual large-kernel contextual percep-
tion with small-kernel dynamic aggregation. This design helps the backbone retain local small-object details
while expanding contextual perception. Second, CSBAF is introduced into the neck network to perform
gated bidirectional interaction between low-level spatial features and high-level semantic features. Compared
with direct upsampling and concatenation, this fusion strategy is more selective and better preserves useful
small-object information. Third, UAV-TAD?H is designed for task-specific prediction by combining shared
convolution, task decomposition, dynamic regression adjustment, and spatial attention enhancement.

Experiments on VisDrone2019 verify the effectiveness of the proposed method. Compared with
YOLOvlln, the proposed model improves mAP@0.5 from 0.324 to 0.375 and mAP@0.5:0.95 from 0.187
to 0.230. Although the computation increases to 12.3 GFLOPs, the model remains compact with 3.12M
parameters and achieves 33 FPS on Jetson Orin NX with TensorRT FP16 inference. The ablation results
further show that each module contributes to the final performance gain, while the heatmap and qualitative
detection results indicate improved attention to dense and small-object regions. Additional experiments
on PASCAL VOC2012 and BDD100K show moderate but consistent improvements, suggesting that the
proposed modules are not limited to a single dataset.



16 Comput Mater Contin. 2026;89(1):66

The current work mainly evaluates the model under fixed input resolution and limited edge-device
settings. Future work will extend the evaluation to more UAV platforms, different power modes, and
more diverse aerial scenes, and will further explore model compression strategies for practical onboard
deployment.
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