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Abstract

Vision-based unmanned aerial vehicle (UAV) detection has become increasingly im-
portant since it is a key technology in aerial collision avoidance systems. However, the
detection of small UAVs is still unsatisfactory in practical applications. To address this
problem, this paper proposes EWH-YOLO, a novel deep convolutional neural network-
based method for small UAV detection. First, an efficient feature extraction network is
designed to exact the multi-level features of small UAVs while reducing the network pa-
rameters and computational complexity. Second, a weighted bidirectional feature fusion
network is proposed to enhance the low-level and high-level features in the output feature
maps. Third, a hybrid bounding box regression loss is introduced to evaluate the differ-
ence between the predicted bounding box and the ground-truth bounding box during
training and improve the detection accuracy. Finally, a new dataset is created on the basis
of considering small UAVs to verify the detection performance. Compared with the state-
of-the-art methods, the proposed method achieves higher detection accuracy with lower
model complexity. The experimental results demonstrate that the proposed detector sig-
nificantly improves the detection performance of small UAVs.

Keywords: small UAV detection; deep convolutional neural network; efficient feature ex-
traction; weighted bidirectional feature fusion; hybrid bounding box regression loss

1. Introduction

In recent years, unmanned aerial vehicles (UAVs) have become increasingly popular
in various fields, such as logistics [1], agriculture [2], and inspection [3]. Given the rapid
proliferation of UAVs, the technology of vision-based UAV detection has gained wide-
spread attention since it plays a crucial role in aerial collision avoidance systems. How-
ever, the existing methods still cannot meet the application requirements due to the poor
detection performance in detecting small UAVs. Therefore, it is of great significance to
develop small UAV detection technology.

Thanks to the evolution of deep learning techniques, vision-based object detection
methods that rely on deep learning have achieved significant progress [4]. The existing
deep learning-based detectors can be separated into two streams. One stream comprises
two-stage detectors which are represented by R-CNN series [5-9]. The two-stage ap-
proaches first generate the region proposals from the input images and then perform
bounding box regression and classification based on the region proposals. The other

Aerospace 2026, 13, 809

https://doi.org/10.3390/aerospace13090809


https://doi.org/10.3390/aerospace13090809
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Aerospace 2026, 13, 809

2 of 19

comprises one-stage approaches which are represented by YOLO (You Only Look Once)
series [10-19]. The one-stage approaches do not generate candidate regions and directly
regress the bounding box and predict the object category. Compared with two-stage meth-
ods, one-stage methods have advantages in terms of model complexity. Currently, deep
learning-based detectors are widely used in various application scenes [20-22]. However,
the detection of small UAVs still faces significant limitations. First, due to the limited fea-
ture information and poor visual appearance of small UAVs, it is challenging to effectively
extract and integrate the low-level and high-level information required for small UAV
detection. Furthermore, many existing approaches have high network parameters and
computational complexity, making them less suitable for resource-constrained devices.
Additionally, small UAVs suffer from limited spatial size in images, which can easily re-
sult in inaccurate bounding box regression during training.

To address the above limitations, this paper proposes EWH-YOLQO, a novel deep
learning-based small UAV detector using an efficient feature extraction network (EFEN),
a weighted bidirectional feature fusion network (WBFFN) and a hybrid bounding box
regression loss (HBBRL). The EWH-YOLO significantly improves the detection accuracy
while reducing model complexity. The primary contributions of this paper are summa-
rized below.

(1). An efficient feature extraction network is constructed for the feature extraction of
small UAVs. The proposed network can extract multi-level features required for small
UAV detection while reducing network parameters and computational complexity.

(2). A weighted bidirectional feature fusion network is proposed to enhance the fea-
ture representation ability of small UAVs. It can make the output feature maps contain
more representative low-level and high-level features to improve detection accuracy.

(3). A hybrid bounding box regression loss is introduced to train the network. It can
effectively evaluate the difference between the true bounding box and the predicted
bounding box during training and enhance the location learning ability of small UAVs.

(4). A new dataset containing small UAVs in various practical scenarios is con-
structed to train and test the EWH-YOLO. The experimental results show that the EWH-
YOLO achieves better detection performance among other state-of-the-art methods.

The remainder of this paper is organized as follows. Section 2 describes the related
works on vision-based UAV detection, feature extraction network, multi-level feature fu-
sion, and bounding box regression loss. Section 3 presents a detailed exposition of the
EWH-YOLO. Section 4 describes the self-constructed dataset, implementation details,
evaluation metrics, comparative experiments, and ablation experiments. Section 5 pro-
vides the conclusions.

2. Related Works
2.1. Vision-Basied UAV Detection

Traditional vision-based UAV detection methods are generally designed based on
hand-crafted features and classifiers, including Haar-like features [23], histogram of ori-
ented gradient (HOG) [24], support vector machine (SVM) [25], and AdaBoost [26]. For
example, Sapkotav et al. [27] utilized the AdaBoost algorithm with HOG feature de-
scriptors for UAV detection tasks. Since the feature extraction capability is limited, tradi-
tional detection methods have poor accuracy and robustness.

In recent years, deep learning-based object detection methods have achieved great
success and gradually replaced traditional detection methods. Currently, some research-
ers have begun to adopt deep learning-based methods to tackle the problem of UAV de-
tection. Ojdanic et al. [21] developed a telescope-based optical UAV detection method by
employing a Faster R-CNN detector. Yang et al. [28] proposed an enhanced YOLOVS for
the detection of bionic flapping-wing drones. Arsenos et al. [29] evaluated the detection
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performance of representative deep-learning algorithms in aerial object detection. Lee et
al. [30] designed a micro air vehicle (MAV) interceptor that adopted YOLOv4-tiny to de-
tect the MAVs. Opromolla et al. [31] constructed a vision-based sense-and-avoid architec-
ture that adopted a YOLOv2 detector to detect uncooperative flying objects. Although the
aforementioned works have attempted to introduce deep neural network for UAV detec-
tion, the detection of small UAVs is still facing significant challenges in practical applica-
tions.

2.2. Feature Extraction Network

Given that feature extraction networks heavily affect detection performance, the de-
sign of feature extraction networks has received widespread attention and research in re-
cent years. AlexNet [32], VGG [33] and Darknet-19 [11] are the representative earlier fea-
ture extraction networks applied to object detection, mainly composed of stacking multi-
ple convolutional layers. With the increase in stacking layers, the deep network will en-
counter the degradation problem. He et al. [34] proposed a deep residual learning frame-
work and introduced the residual network. They addressed the degradation problem via
shortcut connections. Based on the Darknet-19 and residual network, Redmon et al. [12]
designed a Darknet-53 for feature extraction. To further optimize the detection perfor-
mance of the Darknet-53, Bochkovskiy et al. [13] employed CSPDarknet53 to obtain fea-
ture maps. They combined the cross stage partial network (CSPNet) [35] and Darknet-53
to build the feature extraction network. Despite improving the detection accuracy for
some cases, these feature extraction networks still fail to achieve a satisfactory trade-off
between detection accuracy and model complexity.

2.3. Multi-Level Feature Fusion

Multi-level feature fusion is an effective method to improve the detection accuracy
of small objects. In early studies, deep convolutional neural network-based detectors only
used the high-level features from the backbone to localize objects and predict their cate-
gories. Although the high-level feature maps have rich semantic information, these meth-
ods lack low-level information for the detection of small objects. To improve the detection
accuracy, Liu et al. [36] adopted multiple feature maps with different scales to detect dif-
ferent sized objects. However, the feature representation ability of single-level feature
maps is still insufficient for the detection of small objects. For this defect, Lin et al. [8]
proposed the feature pyramid network (FPN). It builds a feature pyramid to merge the
high-level features with the lower-level feature maps, which improves the detection accu-
racy of small objects. To enrich the low-level information in the output feature maps, Liu
et al. [37] proposed a path aggregation network (PAN). Currently, PAN is being applied
to many state-of-the-art object detection methods. However, the small UAV features in
PAN is limited, and the low-level and high-level features are not fully used to improve
the accuracy. Additionally, due to differences between multi-level feature maps, PAN
does not effectively integrate the significant features of small UAVs.

2.4. Bounding Box Regression Loss

In object detection, learning the bounding box parameters is a significant task for
object localization. Many existing detectors employ the intersection over union (IoU) loss
[38] for learning the bounding box parameters. The overlap area is used to measure the
distance between the predicted bounding box and ground-truth bounding box in the IoU
loss. However, when the bounding boxes do not overlap, the IoU loss cannot evaluate the
closeness between bounding boxes. Some improved works have been proposed to address
this problem. Rezatofighi et al. [39] proposed a generalized IoU (GIoU) loss. They found
the smallest convex shapes enclosing both the predicted bounding box and ground-truth
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bounding box to evaluate the distance between bounding boxes in non-overlapping cases.
Zheng et al. [40] developed a CloU loss by considering the overlap area, central point
distance and aspect ratio. However, these methods still have unsatisfactory performance
for the bounding box regression of small UAVs.

3. Proposed Method

In this paper, a novel deep learning-based detector is designed for the detection of
small UAVs, which is constructed based on YOLOL11. The overall structure of the pro-
posed EWH-YOLO, as depicted in Figure 1, is composed of the backbone, neck and head.
First, the backbone extracts multi-level features from the input images. Then, the neck is
adopted to realize the fusion of multi-level features. Finally, the head is used to realize
object classification and localization. Details of the specific improvements are presented
below.
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Figure 1. The overall structure of the proposed EWH-YOLO.

3.1. Efficient Feature Extraction Network

Feature extraction networks are used to obtain multi-level features for object detec-
tion. In recent years, many feature extraction networks are proposed to improve the de-
tection accuracy. Due to parallelizing more gradient flow branches, the efficient layer ag-
gregation network (ELAN) [14,41] has good feature extraction ability. However, it has
high network parameters and computational complexity. For this reason, a residual Ghost
module-based ELAN(RGM-ELAN) is proposed and utilized to construct an efficient fea-
ture extraction network. As depicted in Figure 2, the RGM-ELAN reduces network pa-
rameters and computational complexity by using RGM to replace 3 * 3 standard convo-
lutions. The RGM is designed based on the Ghost module [42], standard convolution and
residual connection [34]. The residual connection in RGM directly maps the original
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features learned by the previous layer to the subsequent layers without any loss, which
effectively improves the degradation problem.
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Figure 2. The detailed structure of RGM-ELAN. (a) RGM-ELAN-1. (b) RGM-ELAN-2.
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As depicted in Figure 3, the implementation of the Ghost module can be split into
two steps. First, the standard convolution is used to obtain intrinsic feature maps. Then, a
series of cheap linear operations are applied to each intrinsic feature map to produce more
output features. Assuming that the size of input feature maps is CxHxW the size of
output feature maps is NxH'xW' . and the size of the convolution kernel is KxK
where H and W are the height and width of input feature maps, respectively, C s
the number of input channels, H' and W' are the height and width of output feature
maps, respectively, and N is the number of output channels. For standard convolution,

the network parameters and floating-point operations (FLOPs) can be calculated as:

P,. =NxCxKxK (1)
F,. =NxCxH'xW'xKxK )
P, . F
where “5¢ represents the network parameters of standard convolution, and "¢ repre-

sents the FLOPs of standard convolution. For the Ghost module, the network parameters
and FLOPs can be calculated as:

PGM:%XCXKXK-F(S—DX%XDXD 3)
N ! ' N ’ !
PGMIEXCXH xW ><K><K+(S—1)><§><H xW'xDx D (4)

P F
where M represents the network parameters of the Ghost module, "™ represents

the FLOPs of the Ghost module, S is the number of Ghost features,and D is the kernel
size of cheap linear operation. Therefore, the ratio of parameters and FLOPs can be calcu-
lated as:

https://doi.org/10.3390/aerospace13090809


https://doi.org/10.3390/aerospace13090809

Aerospace 2026, 13, 809

6 of 19

R = P 3 NxCxKxK _ SxC
= = ~ ~
Po N><C><I<><K+(S—1)><ﬁ><D><D 5+C-1 ©®)
S S
R = F. NxCxH'xW'xKxK _ SxC ~S
=== ~ ~
F. S+C-1 6)

SXCxHIx W' KxK+(S1)x S x H'x W'x Dx D

where Ry represents the ratio of parameters, Ry represents the ratio of FLOPs, D is
equal to K the value of ° is 2, and S<C It can be seen that the parameters and
FLOPs of standard convolution are approximately 2 times that of the Ghost module. Fol-
lowing [14], the down-sampling module used in the efficient feature extraction network
consists of max-pooling and convolutions. As shown in Figure 1, the proposed feature
extraction network can effectively extract multi-level features and reduce the model com-

plexity.

Identity

Conv

Input

Output

Figure 3. The detailed structure of the Ghost module.

3.2. Weighted Bidirectional Feature Fusion Network

In deep convolutional neural network, the fusion of multi-level features is an effec-
tive method to improve feature representation capability. Currently, PAN [37] is a repre-
sentative feature fusion strategy and is widely used in object detection methods. However,
PAN cannot effectively fuse the extracted feature information due to the limited feature
information and poor visual appearance of small UAVs. Therefore, this paper proposes a
weighted bidirectional feature fusion network (WBFFN) by enhancing the low-level and
high-level features of small UAVs.

The detailed structure of the WBFFN is shown in Figure 4. It can be seen that the
constructed network fuses multiscale features through bidirectional parallel feature fu-
sion paths and skip connections. First, to enhance the low-level information of small UAVs,
the shallower feature maps are introduced directly into the output feature maps of the
backbone. Then, PAN is used to fuse the different level features. Moreover, considering
that the high-level features have rich semantic information of small UAVs, a semantic in-
formation transmission operation is added from high-level feature maps to low-level fea-
ture maps. To deal with the loss of feature information, the skip connections are added
between the input feature maps and output feature maps. In addition, a weighted feature

fusion approach [43] is used to learn the importance of input feature maps. Taking Boin
Figure 4 as an example, the feature fusion operation can be described as follows:
w,*P, +w,*N, +w,*UM(Conv(N,))
W, +W, +W, +& ]

E = Conv( (7)
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where 0, “1 and “2 are learnable weights, and ¢ is a small value used to prevent
numerical instability. Compared with PAN, the proposed WBFFN can more fully inte-

grate low-level and high-level information for detecting small UAVs.

LF R f LS A

Figure 4. The detailed structure of the WBFFN.

3.3. Hybrid Bounding Box Regression Loss

During the training process, the bounding box regression loss is used to determine
the position of the UAVs in the image. It is difficult to accurately locate the small UAVs
during training due to low resolution in images. To improve the location learning ability
and detection accuracy, a hybrid bounding box regression loss (HBBRL) is constructed
based on efficient intersection over union (EIoU) loss [44] and normalized Wasserstein
distance (NWD) loss [45] for training the network.

B B
As illustrated in Figure 5, 7 is the predicted bounding box, and ¢ is a ground-
w h
truth bounding box. 7 and 7 represent width and height of the predicted bounding

h
box, respectively. Ys and ¢ represent width and height of the ground-truth bound-

ing box, respectively. “e and . represent width and height of the smallest enclosing
box covering the predicted bounding box and the ground-truth bounding box, respec-

b b
tively. "and ¢ are the central points of the predicted bounding box and the ground-
truth bounding box, respectively. The EloU loss is defined as follows:

’02 (bv’bgt) +'02 (wp’wgf)+p2 (hp’hgt)

L.,=1-IoU+ 8
S Y TN Y O N
B, "B,
IoU = —‘B OB )
4 gt

where #() represents the Euclidean distance. The ElIoU can improve the accuracy of
bounding box regression during training since it contains three geometric factors includ-
ing the overlap area, the central point, and the side length.
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Figure 5. [llustration of EIoU loss.

Since IOU-based loss evaluates similarity by calculating the geometric overlap, the
small object bounding boxes are more sensitive to the position deviation. In contrast, the
NWD loss models bounding boxes into a two-dimensional (2D) Gaussian distribution and
adopts the Wasserstein distance to evaluate the difference between bounding boxes.
Given that the NWD loss is less sensitive to the scale changes in bounding boxes, it is more
suitable for evaluating the similarity between small bounding boxes. Therefore, this paper
introduces NWD loss to further improve the localization accuracy of small bounding
boxes. The calculation formula is described as follows:

W2 (Np,Ngt)

Lywp =1—exp| - E

(10)

2

wP hp T wgf hgf T
[cxp,cyp,—2 ,?] exy ey ———

> (11)

VVZ2(NP’Nxf)=

W2(N,,N,,)

N N
where is a distance metric, and E isaconstant. 7 and = ¢ represent

two 2D Gaussian distributions which are modeled from the predicted bounding box and

X, ,c cx,,,C
( P y”) and ( 8t ygt) are the center coor-

ground-truth bounding box, respectively.
dinates.
A size-aware sigmoid weighted summation [46] is adopted to combine the EIoU loss

and NWD loss. Finally, the HBBRL can be computed as follows:

1

1
Ly =——=—>*Lou + [1 - —J * Ly (12)
1+ e_(ﬁ/bl) 1+ e_(ﬁ/H)
where A represents the area of the ground-truth bounding box, and L represents a

constant.

4. Experimental Results and Analysis
4.1. Dataset Description

A new dataset is collected and annotated on the basis of considering small UAVs to
evaluate the EWH-YOLO. The dataset contains 3900 images in total, with 3120 training
images, and 780 test images. During the dataset construction process, we remove images
that do not contain UAVs and duplicate images. Therefore, there are no empty
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background images in the dataset and each image contains either one or two annotated
instances. All images are manually labeled by labellmg [47]. Some samples in the dataset
are shown in Figure 6. The object size distribution of the self-constructed dataset is shown
in Figure 7. The self-constructed dataset contains images of small UAVs with pixel areas
less than 32 x 32 pixels [48] in various practical scenarios.

Figure 6. Some samples of the self-constructed dataset.

0.10 -

0.08 -

0.02 -

I 1 I I | 1
0.025 0.050 0.075 0.100 0.125 0.150
width

Figure 7. The object size distribution of the self-constructed dataset.
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4.2, Implementation Details

All our experiments are conducted on Pytorch [49] deep learning framework with an
NVIDIA Geforce GTX 3060 GPU card. In the experiments, the size of the input images is
set to 576 x 576, The stochastic gradient descent (SGD) optimizer is employed to train the
EWH-YOLO. The initial learning rate, weight decay and momentum factor are set to 0.01,
0.0005 and 0.937. € is set to 0.0001. The constants E and L are set to 32. Data augmenta-
tion methods are adopted, including mosaic augmentation with a probability of 1.0, HSV
augmentation with hsv_h=0.015, hsv_s=0.7, and hsv_v =0.4, scale = 0.5, translation=0.1,
and fliplr = 0.5. The network is trained for 100 epochs with a batch size of 8. YOLOL11 is
adopted as the baseline.

4.3. Evaluation Metrics

The average precision (AP) is employed to evaluate detection accuracy. The formulas
for the calculation of AP are as follows:

AP = jol PdR 13)
P=—10_100% (14)
TP+FP
R=—1T _100% (15)
TP +EN

where TP, FP and FN refer to the number of true positives, false positives, and false neg-
atives, respectively. P and R are precision and recall, respectively. Meanwhile, model com-
plexity is evaluated by network parameters, model size and FLOPs, and detection speed
is evaluated by frames per second (FPS).

4.4. Comparisons with State-of-the-Art Methods

The proposed EWH-YOLO is compared with state-of-the-art object detection meth-
ods, including GELAN [15], YOLOV9 [15], YOLOV10 [16], YOLO11 [17] and HyperYOLO
[18] and YOLO-Master [19]. Table 1 shows the quantitative comparison of the EWH-
YOLO with other detection methods. As presented in Table 1, APs09s and APso of the
EWH-YOLO are 50.8% and 81.8%, respectively, which achieves the highest detection ac-
curacy. Specifically, compared with YOLO11-S, the EWH-YOLO achieves a 4.5% improve-
ment in APso9s and a 4.2% improvement in APs.. Compared with GELAN-S, the proposed
EWH-YOLO obtains an improvement of 5.6% and an improvement of 6.7% in APso9s and
APs0. Compared with Hyper-YOLO, the EWH-YOLO improves APso9s and APso by 3.9%
and 3.3%, respectively. Figure 7 provides the PR curves of different methods. As shown
in Figure 8, the area surrounded by the PR curve of the EWH-YOLO is the largest. There-
fore, the EWH-YOLO significantly enhances the detection accuracy of small UAVs.

Table 1. Comparison of different methods on the self-constructed dataset.

Methods APs0:95 (%) APs0 (%) Parameters (M) Model Size (MB) FLOPs (G)
GELAN-S 45.2 75.1 7.1 14.3 21.2
YOLOvV9-S 45.9 75.6 7.1 14.3 21.2

YOLOvV10-S 443 76.4 8.0 15.7 19.8
YOLO11-S 46.3 77.6 94 18.3 17.3
HyperYOLO-S 46.9 78.5 14.8 28.6 31.5
YOLO-Master-S 47.1 78.1 9.7 18.9 23.4
Ours 50.8 81.8 6.4 12.6 17.2
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Figure 8. PR curves of GELAN-S, YOLOv9-S, YOLOL11-S, HyperYOLO-S and the EWH-YOLO.

In terms of model complexity, Table 1 lists the network parameters, model size and
FLOPs of the EWH-YOLO and other comparison methods. As presented in Table 1, com-
pared with YOLO11-S, the EWH-YOLO reduces the parameters and model sizes by 31.9%
and 31.1%, respectively, and the FLOPs is slightly lower. Compared with GELAN-S, the
parameters, model size and FLOPs of the EWH-YOLO are decreased by 9.9%, 11.9% and
18.9%, respectively. Compared with Hyper-YOLO, the parameters, model size and FLOPs
of the EWH-YOLO are decreased by 56.8%, 55.9% and 45.4%, respectively. Figure 9 pro-
vides the comparison of APsu9s with network parameters, model sizes and FLOPs. It can
be seen that the EWH-YOLO achieves the highest APs095 while using the lowest parame-
ters and FLOPs. Overall, the EWH-YOLO has superior detection performance in terms of

detection accuracy and model complexity.
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Figure 9. Comparison of APsoss with parameters, model size and FLOPs.

Figure 10 presents the visualization results of the baseline and the EWH-YOLO. It
can be observed that the baseline fails to detect the small UAVs under some practical sce-
narios. For example, in the first row, the small UAV is missed by the baseline. In contrast,
the EWH-YOLO is able to detect all of the small UAVs. Figure 11 illustrates more detection
results of the EWH-YOLO. The visualization results demonstrate that the EWH-YOLO
effectively detects the small UAVs under various scenarios and reduces missed detections.
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(@) (b)

Figure 10. Detection results of the baseline and the EWH-YOLO. (a) Detection results of the baseline.
(b) Detection results of the EWH-YOLO.

Figure 11. More detection results.

To further evaluate the detection performance of the EWH-YOLO, a public dataset
[50] containing small UAVs is adopted to train and test the EWH-YOLO. Table 2 presents
the detection results of different methods. Experimental results on the public dataset show
that EWH-YOLO achieved the highest detection accuracy. As shown in Figure 12, the
EWH-YOLO effectively detects the small UAVs in the images. In general, the proposed
EWH-YOLO significantly improves the detection performance on the public dataset.

Table 2. Comparison of different methods on the public dataset.

Methods APso0 (%) Parameters (M) Model Size (MB) FLOPs (G)
YOLO11-S 74.5 9.4 18.3 17.3
YOLO-Master-S 75.4 9.7 18.9 23.4
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Ours 79.9 6.4 12.6 17.2

Figure 12. Detection results on the public dataset.

4.5. Ablation Experiments

To evaluate the effectiveness of each proposed module, ablation experiments are con-
ducted on the created UAV dataset. The proposed EFEN, WBFFN and HBBRL are gradu-
ally introduced to the baseline.

Table 3 shows the specific results of ablation experiments. First, the EFEN is adopted
as the feature extraction network. According to Table 3, when adding the proposed EFEN
to the baseline, the APso0.95 increases from 46.3% to 47.3%, and the APso increases from 77.6%
to 79.1%. The parameters decrease from 9.4M to 5.7M and the FPS decreases from 256 to
244. Then, the WBFEN is introduced to the baseline. After adding the WBFFN, the APso.05
increases from 47.3% to 48.7%, and the APso increases from 79.1% to 80.0%. The parame-
ters increase from 5.7M to 6.4M and the FPS decreases from 244 to 213. Finally, the impact
of the HBBRL is studied. When incorporating the HBBRL, the APso9s increases from 48.7%
to 50.8%, the APso increases from 80.0% to 81.8%, and the parameters and FPS remain
unchanged. Despite a slight drop in FPS, the proposed EWH-YOLO effectively improves
detection accuracy and reduces the network parameters.

In general, the results of ablation experiments confirm that each of the three proposed
modules contributes positively to the baseline. Functionally, the EFEN is designed to ex-
tract multi-level features required for small UAV detection. The WBFFN is adopted to
effectively integrate multi-level features. The HBBRL is used to enhance the location learn-
ing ability. In addition, the ablation results show steady performance growth when add-
ing them incrementally. Therefore, the three proposed modules are complementary, and
their combination achieves synergistic improvements without performance conflicts.

Table 3. The results of ablation experiments.
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Baseline EFEN WBFEFN HBBRL APs0:95 (%) APs0 (%)  Parameters (M) FPS
S 46.3 77.6 9.4 256
\ \ 47.3 79.1 5.7 244
\ \ \ 48.7 80.0 6.4 213
\ \ \ \ 50.8 81.8 6.4 213

To further validate the performance of the EFEN, we compare the proposed EFEN
with other feature extraction networks, including ELAN, C3k2, and C3k2-Ghost. Table 4
presents the detection results of different feature extraction networks. The results indicate
that the EFEN achieves a more balanced detection performance.

Table 4. Comparison of different feature extraction networks.

Methods AP50:95 (%) Parameters (M)
C3k2(YOLO11) 46.3 94
C3k2-Ghost 45.2 7.8
ELAN 47.2 7.7
EFEN 47.3 5.7

To further validate the performance of the HBBRL, we compare the HBBRL with
other bounding box regression losses. As shown in Table 5, the HBBRL achieves better
detection accuracy. The results indicate that the HBBRL effectively improves the detection
accuracy of small UAVs.

Table 5. Comparison of different bounding box regression losses.

Methods AP50:95 (%) Parameters (M)
CloU 48.7 6.4
DIoU 48.5 6.4
EloU 49.1 6.4
HBBRL 50.8 6.4

5. Conclusions

For the detection of small UAVs, this paper proposes a novel deep convolutional
neural network with efficient feature extraction network, weighted bidirectional feature
fusion network and hybrid bounding box regression loss. To begin with, an efficient fea-
ture extraction network is constructed based on the RGM-ELAN. It effectively obtains the
multi-level features of small UAVs while reducing network parameters and computa-
tional complexity. Then, a weighted bidirectional feature fusion network is proposed to
obtain more representative low-level and high-level features in the output feature maps.
Moreover, a hybrid bounding box regression loss is adopted to evaluate the difference
between the true bounding box and the predicted bounding box during training and en-
hance the location learning ability of small UAVs. Additionally, a self-constructed dataset
containing small UAVs in various practical scenarios is used to verify the detection per-
formance. The experimental results show that the EWH-YOLO achieves competitive ad-
vantages over state-of-the-art detectors. In future work, we plan to deploy the EWH-
YOLO on the embedded platforms.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle

R-CNN  Region-based Convolutional Neural Network
YOLO You Only Look Once

EFEN Efficient Feature Extraction Network

WBFEN  Weighted Bidirectional Feature Fusion Network
HBBRL  Hybrid Bounding Box Regression Loss

RGM Residual Ghost Module

WEFF Weighted Feature Fusion
DM Down-sampling Module

UM Up-sampling Module

SPPF Spatial Pyramid Pooling-Fast

ELAN Efficient Layer Aggregation Network
FLOPs Floating-point Operations

PAN Path Aggregation Network
EloU Efficient Intersection over Union
NWD Normalized Wasserstein Distance
SGD Stochastic Gradient Descent
AP Average Precision
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