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Abstract: There are many small objects in UAV images, and the object scale varies greatly. When the
SSD algorithm detects them, the backbone network’s feature extraction capabilities are poor; it does
not fully utilize the semantic information in the deeper feature layer, and it does not give enough
consideration to the little items in the loss function, which result in serious missing object detection
and low object detection accuracy. To tackle these issues, a new algorithm called RSAD (Resnet
Self-Attention Detector) that takes advantage of the self-attention mechanism has been proposed. The
proposed RSAD algorithm utilises the residual structure of the ResNet-50 backbone network, which
is more capable of feature extraction, in order to extract deeper features from UAV image information.
It then utilises the SAFM (Self-Attention Fusion Module) to reshape and concatenate the shallow and
deep features of the backbone network, selectively weighted by attention units, ensuring the efficient
fusion of features to provide rich semantic features for small object detection. Lastly, it introduces the
Focal Loss loss function, which adjusts the corresponding parameters to enhance the contribution of
small objects to the detection model. The ablation experiments show that the mAP of RSAD is 10.6%
higher than that of the SSD model, with SAFM providing the highest mAP enhancement of 7.4%
and ResNet-50 and Focal Loss providing 1.3% and 1.9% enhancements, respectively. The detection
speed is only reduced by 3FPS, but it meets the real-time requirement. Comparison experiments
show that in terms of mAP, it is far ahead of Faster R-CNN, Cascade R-CNN, RetinaNet, CenterNet,
YOLOv5s, and YOLOv8n, which are the mainstream object detection models; In terms of FPS, it
slightly inferior to YOLOv5s and YOLOv8n. Thus, RSAD has a good balance between detection
speed and accuracy, and it can facilitate the advancement of the UAV to complete object detection
tasks in different scenarios.

Keywords: UAV images; RSAD; small object; self-attention mechanism; feature fusion

1. Introduction

Unmanned aerial vehicles (UAVs) are becoming an essential component of daily life
thanks to the ongoing development of UAV technology. UAVs are frequently employed in
many fields because they are compact, adaptable, simple to use, and economical [1]. Drone
usage is evident in both military and non-military operations. As an illustration, traffic
monitoring, power patrol, locating military targets at sea, and emergency disaster aid [2–5].
However, object detection is the primary technology that enables UAVs to complete these
tasks. UAVs can capture aerial images in a variety of environments by carrying optical
elements on their fuselage [6,7]. Object detection technology is then used to process the
images captured by UAVs and analyse the feature information in the images, which can
greatly reduce the human cost and improve the monitoring efficiency. Therefore, how
to process and analyse UAV images quickly, accurately and intelligently has become a
research focus in the field of UAV imagery.
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In recent years, the break-through in computer hardware and the emergence of deep
learning have led to the rapid development of object detection technology, which, as an
important technology for UAV image processing, enhances the UAV’s ability to understand
different scenarios and can help the UAV to perform tasks in different scenarios [8,9]. More
specifically, deep learning algorithms for object detection perform significantly better than
traditional methods. The feature learning framework in deep learning solves several prob-
lems that existed in traditional methods, such as generating a large number of redundant
proposals through time-consuming selective search methods, as well as the manual fea-
ture design process, the selective search methods, and the manual feature design process.
Recent progress of deep neural networks has significantly boosted the performance of
object detection on public benchmarks such as COCO [10]. However, UAV images [11] are
different from public benchmarks. Due to the UAV’s large field of view, the scale of objects
in UAV images varies greatly, and small objects form a significant proportion, whereas
current research focuses on developing complex models to achieve high accuracy for small
objects on high-resolution UAV images, which requires a lot of processing work. However,
complex models are not easy to deploy on UAVs when UAV resources are limited. All these
make UAV object detection more difficult than general object detection.

Initial deep learning-based object detection algorithms, such as Faster R-CNN [12],
Mask R-CNN [13], and YOLO [14] only perform prediction and regression in the last
layer of the backbone network. This detection method is difficult to adapt to changes in
the scale of objects and retains less-effective information about small objects, resulting in
low accuracy of UAV image detection. The SSD [15] algorithm merges the anchor frame
concept of Faster R-CNN with the regression concept of YOLO and proposes the intro-
duction of multiple convolutional classifiers and regressors on feature maps of different
scales for object detection. This method ensures robustness to scale changes and offers
a new perspective for UAV image detection. Nowadays, most of the object detection
algorithms based on UAV images retain the characteristics of multi-scale detection of SSD
algorithm [16–18] and improve on it. Zhang et al. [19] proposed a global density fusion
convolutional network for small objects in UAV images, which improves the model’s
detection rate of small objects in UAV images by fusing the feature layers of different
scales, but increases the computational burden. In order to enhance the fusion efficiency
of different feature layers, Ma Junyan et al. [20] proposed an MFT structure, which gives
weights to different feature layers for fusion through the attention mechanism, solving
the problem that different feature layers have the same influence on the results when
fused, but the specific information in different feature layers is not considered for UAV
image detection, and the improvement of the detection accuracy of UAV images is lim-
ited. Tian et al. [21] proposed a dual neural network review method, by classifying the
secondary features of the suspected object area, quickly screening the missed objects in
the primary detection, extracting the feature map of the UAV image by using the VGG
backbone, and combining the feature map and the location information of the suspected
area for the secondary identification to realize the high-quality detection of the small objects
in the UAV image; however, this structure increases the complexity of the model and
makes the detection speed to decrease. The object detection algorithm of UAV image at
the present stage improves the detection accuracy of UAV image by inefficient feature
fusion and increasing the attention mechanism, but the detection speed is slow, and the
practicality is poor.

In this study, a RSAD algorithm for object detection in UAV images is proposed
from SSD, and a feature fusion module SAFM with self-attention mechanism is designed,
through which information from different layers is efficiently fused, and residual learning
and Focal Loss loss function are utilized to improve the detection accuracy of UAV images
with less loss in detection speed.
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2. Related Work
2.1. Object Detection in UAV Images

Object detection was initially applied in the detection of general images. It is usually
classified into two main categories, two-stage object detection algorithms and one-stage
object detection algorithms, and they differ in their strengths and limitations.

The two-stage algorithm is known for its high detection accuracy, such as the Faster
R-CNN mentioned above. It first generates the proposed region from the image and then
classifies and localises the objects in it. However, for UAV images, its detection accuracy is
drastically reduced. To address this phenomenon, many scholars have conducted research.
Liu et al. [22] use VGGNet and ResNet as the feature extraction networks in Faster R-CNN
to detect maize tassels, both with images from UAV. They modified the anchor size in
the region proposal network to match the real size of the tassel pixels, which improved
the detection accuracy. However, detection efficiency has a long way to go. The ROI
transformer, developed by Ding et al. [23], produces rotational ROIs using RPN from
horizontal ROIs. This considerably improves the detection accuracy of oriented objects.
However, the network became heavy and sophisticated due to fully linked layers and a ROI
alignment mechanism that rotated ROIs. For UAV images, a label-oriented object format
called gliding vertexes was introduced by Xu et al. [24] and acquired four vertex gliding
offsets on the regression branch of the Faster R-CNN head. It can accurately detect multi-
directional objects, but it also introduces a certain amount of computation and increases
the computational burden.

One-stage object detectors are efficient but usually have lower accuracy, such as
SSD mentioned above. The core of the one-stage object detection algorithm is regression,
which eliminates the region proposal aspect of the two-stage method; there will be no
preclassification or regression process, and the specific categories are directly classified
and regressed against the boxes [25]. Arunnehru L. et al. [26] achieved real-time detection
of UAV images by performing target frame clustering analysis, pre-training the model,
employing multi-scale training, and optimizing the filtering rules of candidate frames for
the YOLO algorithm from the perspective of detection efficiency. However, the detection
accuracy is slightly lower. Inspired by YOLO architecture, Elhagry A. et al. [27] propose
a novel single-stage detection architecture. Oghaz D. et al. [28] used SSD as a baseline
network and improved SSD using feature enhancement modules such as super-resolution,
inverse plethysmography and feature fusion. These improvements effectively enhanced
the detection accuracy of SSD for UAV images, but at the expense of a significant amount of
detection speed. Yundong, L. I. et al. [29] designed a multi-block SSD mechanism consisting
of three steps to address the limitations of small object detection for UAV surveillance of
railway scenes. The original input image is first divided into four overlapping blocks. The
next step is to send each block to an SSD independently for detection. The overlapping
frames of the sublayers are then eliminated using non-maxima splicing and integration of
the detection results from the four blocks. This can lower the leakage rate and considerably
increase the detection accuracy of small objects in UAV images. However, it decreases the
detection efficiency and makes the model more complex.

2.2. SSD Object Detection Framework

SSD algorithm, which combines the anchor mechanism from Faster R-CNN and the
regression concept from YOLO, is a suggested object detection technique. According
to [15], in the common public datasets VOC and COCO, SSD not only outperforms Faster
R-CNN in detection accuracy, but also outperforms YOLO in detection speed. It is an
end-to-end single-point multi-frame one-stage object detection algorithm, which classifies
and regresses the predictions of objects on different scales of feature layers through the
anchor frame mechanism, and finally excludes low-scoring prediction frames through the
Non-Maximum Suppression (NMS) algorithm to obtain the detection results [30]. The
specific detection process is as follows: the backbone network VGG-16 extracts image
features to create six feature maps at different scales for simultaneous detection of objects at
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different scales; then, a set of anchor boxes with different aspect ratios and sizes are tiled by
pixels on the feature maps at different scales, and scores are generated for the presence of
each object category in each default box as well as adjusting the shape. Finally, using NMS
to output the location and category of the object box, the algorithm structure is shown in
Figure 1.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 4 of 17 
 

create six feature maps at different scales for simultaneous detection of objects at different 
scales; then, a set of anchor boxes with different aspect ratios and sizes are tiled by pixels 
on the feature maps at different scales, and scores are generated for the presence of each 
object category in each default box as well as adjusting the shape. Finally, using NMS to 
output the location and category of the object box, the algorithm structure is shown in 
Figure 1. 

The SSD object detection algorithm has poor accuracy in detecting small objects in 
UAV images [31], mainly due to the following reasons: The layers of the backbone network 
VGG-16 are too shallow for feature extraction of small objects [32], and more advanced 
semantic features cannot be obtained; the algorithm’s six feature maps for classification 
and regression are independent of one another, and the shallow feature maps used for 
small object recognition cannot fully utilize the deeper feature maps’ semantic features 
[33]. Small objects, which are hard samples, contribute less to the SSD loss function during 
model training, causing the model to pay them less attention and resulting in lower de-
tection accuracy. In summary, the network’s structure of the SSD algorithm needs to be 
further modified in order to increase its detection performance for small objects in UAV 
images. 

 
Figure 1. The network structure of SSD. 

2.3. Datasets and Evaluation Metrics 
The VisDrone UAV image dataset [34] is used for the experiments in this study; the 

training set has 6471 samples, the validation set contains 777 samples, and each sample is 
1920 × 1080 pixels in size. The dataset consists of 10 classes: pedestrian, people, bicycle, 
car, van, truck, tricycle, awning tricycle, bus, and motor. More than 90% of the dataset’s 
objects are small, which is a predominance (Figure 2). 

Figure 1. The network structure of SSD.

The SSD object detection algorithm has poor accuracy in detecting small objects in
UAV images [31], mainly due to the following reasons: The layers of the backbone network
VGG-16 are too shallow for feature extraction of small objects [32], and more advanced
semantic features cannot be obtained; the algorithm’s six feature maps for classification and
regression are independent of one another, and the shallow feature maps used for small
object recognition cannot fully utilize the deeper feature maps’ semantic features [33]. Small
objects, which are hard samples, contribute less to the SSD loss function during model
training, causing the model to pay them less attention and resulting in lower detection
accuracy. In summary, the network’s structure of the SSD algorithm needs to be further
modified in order to increase its detection performance for small objects in UAV images.

2.3. Datasets and Evaluation Metrics

The VisDrone UAV image dataset [34] is used for the experiments in this study; the
training set has 6471 samples, the validation set contains 777 samples, and each sample is
1920 × 1080 pixels in size. The dataset consists of 10 classes: pedestrian, people, bicycle,
car, van, truck, tricycle, awning tricycle, bus, and motor. More than 90% of the dataset’s
objects are small, which is a predominance (Figure 2).

The assessment of object detection properties often relies on two metrics: Average
Precision (AP) and mean Average Precision (mAP) [35], computed based on the intersection
over union (IOU) between ground truth and predicted bounding boxes. AP is obtained from
the area surrounded by the precision-recall curves (PR curve) and the axes. Additionally,
mAP is the averaged AP value for all classes. The precision can gauge how well the object
detection algorithm can classify objects. Additionally, the recall can gauge how well the
model can identify an object. The higher value of precision and recall, the object detection
algorithm performs better in classifying and identifying. The following demonstrates how
the Precision and Recall are calculated:

Precision =
TP

TP + FP
(1)
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Recall =
TP

TP + FN
(2)

In Equations (1) and (2), TP is true positive, which denotes the number of positive
samples whose prediction result is true; FP is false positive, which denotes the number of
negative samples whose prediction result is true; and FN, false negative, denotes that the
number of positive samples whose prediction result is false. Apart from that, the number
of model parameters and the FPS were picked as indicators of the model’s complexity and
detection speed, respectively.
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2.4. Motivation and Contribution

Combined with the previously mentioned, the existing object detection algorithms for
UAV images do not balance detection accuracy and detection speed. They often sacrifice a
large amount of detection speed in pursuit of high detection accuracy. This does not take
advantage of the practical application of object detection algorithms on UAVs. Therefore,
we propose RSAD, which makes a good balance between detection speed and detection
accuracy. Our main contributions are as follows:

(1) By comparing backbone networks geared towards real-world applications and con-
sidering UAV resource constraints, we chose ResNet-50 as the backbone network for
RSAD and continued to use multiscale detection.

(2) We designed a feature fusion module based on the self-attention mechanism. Different
from the traditional attention mechanism, we pay more attention to the weight rela-
tionship within the image. By reshaping and concatenating the information extracted
into the image by the backbone network, the correlation between the information
inside the image is established. It helps the network to better understand the informa-
tion in the UAV image.

(3) We introduced the Focal Loss loss function to enhance RSAD’s focus on small targets.
The parameters of the Focal Loss loss function are adjusted through experiments with
a small number of iterations to make RSAD pay the best attention to small objects.

3. Proposed Method
3.1. Establishment of the Backbone Network

The object detection algorithm’s foundation, the backbone network, directly influences
how well it performs in terms of object detection [36]. As we all know, medium and large
object recognition is more advantageous with deeper backbone network layers since more
information can be gleaned from the image. Because there are a lot of small objects in UAV
images and the background is complicated, the deeper layer backbone network’s feature
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extraction effect on small objects is less effective than it is on medium and large objects.
As the layers are deepened, the information pertaining to small objects is also lost or even
completely lost. At the same time, considering the practical application of the algorithm,
the number of parameters of the backbone network should not be too large, otherwise it is
difficult to be integrated into the UAV system.

In this study, in order to compare the quality of different backbone networks oriented
to real applications, we collected and analysed the accuracy values (based on LSVRC
dataset) reported in the literature are shown in Figure 3 [37–42]. From the figure, it can be
seen that ResNet-152, ResNet-101, and ResNet-50 achieved the top three accuracies. The
reason why the ResNet backbone network has such a good performance is because of the
use of the residual structure. The proposed residual structure cleverly solves the problem of
accuracy degradation by skip-connection, which will allow early feature s(x) to propagate
further in the architecture (H(x)), as opposed to something like VGG-16 as in SSD. Figure 4
shows the difference between the normal structure and the residual structure. However.
considering the limited resources of the UAV. The number of parameters of the backbone
network and the size of the computation affect whether it can be applied on UAVs or not.
In this study, the number of parameters and the amount of computation of these backbone
networks are calculated by Pytorch in Python and are shown in the following table.
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From Figure 3 and Table 1, it can be seen that AlexNet and BN-AlexNet are poor
both in terms of accuracy and the number of parameters and flops. The BN-NIN, Enet,
GoogLeNet, ResNet-1 and ResNet-34 has suitable Flops, few number of parameters, but less
accuracy. The VGG-16 and VGG-19 thougth have a good accuracy, the parameters and flops
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are too large. The ResNet-50, ResNet-101 and ResNet-152 have a better accuracy, however,
The ResNet-101 and ResNet-152 are complicated compared to ResNet-50. Comprehensive
consideration, the ResNet-50 is more appropriate for UAV images. As a result, ResNet-50 is
used in this study as the RSAD backbone network, retaining the multi-scale feature map
identification capabilities of the SSD object detection algorithm.

Table 1. Number of parameters and Flops for different backbone networks.

Backbone A B C D E F G H I J K L

Parameters/M 61.1 65 6.8 4.5 6.6 11.7 138.4 143.7 21.8 25.6 44.6 60.2
Flops/G 1.2 0.8 1.15 0.6 2.6 3.4 27.2 34.6 6.9 7.71 14.9 21.5

note: A: AlexNet; B: BN-AlexNet; C: BN-NIN; D: ENet; E: GoogLeNet; F: ResNet-18; G: VGG-16; H: VGG-19;
I: ResNet-34; J: ResNet-50; K: ResNet-101; L: ResNet-152.

3.2. Self-Attention Mechanism Based Feature Fusion

The self-attention mechanism is a variant of the attention mechanism that is less
dependent on external information and more adept at capturing the internal correlations of
data or features. The self-attention mechanism gives weights to features and correlations
between features and features through convolution and softmax to establish global feature
dependencies. In this study, a self-attention mechanism feature fusion module SAFM is
designed based on this, as shown in Figure 5. The method aims to organically fuse the high-
level semantic information of small objects in the deep layer of the UAV image through the
self-attention mechanism with the shallow layer after establishing the correlation, which
is no longer a simple stacking. At the same time, large weights are given to important
information and small weights are given to background and noise information.
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SAFM first reshaped and concatenated the features extracted from the ResNet-50
backbone network, and then obtains the global information. The global information is
obtained by the following equation:

X =
[

f 3×3
i (si)

]
, i = 1, 2, . . . , n (3)

where: si is the feature information extracted by the backbone network, X ∈ RC×H×W ,
C denotes the resultant tensor’s channel dimension, H ×W denotes the resolution of the
feature map, f 3×3

i denotes that the convolutional layer with 3 × 3 kernel size to unify the
channel dimension. [] denotes the concatenation calculation, and n represents the number
of fused feature layers in a pyramid.

The acronym AU refers for self-attention mechanism, which enables the computation
of the pertinent data in a single feature and the further establishment of the global feature
correlation at the pixel level. Note that the AU is shown in the lower right corner of
Figure 4. Receiving a single tensor obtained by concatenation, AU uses two lightweight
convolutional layers with the kernel size of 1 × 1 are adopted to generate features Q and
K. Q, K ∈ RC×H×W , C’ = C/8 is used to reduce computing overhead. Then, based on
the features Q and K, the global weighted feature mapping A can be obtained by matrix
multiplication followed by softmax operation

D = QTK (4)

A =
eDij

∑H×W
j=1 eDij

, i, j = 1, 2, 3, . . . , H ×W (5)

where D ∈ RHW×HW and Aij represents the elements of the ith row and jth column.
After obtaining A, V ∈ RC×H×W is obtained by another convolution kernel. Then, the

weighted sum of all positions in the same feature is obtained by multiplying the feature with
the weighted mapping A. Finally, the original concatenated features and the multiplication
result are added to obtain the output of the AU.

X′ = X +
(

AVT
)T

(6)

In order to alleviate the problem of increasing the order of magnitude of feature
information, after obtaining the outputs of the AU units, a nonparametric averaging
operation is used in the fusion process to obtain the final fusion result:

Hi =
f 1×1
i
(
X′i
)
+ f 1×1

i+1

(
X′i+1

)
+ f 1×1

i+2

(
X′i+2

)
3

, i ∈ n− 1 (7)

where: layer i is shallower than layers i + 1 and i + 2, f 1×1 is used to reduce the number
of channels.

SAFM feature fusion is different from traditional feature fusion in that it is not simply
adding the features of different layers, but reshaping and concatenating the features of dif-
ferent layers and then weighting and filtering them through AU units. On the 38× 38-sized
feature layer, it is enriched with a lot of geometric information and some background noise
due to its large receptive field. Directly using it for detecting UAV images is unhelpful
for detecting small objects in the image. Therefore, the information in the 19 × 19-sized,
10 × 10-sized feature layer is introduced into the shallow layer using SAFM. The informa-
tion extracted in the 19 × 19, 10 × 10 feature layer is more specific (semantic information)
due to its small receptive field. After reshaping, concatenating, and fusing with the infor-
mation in the 38 × 38 layer, the correlation between geometric and semantic information
is established through the AU unit, which is more conducive to the detection of small
objects in the UAV image, and also suppresses the interference caused by the background
noise. The fusion layer Hi obtained through the SAFM module contains both the geometric
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information of the shallow feature layer and the semantic information of the deep feature
layer, which can effectively guide the model to detect small objects in UAV images.

3.3. Loss Function

Since small objects in UAV images occupy fewer pixels and contribute less to the
loss function, it leads to insufficient attention to small objects in the training phase of the
algorithm, which in turn leads to poor overall detection accuracy of the trained model for
small objects in UAV images. In order to solve such problems, the Focal Loss has been
proposed and achieved certain effects [43]. The Focal Loss can increase the importance of
small objects in the loss function by increasing the value of the modulation coefficient γ,
increasing the algorithm’s focus on small objects in the training phase, thus improving the
model’s detection accuracy of small objects, the focus loss function formula is as follows:

FL(pt) = −αt(1− pt)
γlog(pt) (8)

In the formula, FL(pt) is the Focal Loss function, αt is a decimal between 0 and 1,
which is used as a weight to adjust the proportion of positive and negative samples, pt
represents the classification probabilities of the different classes, and γ ranging from 0 to
5, which is used to adjust the rate at which the weights of the samples are easily divided.
In the case of imbalance between the positive and negative samples, the weight factor αt,
which affects the proportion of the positive and negative samples contributing to the loss
function, can be set flexibly according to the data set. On the other hand, when the difficult
and easy samples are unbalanced, the γ can be adjusted so as to reduce the contribution of
the easy-to-categorize samples to the loss function, which makes the model training more
focused on the difficult-to-categorize samples. When the authors proposed and analyzed
the Focal Loss function in the study, it was based on binary classification, and Equation
(8) was also derived based on binary classification. In this study, when object detection is
carried out, it is a multiclassification case, so Equation (8) can be changed to Equation (9):

FL(pc) = −αc(1− pc)
γlog(pc) (9)

where: c denotes the category and the other parameters are the same as in Equation (8).
Equation (9) is only applied on classification, for the localisation loss which is also

known as IoU loss. The localisation loss in SSD will be followed and the formula is
as follows:

Lloc(x, l, g) =
N

∑
i∈Pos,m∈{cx,cy,w,h}

∑ xk
ijsmoothL1

(
lm
i − ĝm

j

)
(10)

where Pos stands for position, N represents the number of prediction boxes; m for centroid
coordinates and width and height of the surrounding box; xk

ij for whether the ith predic-
tion box matches the jth real box with respect to category k: 0, 1; lm

i stands for centroid
coordinates and width and height information of the ith prediction box, ĝm

j stands for
centroid coordinates and width and height information of the ith real box. The difference
between the prediction boxes and the ground truth boxes is smoothed by smoohL1 after the
difference between the prediction boxes and the ground truth boxes has been determined.
This allows the loss to be more stable and not deviate from it along with the anomalous
values, reducing the sensitivity of the loss to those values.

Since γ dominates in Focal Loss. So, we set αc to the default value of 0.25. For the
determination of the value of γ, we did a pre-experiment with a small number of iterations
on the VisDrone dataset. We set γ to 0, 1, 2, 3, 4, 5, and other parameters are the same as
SSD, and performed 1000 iterations of the experiment to obtain the detection accuracy of
various classes, respectively (Figure 6).
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It can be observed from Figure 6 that after 1000 iterations, the model has a slight
ability to detect different kinds of detection targets. When the value of γ is 3, the model has
outstanding detection ability for each kind. Therefore, the γ value is set to 3 for training
in this study. The framework diagram of the RSAD network obtained after the above
improvements is shown in Figure 7.
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4. Results
4.1. Experimental Setup

The experimental environment of this study is: in terms of hardware, we adopt the
12th Gen Intel Core i5-12400F hexa-core and the graphic card of the Nvidia GeForce RTX
3060 Ti 8 GB. In terms of software, we chose the Windows 10 Professional 64-bit operating
system, Pytorch deep learning framework, and Python 3.7 programming language. We also
used the Nvidia software CUDA 11.6 and CUDNN 11.6 to accelerate the deep learning.

In the training phase, we utilised some of the weights of the pretrained SSD model, sig-
nificantly reducing the training time. To ensure consistency and fairness of the experiments,
we trained the model to 120,000 iterations and fixed the batch size to 32. For efficiency, we
normalised the width and height of the inputs to 300. We used the SGD optimiser and set
all other parameters to the default configuration of SSD. The loss value results are taken
every 10 iterations, and the accuracy results are taken every 1000 iterations.
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4.2. Ablation Experiments

In order to verify the effectiveness of the improvement of each unit, a series of abla-
tion experiments were conducted on the test set in this study. The mAP, the number of
parameters, and the FPS (3060 Ti) were selected as the evaluation metrics, and the results
of the experiments are shown in Table 2. The results of the ablation experiments show
that after adding the SAFM feature fusion, the mAP improvement rate is the largest, and
the improvement rate reaches 7.4%, which shows from the side that the SAFM module
obtains global weighted feature mapping by reshaping and concatenating the features of
the backbone network, which efficiently and selectively organically fuses the high-level
semantic information in the deep layer and the geometric information in the shallow layer
together, and the feature layer used for detection contains rich semantic and geometric
information at the same time, which helps the model to better detect small objects in
UAV images.

Table 2. Ablation experiment results.

VGG-16 ResNet-50 SAFM Focal Loss mAP/% Parameters/B FPS (3060 Ti)

4 19.9 22.9 55
4 21.2 29.8 59
4 4 28.6 37.4 52
4 4 4 30.5 37.4 52

The increase in accuracy also brings about an increase in the number of parameters
and a slight decrease in FPS, but it also meets the demand for real-time performance.
The application of the new backbone network and the introduction of the Focal Loss also
have some improvement, with an improvement rate of 1.3% and 1.9%, respectively. The
improvement in detection accuracy reflects that the feature extraction ability of ResNet-50
is better than that of VGG-16, and the loss function of Focal Loss increases the model’s
focus on small objects in UAV images. Although the model’s parameters are improved by
14.5B, the FPS is not substantially reduced compared to the original SSD algorithm.

In Figure 8 the mAP curves during training are shown. The AP curve of the model rises
rapidly between 0 and 20,000 iterations and converges by the time it reaches
100,000 iterations. From the figure, it can be seen that the method in this study clearly
outperforms SSD.When replacing the backbone network with ResNet-50, it reduces the
convergence speed of the model, but this effect is eliminated after adding SAFM and Focal
Loss. Moreover, SAFM improves the model mAP significantly, proving that the SAFM
module fusion strategy proposed in this study is feasible. After the introduction of Focal
Loss, no obvious enhancement effect can be seen between 0 and 60,000 iterations, and the
effect of Focal Loss is demonstrated after 60,000 iterations.

In order to validate the feature extraction capability of this study’s model, the visu-
alized feature heatmaps of this study’s model and the SSD model were compared. The
results are shown in Figure 9, from which it can be seen that before adding SAFM, the
model extracted the feature information more roughly and there was a lot of background
noise information. After adding SAFM, it can be clearly seen that the model extracts the
features more accurately and eliminates a lot of background and noise information.
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4.3. Comparison Experiment

The above experiments proved that the model in this study is better than the SSD
model. In order to further explore the advantages and disadvantages of the RSAD object
detection model proposed in this study with the existing excellent object detection models,
this study trained a variety of excellent object detection models under the same experimen-
tal environments and datasets, including: the Faster R-CNN [44], the Cascade R-CNN [45],
Retain-Net [46], Center-Net [47], YOLOv5s [48], and YOLOv8n [49], and the AP values for
each object and the mAP values for all categories were obtained on the test dataset. Table 3
lists the results of each model on the test set. From the table, it can be seen that the model
proposed in this study achieved the highest mAP value of 30.5% for the image input size of
300× 300, which gives the best overall detection performance for UAV images. The optimal
AP value is achieved for the following values: bicycle, van, truck, tricycle, awning tricycle,
bus single object. Slightly poorer detection accuracy was achieved for Pedestrian and Car,
probably due to the high number of instances of Pedestrian and Car in the dataset, and
the modulation factor of the Focal Loss function reduced the model’s focus on these two
categories, resulting in lower APs for these two object categories. The AP values on People
and Motor individual objects are second only to the two-stage object detection model, but
the detection speed is far superior to them, making it easier to be deployed on UAVs for
real-world applications.
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Table 3. Results of different algorithms on VisDrone test dataset.

Model Backbone
AP/% mAP

/% FPS
P1 P2 B1 C V T1 T2 A B2 M

Faster
R-CNN ResNet-50 21.4 15.6 6.7 51.7 29.5 19.0 13.1 7.7 31.4 20.7 21.7 9.3

Cascade
R-CNN ResNet-50 22.2 14.8 7.6 54.6 31.5 21.6 14.8 8.6 34.9 21.4 23.2 12.1

RetinaNet ResNet-50 13.0 7.9 1.4 45.5 19.9 11.5 6.3 4.2 17.8 11.8 13.9 16.7
CenterNet Hourglass-104 14.8 13.2 5.6 50.2 24.0 21.3 20.1 17.4 37.9 23.7 22.8 14.0
YOLOv5s CSPDarknet53 19.7 13.7 3.84 62.0 27.2 22.4 15.7 6.9 40.3 19.8 23.2 57.2
YOLOv8n CSPNet 13.6 11.6 1.8 55.9 21.0 18.3 10.6 5.63 30.1 15.4 18.4 61.5

SSD300 VGG-16 13.6 11.3 9.1 42.6 25.8 26.1 13.2 6.8 37.9 12.6 19.9 55.0
RSAD(ours) ResNet-50 15.1 14.0 10.5 51.8 43.0 46.1 25.5 19.1 59.5 19.9 30.5 52.0

note: image-size: 300 × 300; bolded text is the optimal result; P1: pedestrian; P2: people; B1: bicycle; C: car; V:
van; T1: truck; T2: tricycle; A: awning tricycle; B2: bus; M: motor.

The above experiments proved that the RASD model proposed in this study has
the best integrated detection performance for UAV images compared to other excellent
models when the image input is 300 × 300. In order to more intuitively reflect the excellent
performance of the RSAD model, the YOLOv5 model, which is second only to RSAD in
terms of mAP value and has a similar detection speed to RSAD in Table 2, is selected for
the comparison of detection results. Figure 10 shows the detection results of YOLOv5 and
RSAD models in different environments as well as under different light conditions. From
the Figure 10a, b, we can intuitively see that the YOLOv5 model has missed detection of
objects in the image, while the RSAD model can accurately detect them. In Figure 10c,
d, where the light is insufficient and the environment is more complex, the YOLOv5
model has missed detection due to the complex environment and insufficient light, but
the RSAD model still maintains excellent detection performance and shows strong anti-
interference ability. The detection results show that the RSAD model proposed in this
study exhibits excellent detection performance for UAV images with a large number of
small objects and large-scale transformations during daytime and nighttime, and RSAD can
effectively suppress the interference of image background noise information, selectively
mine important feature information, and effectively guide the UAV to complete the task of
target detection in different environments.Appl. Sci. 2023, 13, x FOR PEER REVIEW 14 of 17 
 

  
(a) (b) 

  
(c) (d) 

Figure 10. Display of results ((a,b) are a comparison of the detection effect of YOLOv5 and RSAD 
models in daytime; (c,d) is a comparison of the detection effect of YOLOv5 and RSAD models for 
nighttime). 

5. Discussion 
The constructed ResNet-50 backbone network and retaining the multi-scale detection 

enhance the model’s ability of extracting features from small objects in UAV images, and 
keep good robustness to scale changes. The SAFM feature fusion module reshaped, con-
catenated, and weighted non-parametric averaging for features to improve the model’s 
recognition of small object features in UAV images and efficiently and fully utilize the 
semantic and geometric information in the deep and shallow layers. The introduction of 
Focal Loss function improves the detection accuracy of the algorithm on small objects in 
UAV images without affecting the detection speed of the model and increases the model’s 
focus on small objects in UAV images. 

Through experiments we also found that when the input image size is 300 × 300, the 
detection accuracies of many good object detection models show a substantial decrease 
[50–52], which is due to the fact that images with small sizes contain less feature infor-
mation, and much of the feature information is gradually lost in the process of convolu-
tion. Many object detection models with high object detection accuracy often have large 
input image sizes, and the computational burden of large input image sizes increases, 
which is not conducive to the application of object detection models on UAVs. Real-time 
performance is one of the necessary conditions for object detection models to be applied 
on UAVs. Taking a 300 × 300 image as the input to the model can significantly reduce the 
computational overhead and increase the detection speed, which is conducive to the de-
ployment of object detection models on UAVs and achieving real-time detection. 

In the subsequent research on UAV image detection, for the problem of low detection 
accuracy of very small objects in UAV images, data augmentation and image super-reso-
lution are considered to enhance the information contained in the image, which makes the 
backbone network better to extract its features. Meanwhile, the lightweighting of the 

Figure 10. Display of results ((a,b) are a comparison of the detection effect of YOLOv5 and RSAD
models in daytime; (c,d) is a comparison of the detection effect of YOLOv5 and RSAD models
for nighttime).
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5. Discussion

The constructed ResNet-50 backbone network and retaining the multi-scale detection
enhance the model’s ability of extracting features from small objects in UAV images,
and keep good robustness to scale changes. The SAFM feature fusion module reshaped,
concatenated, and weighted non-parametric averaging for features to improve the model’s
recognition of small object features in UAV images and efficiently and fully utilize the
semantic and geometric information in the deep and shallow layers. The introduction of
Focal Loss function improves the detection accuracy of the algorithm on small objects in
UAV images without affecting the detection speed of the model and increases the model’s
focus on small objects in UAV images.

Through experiments we also found that when the input image size is 300 × 300,
the detection accuracies of many good object detection models show a substantial
decrease [50–52], which is due to the fact that images with small sizes contain less
feature information, and much of the feature information is gradually lost in the process
of convolution. Many object detection models with high object detection accuracy
often have large input image sizes, and the computational burden of large input
image sizes increases, which is not conducive to the application of object detection
models on UAVs. Real-time performance is one of the necessary conditions for object
detection models to be applied on UAVs. Taking a 300 × 300 image as the input to the
model can significantly reduce the computational overhead and increase the detection
speed, which is conducive to the deployment of object detection models on UAVs and
achieving real-time detection.

In the subsequent research on UAV image detection, for the problem of low detec-
tion accuracy of very small objects in UAV images, data augmentation and image super-
resolution are considered to enhance the information contained in the image, which makes
the backbone network better to extract its features. Meanwhile, the lightweighting of the
model is further investigated, and the model is mounted on a UAV to realize a re-al-time
object detection model for intelligent processing of UAV images in practical applications.

6. Conclusions

In this study, the RSAD algorithm is proposed from the basic framework of SSD. Firstly,
the feature information in the image is deeply mined by ResNet-50; secondly, selective
fusion of deep and shallow information is carried out by SAFM module, which makes full
use of the effective information in the image and improves the robustness of the model;
lastly, the Focal Loss function is used to increase the model’s focus on the difficult-to-
detect objects, which improves the overall detection performance of the model. Through
experiments, it is proved that the method proposed in this study has excellent detection
performance for UAV images. Compared with the SSD object detection model, the mAP is
improved by 10.6%, and the detection results for individual objects are all better than those
of the SSD model. Additionally, in the input image size of 300 × 300, the model obtained in
this study shows optimal detection accuracy compared with other excellent target detection
models, which is second only to YOLOv8 in detection speed.
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