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Video object recognition for UAV ground detection is widely used in target search, daily patrol, environmental reconnaissance,
and other fields. So, we propose the novel parallel deep learning network with the ability of the global and local joint feature
extraction for the UAV video target detection. This paper focuses on solving the problems of feature extraction and target
background discrimination required by target discovery to realize target discovery. Break through the key problems of real-
time target recognition, such as multiscale targets, high background complexity, many small targets, dense target arrangement,
and multidirection, and put forward an optimized network scheme, aiming at the problem of multiscale of image target and
aiming at the problem of large change of target scale in image. In the network, the corresponding targets with different sizes
and different aspect ratios are matched to make the different targets match the closest, and then, the position of the detection
box is fine-tuned by regression. For the special problem of image viewing angle and for the rotation invariance of the airborne
down looking image of the target, the usual solution is through data enhancement; that is, through the rotation transformation
of the training data, the neural network can learn the rotation invariance of the target. Aiming at the problem of multi-
directional image target and aiming at the problems of large target aspect ratio, large target tilt angle, and changeable direction
in the target, we propose to use the tilt detection frame instead of the ordinary rectangular detection frame. Aiming at the
problem of dense arrangement of image targets and aiming at a large number of densely arranged targets in the image, a
feature refining module is proposed, which can effectively improve the detection performance of the detector for densely
arranged targets. The experimental results shows that the proposed algorithm achieves more than 10% on the target detection
accuracy with focal length change of 1-10 times. The detection accuracy meets the requirements of practical application.

1. Introduction

UAVs have been widely used in ground-to-air photography
due to their small size, fast movement speed, wide coverage,
etc. In recent years, remote sensing data has been widely
used in various fields. Remote sensing images are playing
an important role in many aspects, such as geographic infor-
mation resource exploration [1], ground important informa-
tion observation, geographic mapping, meteorology, civil
and military communication [2], military information detec-
tion [3], and sensitive information capture and battlefield
situation awareness [4]. In the military field, the automatic
recognition of sensitive targets is a very important research

direction in military reconnaissance and military early warn-
ing. It is also particularly important to integrate automatic
target recognition technology into a system with high prac-
ticability and good robustness. At present, the realization
of information acquisition in domestic remote sensing
images is in the stage of transformation from traditional
manual judgment to intelligent automatic recognition. Many
units at home and abroad are gradually carrying out the
work of platform and systematization of remote sensing
image target information extraction technology. Many uni-
versities and research institutions, such as the University of
Littleton, the School of Computer Science of Carnegie Mel-
lon University, and the Department of Geographic
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Information of the University of Maryland, have conducted
in-depth research on this. Many universities and institutions
in China, such as Wuhan University, Central China Univer-
sity of Science and Technology, and the Institute of Applied
Sciences of the Chinese Academy of Sciences, have carried
out relevant research. At present, the research on the pro-
cessing and recognition system of remote sensing images at
home and abroad, on the one hand, is the customized target
recognition system for specific interested targets, such as the
ship target recognition system mentioned by Kodors et al.
[5], an airport recognition system proposed by Liu et al.
[6], and the building group recognition system proposed
by Li et al. [7]. Most of these studies are highly targeted, aim-
ing at the specific goal in a specific scene, it has achieved
good processing effect, and the generalization of the system
is relatively weak. On the other hand, it is a universal remote
sensing image automatic processing system with good uni-
versality, such as Sahara [8], a semiautomatic image scene
understanding system based on multisource remote sensing
images developed by Druyts et al. A high-resolution remote
sensing image processing system Scorpius [9], developed by
Guindon in American research institutions, provides classi-
fication, recognition, and tracking functions for some spe-
cific military targets. There is also an automatic
recognition system for specific target bridges and ports in
remote sensing images based on traditional image process-
ing ideas proposed by Xueqiang and Runsheng [10]. In gen-
eral, domestic related research started late and developed
rapidly. The current platform or equipment-specific remote
sensing image target recognition system targets fewer cate-
gories of research objects, and the universality of the system
is relatively weak [11]. There is still a certain distance from
the practical application of customization with strong prac-
ticability. Aiming at a variety of remote sensing target auto-
matic recognition systems in practical application scenarios,
the universality of the system is weak.

From the perspective of imaging, remote sensing image
has rich imaging details and single imaging angle, but its
imaging scale and illumination change greatly. Affected
by weather conditions, there is more and messy ground
object information and a large amount of background
information in imaging. The basis of remote sensing target
recognition is the accurate description of the visual fea-
tures of the target in the studied remote sensing image
and the construction and expression of the prior knowl-
edge of the image target. In recent years, the research on
target recognition algorithm in remote sensing images is
mainly designed for targets closely related to human activ-
ities or military activities, such as roads [12], building
clusters [13], aircraft [14, 15], large bridges [16], highways
[17], oil tanks [18], and ports [19]. Based on the various
methods of target recognition in traditional remote sensing
image processing in recent years, it can be found that they
can be roughly divided into two cases. They are feature-
based method and model-based method.

The basis of model-based remote sensing image recog-
nition method is the construction of remote sensing image
target model. The construction of the model often depends
on the accumulation of prior knowledge of target and

background. The model-based method focuses on the spe-
cial structural elements, prominent features, or combina-
tions in the target, such as the long and straight runway
structure in airport detection, the large parallel line struc-
ture in bridge and highway detection, and the dense short
lines in building clusters. The abstract modeling of the
research goal is completed by constructing special func-
tions and vectors. For example, the remote sensing image
road recognition method based on geographic information
model proposed was by Barzohar and Cooper [20]. Qi
et al. designed the port model and port prior knowledge
base in combination with the prior knowledge such as
port geometric features and coastline and improved the
port recognition algorithm [21]. In addition, some
model-based remote sensing images directly detect
research targets with the help of energy function, such as
Markov random field [20], conditional random field [22],
and geometric random field model [23].

Feature-based remote sensing image target recognition
technology is a widely studied target recognition technology.
Its research basis is the construction and description of tar-
get features in the image. Image features include many
aspects. One is the recognition based on image gray, texture,
color, and other statistical information. Image statistical
information is an important part of image features. This part
of the research started earlier and more. In 2002, Yijun et al.
proposed an automatic detection method of building clus-
ters in aerial images based on gray statistical information
and unsupervised clustering in remote sensing images [24],
researchers from the German Aerospace Center proposed
an automatic road extraction method based on the statistical
information of target color in remote sensing images [25],
and Min et al. proposed an automatic road network extrac-
tion method for high-resolution remote sensing images
based on Gaussian Markov random field texture features
[26]. The extraction of roads and bridges is realized by using
texture statistical information and neural network. Jinzong
et al. proposed a fast airport target recognition method using
spatial frequency, mean value, variance, energy, and other
information after regional screening of images in literature
[27]. The second is a target recognition method based on
corner features, geometric features, line features, edge fea-
tures, regional features [28], and some artificially con-
structed local invariant features [29], such as a ship
detection method [30] proposed by Jin et al. in 2014, which
combines Harris corner detector and image local signifi-
cance calculation to accurately construct and describe the
characteristics of ships. X. Wang et al. designed a feature
construction method based on the combination of image
line feature detection and sift operator [31] in document
[32], supplemented by tree classifier as decision strategy to
realize the detection of airport targets. Yuan et al. proposed
a hierarchical classifier. For the method of aircraft target
detection in remote sensing image, Haar feature and Ada-
Boost classifier are used as the preliminary detector, and
hog feature and SVM support vector machine are used as
the top detector to realize the detection of aircraft target in
remote sensing image with resolution of 1m [33]. In these
detection methods, many scholars use one or more
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characteristics to express and describe the image and target
and use one or more methods to express each characteristic,
such as using gray level cooccurrence matrix and LBP local
binary mode to describe texture features and then introduc-
ing SVM, support vector machine and decision tree, Ada-
Boost cascade classifier, and other machine learning ideas
to assist decision-making and achieve good recognition
results.

In 2012, Krizhevsky et al. [34] proposed that alexnet
won the championship of the image classification chal-
lenge in that year by far surpassing the second place in
the Imagenet image classification challenge. The error rate
of its top 5 classification decreased by 10% compared with
the classification champion in 2011. This excellent perfor-
mance makes the deep neural network return to the public
vision again and once again leads to an upsurge of deep
neural network research. Neural network has a long his-
tory. Psychologists McCulloch and Pitts proposed MCP
neuron model as early as 1943 [35]. Its model has many
basic concepts in modern neural networks, such as input
parameters, weights, and activation functions. In 1998,
Lynet [36] proposed by Lécun et al. was regarded as the
pioneering work of convolutional neural network (CNN).
The network contains the basic components of modern
convolutional neural network structure such as convolu-
tion layer, pooling layer, and full connection layer, suc-
cessfully applied to handwritten digit recognition. Deep
neural network has developed rapidly in recent years. In
addition to the development and innovation of the net-
work structure, the rapid development of GPU, the great
enhancement of hardware computing power, and the
explosive growth of network data in the Internet era have
made the deep neural network develop rapidly. In 2017,
the last Imagenet challenge ended, and the accuracy of
the champion of object classification has reached 97.3%.
The excellent performance of deep neural network makes
it widely developed in other fields. The performance of
deep neural network in classification task proves its excel-
lent ability of feature extraction and expression, so it has
also attracted extensive research in the field of target
detection.

For the target detection task, the network needs to find
the position of the object in the input image and give its cat-
egory at the same time. The early object detection based on
deep learning mostly adopts the window drawing method
to extract ROI (region of interest). This method is essentially
an exhaustive image classification method, which has a large
amount of calculation, consumes a lot of computing
resources, and has low efficiency. In 2013, Uijlings et al. pro-
posed an image selective search mechanism [37], which uses
four kinds of information such as image color, texture, size,
and spatial overlap and uses a similar clustering method to
divide the image into several regions to generate a waiting
area, which greatly reduces the amount of classification cal-
culation. In 2014, Girshick et al. integrated the selective
search method into the neural network and proposed the
r-cnn network [38], which uses selective search to extract
the proposal in the image, which greatly improves the speed
and accuracy of target detection. r-cnn network has also

become a classic work of deep learning application in the
field of target detection. In the same year, some scholars pro-
posed a target detection network based on spatial pyramid
pooling [39] spp net. The author applied the idea of pyramid
commonly used in traditional image processing to CNN.
Thus, the multiscale feature detection in convolutional neu-
ral network is realized. In 2015, Girshick proposed an
upgraded version of r-cnn fast r-cnn [40], which has greatly
improved in speed and accuracy compared with r-cnn. In
the same year, Ren et al. further improved the network and
proposed the fast r-cnn network [41]. In the network, a very
classic RPN network was designed to extract the proposal.
The ROI region extraction, feature extraction and expres-
sion, candidate region classification, and location refinement
were unified into a deep network. Compared with r-cnn, the
training time was accelerated by 250 times, and the target
detection speed reaches the speed of 5 fps, which achieves
the double improvement of speed and accuracy. In addition
to the r-cnn series, many excellent deep detection networks
form a situation in which a hundred flowers bloom. Redmon
et al. proposed an end-to-end detection network Yolo [42] in
2016, which can predict the location reliability and probabil-
ity of all categories of targets at one time and realize real-
time target detection. Dai et al. proposed an r-fcn network
in the article [43] published by nips in 2016, which is excel-
lent in speed and accuracy. The map on VOC 2007 and 2012
data sets reached 83.6% and 82%, respectively, and each test
image took only 170ms. Lin et al. proposed a characteristic
pyramid type target recognition network FPN [44] in
cvpr2017, which greatly improved the problem of low accu-
racy of small target detection. At the beginning of 2018, the
author team of Yolo proposed an improved version of
yolo-v3 [45], which not only improved its small target
detection accuracy but also improved its speed. The excel-
lent performance of deep neural network in various image
recognition competitions proves its good generalization
and universality and can extract and describe the charac-
teristics of targets well. In 2017, Neil Lawrence, an Ama-
zon machine learning expert, used Gaussian process. The
interpretability of deep learning is a current research hot-
spot [46]. With the development of deep learning, using
depth structure to improve the effect of kernel mapping
has become a research trend in recent years. According
to the “black box” characteristics of deep learning, analyz-
ing the internal mechanism of the black box and making
the deep learning network interpretable is one of the
mainstream directions of research [47] [48]. The research
on the interpretability of deep learning shows a rapid
growth trend, and the growth rate is faster and faster,
including both theory and application, reflecting the theo-
retical value and application value of the interpretability of
deep learning, and explaining the importance of the inter-
pretability of deep learning from the side [49]. A neural
network structure is formalized into a formula, which pro-
vides an idea for the interpretability of deep learning. The
attention area of the features extracted by the network is
intuitively expressed by visualization [50], which is very
useful for the interpretation and traceability of the net-
work reasoning results.
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The rest paper is organized as follows. In the Section 2,
we present a novel framework for the object recognition,
and in Section 3, we have the experiments to compare the
proposed algorithms with other methods.

2. Proposed Parallel CNN Network
Learning Framework

2.1. Framework. As shown in the remote sensing image, the
size of the objects of interest is too small, and the area of
interest is too dense, as shown in the remote sensing image.
The similarity between similar targets is high, so it is difficult
to accurately distinguish individual categories. Therefore,
the detection and individual recognition of dense small tar-
gets is a great challenge in the field of remote sensing image
processing. The traditional target detection and recognition
methods rely on the feature expression designed manually,
which strongly depends on the professional knowledge and
the characteristics of the data itself, and it is difficult to learn
an effective classifier from the massive data to fully mine the
association between the data. The feature representation and
learning ability of deep learning with more abstract and
semantic significance can provide an effective framework
for target extraction in images. Therefore, the main algo-
rithm of the detection module is the detection algorithm
based on deep learning target.

The target detection algorithm based on deep learning has
fast detection speed and high detection accuracy. Since the
input image is usually smaller than 10000 pixels in the size
of the learning network, it is usually required to input the
remote sensing image with a fixed pixel size, but it is not
required to scale the input image to 10000 pixels in the size
of the learning network first. Due to the scale reduction oper-
ation of the input and a series of downsampling operations in
the convolution neural network, the features extracted from
the originally small target after processing by the convolution
neural network are not significant, and the target contains
only a small number of pixels. This method has caused great
problems for the final detection result, and the accuracy of tar-
get detection is obviously low. To solve these problems, this
project adopts the method of local area circular detection to
improve the detection accuracy of deep neural network for
small targets. The specific scheme is shown in Figure 1.

The input data of the whole network framework is the
local area image with the size of M ∗ n from the upper left
corner of the airport remote sensing image. The network
only processes a single local remote sensing image at a time,
and the total target detection of the complete image is
obtained through multiple cyclic processing. Specifically,
the whole image is divided into n subimages with m ∗N
scale. Each subimage obtains the target positioning frame,
target rough classification, and classification confidence of
the local area of the image through the detection process of
deep neural network. After N cycles, the processing of the
whole image can be completed. The positioning frames of
all the acquired targets are mapped back to the original
image, and NMS (nonmaximum suppression) is used to
merge multiple positioning frames of the same target to real-
ize the complete target detection of the whole image.

2.2. Methods. At present, the mainstream deep learning tar-
get detection and recognition networks mainly include fast
RCNN, Yolo, and SSD.

2.2.1. Fast RCNN Network. In fast RCNN network, RPN net-
work is used instead of selective search method to obtain
candidate areas. The network structure of fast RCNN is
shown in Figure 2. By sliding the window on the feature
map and then building a neural network for object classifica-
tion+box position regression, the position of the sliding win-
dow provides the general position information of the object,
and the box regression provides the more accurate position
of the box. Because of the slow speed of the RC NN, the
accuracy of the RC NN is very good.

2.2.2. SSD Network. SSD network adopts the basic network
structure of vgg16, uses the first five layers, and then uses
astrous algorithm to convert FC6 and fc7 layers into two
convolution layers. In addition, three convolution layers
and an average pool layer are added. Feature maps at differ-
ent levels are used to predict the offset of default box and the
score of different categories. Finally, the final detection
results are obtained by NMS. The SSD network structure is
shown in Figure 3. SSD network outputs a series of discrete
bounding boxes, and these bounding boxes are obtained on
different levels of feature maps with different aspect ratios.
Therefore, SSD network can not only ensure the accuracy
of target recognition but also do not reduce the recognition
speed. This paper uses SSD network architecture as the
architecture of feature extractor.

The specific structure of the target detection network
used in this project is shown in Figure 4. Firstly, in the net-
work backbone structure, it continues the basic network
structure of vgg16 network. The first five layers still use the
five convolution layers of vgg16 network, abandon the sixth
and seventh full connection layers of vgg16 network, and
construct two new convolution layers by hole convolution.

2.2.3. Type Spectrum Level Feature Learning Based on Hybrid
Attention Mechanism. N1 network has strong high-level
semantic information extraction ability, but the type spec-
trum level fine information extraction ability is weak. We
designed the N2 network of the second channel. The net-
work has a main channel and two subchannels. The main
channel is used to extract the shallow spatial information
and deep abstract semantic information of the input remote
sensing image. In order to enhance the interaction between
shallow features and deep features and use the deep semantic
information of the network to guide the learning of the shal-
low spatial information of the network, two subchannels are
designed. The upper subchannel uses the deep information
to guide the shallow information, and the lower subchannel
uses the shallow information to guide the deep information
and integrates the semantic information of N1 network. It
can realize the complementarity of deep semantic informa-
tion and shallow spatial information. With a shallow net-
work layer design, we can learn fine type spectral level
feature information from less type spectral level sample data.
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In N2 network, the attention residual module rar based
on cycle is designed, as shown in Figure 5. Fi represents
the feature map extracted by the current layer, and Fj rep-
resents the feature map extracted by other layers. Fj trans-
mits the information to Fi in the form of residual and

finally outputs the new feature Fi′ of the current channel
through the operation shown in the following formula.

Fi′= 1 + A Cat Fi, Fj
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The residual structure can better absorb the semantic
information of the external layer, retain its own informa-
tion, and make the network training more efficient. This
design uses the small amount of spectral level fine sample
data and a large amount of semantic sample data con-
structed by us to train our network at the same time
and uses the information of semantic network to guide
the learning of the characteristics of each layer of spectral
level network, so as to train our network semisupervised
with the data set constructed by us and better learn the
spectral level characteristics of remote sensing images
and realize the purpose of automatic fine annotation of
remote sensing image spectral level.

Then, the width and height of each priority box can be
calculated by

wa
k = sk

ffiffiffiffi
ar

p , ð2Þ

hak = sk/
ffiffiffiffi
ar

p , ð3Þ

where Sk is a parameter of each layer, and its calculation for-
mula is shown in
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For a ratio of 1, that is, an aspect ratio of 1, two candidate
boxes with an aspect ratio of 1 are generated around each
anchor point, and use sk′ =

ffiffiffiffiffiffiffiffiffiffiffi
sksk+1

p
extra to generate a box

with an aspect ratio of 1. In this way, for each anchor point,
you can get 6 different boxes, see Figure 6.
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So, its loss function is shown as
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The total loss function in the network is the weighted
sum of the above two loss functions as shown as

L x, c, l, gð Þ = 1
N

Lconf x, cð Þ + αLloc x, l, gð Þð Þ, ð8Þ

where N is the number of positive samples.

2.3. Network Optimization. In order to improve the ability of
multimodal image feature extraction, mosaic data enhance-
ment method is introduced in data enhancement. The data
enhancement method must consider the characteristics of
data set and task, so that the enhanced image is different
from the original image without damaging the information
contained in the sample. The schematic diagram of mosaic
data enhancement method is shown in the figure. Mosaic
data enhancement method samples four images from the
data set at a time and places the four images in the upper left,
upper right, lower left, and lower right corners of the new

image, respectively, so as to generate a new image with an
area four times that of the original image. Then, the synthe-
sized image is subjected to conventional data enhancement
methods such as perspective transformation, flipping, color
gamut change, and so on. Finally, the center of the synthe-
sized image is cropped to restore the size of a single image.
For all the detection frames in the four pictures, the useless
detection frames are removed according to the number of
the remaining parts, length width ratio, and area after cut-
ting. Finally, the remaining detection frames are translated
to the correct position to complete the data enhancement
process.

Mosaic data enhancement method makes use of the flex-
ibility of target translation in target detection task to com-
bine four images into one. Through mosaic method, a
large number of new samples can be generated in a limited
data set while maintaining the distribution law of the origi-
nal samples, so as to maintain the fidelity and improve the
richness of the samples at the same time. The target detec-
tion network can be divided into backbone network part,
feature fusion part, and prediction part. In the backbone net-
work part, the newly proposed cspnet is introduced. Cspnet
is a new network design concept. The design purpose of
cspnet is to enable the network to obtain richer gradient
fusion information on the premise of reducing the amount
of calculation. By separating the gradient flow, the gradient
flow can propagate on different network paths. By trans-
forming concat and transition operations, the gradient flow
after propagation will have great correlation differences. In
addition, cspnet can greatly reduce the amount of calcula-
tion and improve the reasoning speed and accuracy. Cspnet
first divides the feature map into two parts according to the
channel and only does the original convolution network
operation for one part. Then, connect the results of some
features through the convolution network with the previous
feature map, and finally get the final result through convolu-
tion fusion. This cross phase partially connected network
can further improve the performance of the backbone net-
work. In the part of feature fusion, the panet structure which
can balance the accuracy and speed is selected. Target detec-
tion network usually needs to detect targets with different
spatial scales in the same detection scene at the same time,

168

168/√2

168/√2

168⁎√2

168⁎√2

Figure 6: Generation of candidate frames in the network.
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so it is necessary to design a network structure that can deal
with multiple scales at the same time. Generally speaking,
the shallower the CNN model is, the larger the scale of the
feature map is, and more local features can be captured.
The deep feature map has a smaller scale and can capture
more semantic features. Because the deep feature map lacks
local feature information, it is not conducive to the detection
of small targets. Using feature fusion can solve this problem
to a certain extent. Finally, in the prediction part, the sig-
moid function is used to map the location information out-
put by the network to 0~1 instead of the traditional
exponential function. At the same time, it is easy to predict
the difficulty of the half axis when the divergence function
is unstable. The sigmoid function has saturation characteris-
tics and converges to 1 on the positive semiaxis, which
makes the network training and prediction more stable.
However, the saturation characteristic of sigmoid function
will make it difficult to regress the position close to the lattice
point. Therefore, the scaling coefficient is used to solve this
problem, as shown in the formula.

bx = 2σ txð Þ + cx, ð9Þ

by = 2σ ty
� �

+ cy: ð10Þ

Efficientdet summarizes the previous methods on multi-
scale feature fusion and proposes bifpn, which can fuse mul-
tiscale features with a small number of parameters. This
paper holds that the traditional FPN only has a bottom-up
feature fusion path, which is not conducive to the informa-
tion fusion of large-scale feature map. Panet adds a top-
down path to improve the detection accuracy, as shown in
Figure 7. In the past, the most important feature fusion
method is adding or connecting. The amount of calculation
is small, but the fusion effect is not good. The connection
mode has a large amount of calculation due to the increase
of the number of channels. Bifpn proposes a new feature
fusion method—weighted addition—that is, the two feature
maps are multiplied by their respective weights and then
added. This method balances the speed and accuracy, and
the effect is good.

Aiming at the problems of large target aspect ratio, large
target tilt angle, and changeable direction in remote sensing
targets, we propose to use tilt detection frame instead of ordi-
nary rectangular detection frame. When detecting the target
with large inclination angle and large aspect ratio, the ordinary
rectangular detection frame has to cover the target with a rect-
angular frame much larger than the target, while most areas in
the actual detection frame are background, which is particu-
larly unfavorable for remote sensing target detection. As
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Figure 8: Ship target IOU is sensitive to the angle change of detection frame.
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shown in Figure 8, the influence of ship target detection frame
IOU on rotation angle deviation is shown.

The detection frame with large aspect ratio is very sensi-
tive to the direction of the target. Even if the rotation angle
of the detection frame changes slightly, it will lead to a seri-
ous decline of IOU, while the aspect ratio of ships and other
types of targets generally reaches more than 5. R3det uses tilt
detection frame to solve this problem. As shown in Figure 9,
it is a tilt detection frame, which has one more angle param-

eter than the ordinary rectangular detection frame, and the
value is between. The author uses IOU smooth L1 loss to
regress the parameters, and the formula is as follows, which
has achieved good results.

L = 1
N
〠
N

n=1
tn′ 〠

j∈ x,y,w,h,θf g

Lreg vnj′ , vnj
	 


Lreg vnj′ , vnj
	 
��� ��� −log IoUð Þj j, ð11Þ
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Figure 10: Composition of deformable convolution.
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where Lregðvnj′ , vnjÞ is smooth L1 loss and tn′ is the indica-
tor vector of foreground and background. When the label is
foreground, it is 1. Lregðvnj′ , vnjÞ/jLregðvnj′ , vnjÞj is the direc-
tion of gradient descent, and j−log ðIoUÞj is the mode of
gradient descent; that is, a larger gradient is applied to the
detection frame with larger deviation. Using IOU as the loss
model ensures the consistency with the evaluation index.

At the same time, r3det also subdivides anchor into dif-
ferent rotation angles, which increases the detection accu-
racy of targets with various tilt angles. Finally, with resnet-
50 as the backbone, r3det reached 70.16% of map on dota
data set.

Aiming at the problem of small target in image and aim-
ing at the problem that it is difficult to detect small target in
image, the conventional solutions mainly include increasing
the resolution of input image and reusing network shallow
features for small target detection. Then, these two methods
will greatly increase the amount of calculation of the net-
work. Through experiments, it is found that the IOU of
small targets to anchor is usually very low. Therefore, the
anchor threshold for small targets should be appropriately
lowered so that small targets can match more anchors. In
addition, using data enhancement can also improve the abil-
ity of the network to detect small targets and appropriately
oversampling the pictures containing small targets. In
yolov3, there is a weighting term for the target, and the
author deliberately balances the weight between the large
and small targets. We can increase this weight to further
improve the importance of small targets, so as to improve
the detection accuracy of small targets.

Aiming at the rotation invariance of airborne down
looking image of remote sensing target, the usual solution
is to enhance the data; that is, make the neural network learn
the rotation invariance of the target by rotating the training

data. Because the ordinary convolution operation has no
rotation invariance, a deformable convolution method is
proposed to replace the ordinary convolution in recent
years, and the ability to learn spatial geometric deformation
is introduced into the convolution neural network for the
first time. The original convolution operation will sample

Figure 12: Some examples from data set.

Figure 13: Imaging effect and actual shape of ten types of combat
vehicle targets in SAR image.
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based on the regular grid position at each position of the
input image, and then convolute the sampled image value
and output it as the position. Deformable convolution is to
learn the offset sampling position through a group of convo-
lutions, as shown in Figure 10.

Deformable convolution first obtains a convolution
result with twice the number of channels as the original
result through convolution (due to the need to predict the
deviation in X direction and Y direction). This convolution
result is to predict the deviation between the convolution

input source position and the original convolution position.
The convolution result is taken as the pixel deviation and
added with the pixel position of the original convolution
input to obtain the input pixel position of the deformed con-
volution. Since the pixel position is a floating-point number
at this time, the pixels adjacent to each position need to be
bilinear interpolated to obtain the input pixel value of
deformable convolution. Finally, the result of deformable
convolution can be obtained by convolution. The advantage
of deformable convolution is that it can model the rotation

Table 1: Classification results of depth mapping targets.

Targets Training Testing SVM Proposed

2S1&BRDM_2 1000 1000 89% 92.9%

BRDM_2&ZSU234 1000 1000 89.7% 90.4%

2S1&BRDM_2 400 400 91.7% 92%

D7&T62 400 400 100% 100%

T62&2S1 400 400 85% 85.5%
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Figure 14: Airport identification results.

11Wireless Communications and Mobile Computing



offset of features, while the disadvantage is that it increases
the amount of calculation of the model. Therefore, deform-
able convolution is usually added only at the position close
to the output of the network.

The deformable convolution network uses resnet-101 as
the backbone. The original convolution is replaced by 3 × 3
deformable convolution at the last 1, 2, 3, and 6 layers of
RESNET, respectively. The map is increased by 3.2% at most
on the coco data set. With the use of more deformable con-
volution, the performance of the model is gradually
improved, but the speed of the model is also significantly
reduced.

For the problem of dense arrangement of image targets
and for a large number of densely arranged targets in remote
sensing images, r3det proposes a feature refining module,
which can effectively improve the detection performance of
the detector for densely arranged targets. The main idea of

the feature refining module is to collect the feature vectors
at the four corners corresponding to each feature pixel, so
as to enrich the feature information representing the target
at the center. The architecture diagram of feature refining
module is shown in Figure 11.

In the feature refining module, firstly, the input feature
map is convoluted with 1 × 1 after two asymmetric convolu-
tions of 5 × 1 and 1 × 5. Select the detection box whose con-
fidence probability is higher than the threshold from the
currently predicted detection box. For each pixel of the fea-
ture map, find the coordinates of the five points (center
point and four corners) of the detection frame predicted by
the pixel, calculate the feature vector there with the interpo-
lation algorithm, and sum it as the feature vector of the new
feature map. After traversing the entire feature map, the
original feature map and the new feature map are added as
the final output.
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The feature refining module can be used alone or in cas-
cade. When multiple modules are used in cascade, the
threshold of the latter module is higher than that of the pre-
vious module, which can continuously screen out the detec-
tion frames with low confidence probability and integrate
and refine the characteristics of the detection frames with
high confidence probability. When there are a large number

of dense side-by-side targets in the detection image, a large
number of prediction frames will appear in the same target
attachment. Through the feature refining module, most of
the detection frames with low confidence probability can
be removed and the rest can be refined. Therefore, it can
not only improve the detection ability of densely arranged
targets but also improve the detection speed.
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3. Experimental Verification of
Algorithm Performance

3.1. Experimental Data. A total of 760 source images were
collected. The resolution is 0.5m. A total of 1121 images

including targets such as < port > were collected from port
source data, with a resolution of 0.5m. The collected < oil
tank > target images are 900 high-resolution images with a
resolution of 0.5m. The collected < ship > target images
are 533 high-resolution images with a resolution of 0.5m.
For the target type data of < Airport >, 500 pieces of airport
data with a resolution of more than 6m were collected. For
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Figure 18: Oil tank identification results.

Figure 19: Target distribution recognition results.
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Table 2: Experimental results based on channel pruning.

Sheared
layer

Pruning
rate

Pruning
time

Proportion
parameters

Model
accuracy

NULL 0 — — 77.64%

VGG16 0.2 16 h 67.34% 77.43%

VGG16 0.3 20 h 53.58% 77.05%

VGG16 0.4 36 h 41.63% 75.47%

VGG16 0.5 40 h 31.56% 73.29%

All layers 0.2 18 h 66.50% 76.98%

All layers 0.3 22 h 52.32% 76.42%

All layers 0.4 38 h 39.96% 74.89%

All layers 0.5 40 h 29.47% 72.48%

Table 3: Experimental results of transplantation based on
parameter quantification model.

Data set type Reasoning time Model accuracy

VOC Ref 1200ms 75.98%

VOC Qua 220ms 75.87%

Ref 1000ms 86.77%

Qua 200ms 86.24%
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the target of < bridge >, a total of 558 source data were col-
lected, with a resolution of 6m or more. Collect 1080p visi-
ble video data of airborne down view for more than 1 hour.
Some examples from the data set are shown in Figure 12.
The SAR image target is used as the verification object,
and ten types of combat vehicle targets at different angles
are selected as the data set. Firstly, the original images in
MSTAR data set are preprocessed and cut to the same size,
and then, 1000 images are selected as the training set and
1000 images as the test set. In the follow-up experiment, in
order to test the influence of the number of samples in the
data set on the feature extraction results, a comparative
experiment was carried out with 400 training sets and 400
test sets as the data objects under the same other conditions.
Imaging effect and actual shape of ten types of combat vehi-
cle targets in SAR image are shown in Figure 13.

3.2. Experimental Results. In order to verify the feature
extraction performance of deep mapping, the feature extrac-
tion effects of the two modes are verified by constructing dif-
ferent data sets. Finally, the target classification results after
feature extraction of deep mapping are compared with other
common methods. Firstly, the feature extraction effect is
verified through the classification task. Ordinary SVM only
supports the two classification method. Therefore, in the
experiment of verifying the performance of depth kernel
mapping, this part also adopts the task form of two classifi-
cation, carries out two-to-two combination for different
types of chariot targets, and then constructs the data set
according to the combination structure. Verify the effect of
depth kernel mapping structure feature extraction in classifi-
cation under two different data set sizes. The results are
shown in Table 1.
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It is used for the recognition ability of airborne/space-
borne visual targets, including image targets such as vehicles,
aircraft, bridges, airports, ports, oil tanks, ships, and target
cloth, with an overall recognition rate of more than 85%.

The results of airport, bridge, aircraft, ship, oil tank, and
target distribution are separately shown in Figures 14–19.

In the experiment, the original data set shall be used for
retraining after each layer of pruning, until the training is
stopped when the accuracy of the model after pruning
reaches the accuracy of the model without pruning, or the
accuracy does not decline after retraining. Figure 20 is a
schematic diagram of the variation curve of L2 loss function
in channel pruning.

Backbone only (trunk pruning, i.e., the pruned layer in
Table 2 is the part of vgg16 feature extraction) and all layers
are determined. After the two strategies of layers, the prun-
ing rate of VGg model channel is preliminarily set to 0.2,

0.3, 0.4, and 0.5. The specific experimental results are shown
in Table 2.

In the selection of quantitative model required by the
experiment, SSD target detection model based on public data
set voc207 and self-built airborne down looking data set is
selected. After the upper computer quantifies the model
parameters, the unquantified model and the model based
on parameter quantization are transplanted to the selected
NVIDIA TX1 platform for testing. The experimental results
are shown in Table 3.

According to the experimental results, it can be found
that after the model trained by the upper computer is trans-
planted to the embedded platform, due to the limitation of
computing resources of the embedded platform, the model
reasoning time is calculated in seconds. However, the rea-
soning time of the quantified model is about 10 times faster
than that of the nonquantified model, but the accuracy of the
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Figure 22: Accuracy of bridge target recognition.
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model has hardly decreased. It can be seen that the compres-
sion method based on parameter quantization is effective to
accelerate the reasoning time of the model.

For airports, bridges, ports, and other targets with low
resolution, the accuracy calculation method shown in for-
mula is adopted as the evaluation index according to the
needs of the Cooperative Institute. The performance of the
recognition accuracy of low-resolution targets in the test task
in the remote sensing target recognition system with differ-
ent resolution on the training set and the test set is shown
in Figures 21–23.

For airport targets, the test set is 100 test images contain-
ing airport targets. As can be seen from Figure 21, after 30
epochs, the recognition accuracy of the system for the air-
port in the test image reaches 86%. For bridge targets, the
test set is 120 test images including airport targets. As can
be seen from Figure 22, after 30 epochs, the accuracy of

bridge recognition reaches 86%. For bridge targets, the test
set is 240 test images including airport targets. As can be
seen from Figure 23, after 30 epochs, the accuracy of bridge
recognition reaches 87%.

The test results show that after 30 iterations, the recogni-
tion accuracy of the system for airport, bridge, and port tar-
gets in the training set and test set are 86%, 86%, and 87%,
respectively (see Table 4 for the recognition time, which
meets the requirements of recognition accuracy not less than
85% and recognition time not more than 3 s in the system
technical indicators). The recognition accuracy and recogni-
tion time are shown in Table 4.

For aircraft, oil tanks, ships, and other targets with high
resolution, the test set is adopted as the index according to
the needs of the Cooperative Institute. The test results are
shown in Table 5. The recognition accuracy of oil tank, air-
craft, and ship is 86%, 87% and 85%, respectively, which
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meets the requirement that the recognition rate in the sys-
tem technical index is not less than 85%. The identification
time is less than 3000ms, which meets the requirement that
the identification time is no more than 3 s in the index
requirements.

4. Conclusion

Aiming at the problem that the UAV video target detection
accuracy is not high and cannot meet the needs of practical
application, a new architecture based on deep learning is
proposed. The architecture adopts the method of combining
deep learning with traditional template matching and puts
forward an optimization idea for target recognition. It fully
extracts the local and global information of the image, with
an average detection rate of 86.1%. The optimization idea
of multithreading improves the speed of the algorithm, and
the average detection time is 56.6ms. The actual results
show that the proposed algorithm effectively improves the
recognition accuracy and speed.
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