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Abstract. The image of UAV tracking navigation path is easily affected by noise,
and there are problems of low image recognition accuracy and poor image enhance-
ment effect. Therefore, a ResNet-based image recognition technology for UAV
tracking navigation path is proposed. Extract image features and analyze image
color and shape. The Laplacian operator is used to process the image to enhance
the edge of the image. Using the bilinear interpolation method, the image is scaled
and grayscale is processed, and the noise is processed by combining the wavelet
transform. Build a ResNet-based recognition model, use a multi-resolution octree
hierarchical structure, render each node, and output any node image coordinates.
Perform global pooling on the input feature map to improve image degradation.
The gradient image is binarized using the binarization method. Fully consider the
characteristics of the UAV tracking and navigation path, and use the statistical
averaging method to obtain the average interference amplitude and phase, and
calculate the interference characteristic distance. The iterative threshold selection
method is used to obtain image recognition results. It can be seen from the experi-
mental results that this technology can extract comprehensive image information,
and has a high signal-to-noise ratio, which can achieve the purpose of image
enhancement, and the highest image recognition accuracy obtained is 0.96, with
accurate recognition results.
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1 Introduction

UAV is a kind of aircraft that can independently complete specific tasks under unmanned
conditions. It is the product of continuous development and progress of information tech-
nology, mainly involving sensor technology, communication technology, information
processing technology, intelligent control technology, aviation propulsion technology
and other advanced technologies. At the beginning of the UAYV, it was widely used in
the military field because of its small size, strong mobility, and the ability to effectively
avoid casualties. UAV tracking navigation is a navigation technology based on computer
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vision. Due to the advantages of complete autonomy, anti electromagnetic interference,
and high navigation accuracy when approaching the target, UAV tracking navigation has
received extensive attention and research at home and abroad, and has become a navi-
gation mode with broad prospects. Some scholars have discussed using UAV tracking
navigation to achieve autonomous landing or landing of UAV. UAV tracking navigation
is to calculate the motion parameters of the carrier according to the real-time images
taken by the camera on the carrier, so as to conduct the navigation and control of the
carrier. The premise of navigation solution using target image information is to accu-
rately obtain the features of target image, and then quickly use the obtained features to
calculate the position and attitude of UAV. This process requires image recognition [1].

At present, reference [2] has proposed an image recognition method of anti UAV
system based on convolutional neural network. Using self-made optical system acquisi-
tion equipment, pictures of different types of UAVs and birds have been collected, and
convolutional neural network and support vector machine for small sample recognition
of UAVs have been designed. The designed convolutional neural network is used to rec-
ognize MNIST datasets, UAV images and bird images respectively, and support vector
machine is also used to recognize UAV and bird images, and comparative experiments
are carried out. Reference [3] proposed a research and application of UAV image recog-
nition technology system. Based on the YOLO v3 algorithm framework, a high-precision
YOLO v3-SE target detection algorithm is constructed by introducing the attention mod-
ule SE, forming a UAV image recognition technology system. It has been successfully
applied to the detection and recognition of abnormal features in massive UAV images
of many water conservancy projects. Reference [4] proposed a parallel feature pyramid
network UAV aerial image target detection algorithm based on Cascade R-CNN. An
improved algorithm based on feature pyramid network is studied. Parallel branches are
added on the original basis, and feature information of two different sampling methods
is used to enhance the expression ability of small target features. At the same time,
increase Cascade R-CNN to strengthen small target positioning capability. Reference
[5] proposed to apply machine learning algorithm to UAV to obtain high-precision aerial
images. The image is divided into training image and experimental image. The trained
image is input into different models, and the output of each model is evaluated using
independent test data set. Experiments show that the image obtained by this method has
high accuracy. Reference [6] proposed an improved UAV identification and detection
method based on the integrated learning method of hierarchical concept. The method
consists of four classifiers and works in a hierarchical manner. The first classifier is used
to check the practicability of the UAV, the second classifier is used to detect the UAV
type, and the last two classifiers are used to process the relevant samples. The public
data set is used to evaluate the proposed method, which shows good recognition and
detection efficiency.

As far as the current development situation is concerned, it is still in the initial stage.
The image recognition algorithms used have not been well applied to image recognition
related fields. Some applied algorithms still have many problems, such as low recognition
accuracy, poor generalization performance, low processing speed, etc. Faced with the
above problems, the image recognition technology of UAV tracking and navigation path
based on ResNet is proposed. The color and shape features of the image are extracted, and
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the image is processed by edge enhancement, scaling gray scale and denoising. Build a
recognition model based on ResNet, input the preprocessed image, render the image with
multi-level detail rendering, and perform global pooling processing to improve image
degradation. The gradient image is binarized by the binarization method. According to
the path characteristics of UAV, the image recognition results are obtained by combining
the statistical average method and iterative threshold selection method.

2 Image Preprocessing of UAV Tracking and Navigation Path

Before the UAV tracking navigation path image recognition, it is necessary to preprocess
the image to improve the image quality, which can effectively reduce the randomness of
the UAV tracking process. The tracking navigation path image can be obtained through
the acquisition card, and the noise interference factors it receives directly affect the
accuracy of the recognition and analysis results. Therefore, the image preprocessing can
remove the background and redundant parts that are not recognized targets. Image pre-
processing includes image graying, image scaling, image filtering, image edge detection
and image binarization.

2.1 Image Feature Extraction and State Analysis

Image recognition is the main technology of UAV tracking navigation path image, and
feature extraction is the basis of recognition. Image features include color and shape,
among which shape features are the most intuitive and can describe basic attributes. In the
image shape features, the image matrix has rotation and movement invariant attributes,
which can be used as a recognition feature. In the binary image g (m, n), the expression
of the image area (a 4 b) phase matrix and the center matrix is as follows:

Eap=")_ m’n‘g(m, n) 1)

Oup= Z (m—m')"(n—n")g(m,n) ()

In the formula, (m/ 1 ) represents barycentric coordinates respectively. The central
matrix can be further defined by Formula (2). In the discrete case, for the preprocessed
image, in the analysis process, it is necessary to first obtain the target recognition invariant
moment feature vector, which is insensitive to noise and has good stability. It is a feature
vector, which can effectively identify and analyze the UAV tracking navigation path
image.

In the field of target recognition, the background of UAV tracking and navigation
path image recognition is extremely complex, and the illumination will change at any
time, so the recognition accuracy cannot reach a satisfactory level. Therefore, the use
of support vector machine has large operation, strong generalization and good real-
time performance [7]. When the support vector machine is used for recognition and
classification, the core function needs to be selected first. For the mapping of the sample
space, it needs to be converted to the space first, and then the hyperplane classification
is carried out; According to the classification results, the appropriate hyperplane can
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be selected and the support vector can be given; The problem of classification and
recognition is transformed into the problem of solving functional relations. Because
there are many kinds of UAV tracking and navigation path images, different kinds of
classifiers need to be combined into multiple classifiers. Although the training time is
extended, the constraints between different samples are fully reflected. Image moment
features can be used as the input vector to identify and analyze images and ensure the
accuracy of recognition results [8].

In the process of image acquisition, the poor focusing of UAV will introduce noise,
which seriously affects the image quality and brings difficulties to image recognition
and analysis [9]. The UAV obtains the video image from the received image, and first
performs preprocessing. The image after preprocessing can improve the image quality,
segment the target area where the substation equipment is located, and obtain the main
characteristics of the UAV tracking and navigation path image recognition after binary
processing. Image invariant moment features are mainly reflected in different image
types. Input the feature vector into the support vector machine, and the UAV tracking
and navigation path can be recognized after training [10]. The application of artificial
intelligence method can greatly improve the level of automatic recognition. Based on
this, an image recognition model is established.

2.2 Image Edge Enhancement Processing

The Laplacian operator can be used to process the image to improve the image quality.
The binary processing method can make the image extremely simple and facilitate the
calculation speed. The Formula (3) can be used to convert image g (i, n) into a binary
image, as shown below:

0g(m,n) <aorgimn >p

g(m,n) = {

In Formula (3),  and 8 represent upper and lower thresholds respectively. The upper
and lower thresholds « and § are determined according to the image attributes. If the gray
image histogram is roughly similar to the distribution form of the operating conditions,
it can be explained that the image contains both the target and the background, as well
as the determined appropriate threshold. Only in this way can the target to be identified
and the background be effectively separated. Use the Laplacian operator to enhance the
image edge.

2.3 Image Scaling Grayscale Processing

When video files are used as image sources, the decoded bitmap frame sequence is a
true color image. For unified processing, the acquisition format of the image acquisition
card is also set to true color 24 bits. Before further preprocessing, the obtained image is
grayed. The graying formula is:

R, G B
f=—+—+— )
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InFormula (4), A1, A2, A3 represents three color component coefficients respectively;
R. G and B are the red, green and blue gray scale components of the original image,
both of which range from O to 255. In order to avoid occupying CPU time by allocating
space each time during image processing, static storage space is used to store image data,
which requires that the size of the image is fixed. Therefore, it is necessary to reduce the
width and height of the image to a fixed value. The size of the image after scaling is 400
* 300. The method used for image scaling is bilinear interpolation. Because the image
noise collected by the video capture card is relatively large, it is necessary to denoise
the zoomed gray image. These noises are random noises [11].

2.4 Image Denoising

Image recognition technology firstly monitors the recognized image, and intercepts a
frame of image as the input sample for processing [12]. Extract the features of the cap-
tured input image, and output the features in digital form. However, due to the noise inter-
ference of the extracted features, there are many noise scatters in the feature extraction
results. Therefore, image recognition technology needs to be used for denoising.

Because the images transmitted by UAV tracking navigation path have different fre-
quency characteristics, the recognition result is the result of multiple frequency super-
position and coupling. In addition, when the UAV is interfered by noise in the process
of tracking navigation path image recognition, a small frequency pulse will appear,
and these images are easily obscured by background noise and large amplitude natural
frequency components. Therefore, a single wavelet can not meet the needs of image
decomposition. Therefore, in various cases, we must use multi wavelet to extract the
complementary features of the image from multiple angles to improve the recognition
accuracy. Different wavelet bases have great differences in the analysis results of images.
In order to get complete reconstruction from wavelet decomposition, appropriate wavelet
bases must be selected. By selecting the appropriate wavelet base, the image can be pro-
cessed by wavelet transform to achieve the purpose of noise reduction. Low pass filter
is usually used in conventional noise reduction methods.

When wavelet transform is used for noise reduction, since the energy of noise compo-
nents is mainly concentrated in the wavelet transform area, the real image is all concen-
trated on the wavelet coefficients. The appropriate wavelet coefficients are determined
by the threshold setting method, estimated by the threshold function mapping method,
and reconstructed to reduce the noise. For any integrable function, its wavelet transform
can be expressed as:

tL
Ve, L) =gl flﬁf(t)llf*(;)dt ®)
In Formula (5), ¢ represents the wavelet scaling factor; L represents the rela-
tive displacement factor; ¥ * represents the conjugate wavelet basis; ¢ represents the
transformation time.
For discrete noisy image computation, it can be expressed as:

g0 =r@)+cr'@) (6)



28 L. Liu et al.

In Formula (6), r(¢) represents an effective image; r'(¢) represents a noise image;
¢ represents a noise coefficient. Using wavelet analysis method, select an appropriate
threshold, when the discrete noise image coefficient is less than this threshold, it can be
regarded as O; When the discrete noise image coefficient is greater than this threshold, it
indicates that the image is a noise image and needs to be processed immediately, thereby
completing the noise reduction processing of the image.

3 Path Image Recognition Technology Based on ResNet

The deep residual network Res-Net is a convolution-based network model structure that
improves the accuracy by deepening the network layer. The ResNet model parame-
ters are reduced by replacing a large convolution kernel with several small convolution
kernels, while increasing the number of nonlinear activation functions of the ResNet
network model, which reduces the computational complexity of the ResNet model and
improves computational efficiency. If the size of the input and output feature maps in the
convolutional layer is the same, the number of filters remains unchanged; if the size of
the feature map becomes half the original size, the number of filters will be doubled, and
the pooling layer step size of the feature map is set into 2. The main difference between
ResNet models with different depths is the number of layers of convolutional layers.
Some image recognition classification projects can achieve high recognition accuracy
because their network models have a deep network structure. The network structure
extracts richer features by increasing the number of convolutional layers, so that the
recognition effect will be better. However, if it is just a simple stacking network, the gra-
dient will disappear. To solve this problem, the deep residual network adopts standard
initialization and regularization to retain all feature variables, so that the network model
will not lose accuracy. When the network structure is deeper, the phenomenon of over-
fitting will occur, which will lead to poor recognition effect. For the above problems, the
ResNet network structure is combined with the residual learning method and optimizes
the deep network to improve the recognition accuracy and learning speed.

3.1 Construction of Recognition Model Based on ResNet

The characteristics of small differences between classes and large differences within
images determine the importance of detailed features in the recognition process. In
order to solve the problem that the recognition accuracy is difficult to improve due
to this feature, an image recognition model that can enhance the detailed features is
proposed. According to the characteristics of the image, it aims to enhance the ability
to extract features from local to global, which is composed of deep shallow shared
attention modules and enhancement blocks. The deep shallow shared attention modules
improve the feature extraction effect by learning the weights of different channels of the
image, and embed the network from shallow to deep to maximize the enhancement of
global features; The enhancement block is used to improve the ability to extract the local
details of the image. It uses asymmetric convolution to construct the enhancement core
to replace the ordinary convolution core. At the same time, it establishes the connection
between different layers of networks through the idea of jump connection, and realizes
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local feature enhancement while reducing degradation. Based on this, the recognition
model based on ResNet is constructed as shown in Fig. 1.
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Fig. 1. Recognition model based on ResNet

When the initial optimal and user mapping becomes the optimal mapping by inte-
grating the nonlinear layer with other mappings, if the original mapping is not as good
as the residual mapping, then under special circumstances, the residual may be set to 0,
which is easier to approximate the mapping to another mapping. Add an object that can
realize identity mapping in the feedforward network. In this way, the number of network
parameters will not change, and the calculation will not be cumbersome. The network
model can still use back propagation for end-to-end training.

3.2 Detail Visualization Rendering

Due to the huge number of point clouds obtained by the UAV tracking the navigation path,
it is not easy to achieve image rendering by simply loading all at one time. Therefore,
a multi-level detail rendering method based on the ResNet algorithm is proposed. The
ResNet algorithm regards each group of networks mapped by the residual network as a
building block, which is defined as:

D =g, n )

In Formula (7), v represents the input vector, D represents the output vector, and
g (v, 1), as the residual mapping to be trained, has certain requirements for the dimensions
of v and g in the formula, which need to be the same, otherwise, linear projection
needs to be added to modify the configuration dimensions. There are some differences
between convolutional neural network and ResNet algorithm. ResNet algorithm directly
connects the network input with other layers in order to make the network layer learn
residuals better. The convolution of convolution neural network will cause data loss
during training, which will lead to the decline of recognition accuracy; In this case,
ResNet algorithm bypasses the input information to the output in the convolution layer
to ensure data integrity, reducing some tedious work and improving the accuracy of the
algorithm. The ResNet algorithm has the following network design principles: @ Layers
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with the same feature map size have the same convolution kernel; @ When entering
the pooling layer, the feature map size becomes half of the original size. In the residual
network, the connection of dotted and solid lines is used to distinguish whether the
network dimensions match. If there is a dimensional mismatch in the network, there are
two options: the first is to directly use zero padding to add dimensions, and the second
is to multiply the i matrix and project it into a new space.

In the multi-level detail modeling, the hierarchical structure of the multi-resolution

octree is used as shown in Fig. 2.
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Fig. 2. Schematic diagram of multi-resolution octree construction

The octree is usually used to segment the leading point cloud. The basic idea is:
first, get a minimum outer square that contains all the point cloud data and corresponds
to the root node of the octree. Then, from different angles, divide the cube into eight
smaller cubes, and the cube can continue to split until there is no more cube, or the size
of the cube is opposite to the shape of the leaves of the octree. Select the node data to
be rendered within the current leaf node range, and automatically adjust the rendering
degree of each node through the octree. The image output coordinates for any node can
be expressed as:

®)

Ymax — Ymin

y= Ji 2zi—1

(€))

In the above, xmax and xpin represent the maximum and minimum values of the
horizontal coordinates respectively; ymax and ymin represent the maximum and minimum
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values of the vertical coordinates respectively; z; represents the position of the i-th node
in the octree; J; represents the index position of the i-th node. The detailed data to be
rendered is stored in the vertex buffer, and the position and size are set by the vertex
shader. Each unit must be determined in a three-dimensional space that can be displayed
on the screen. If it cannot, it must be cropped. If the primitive is beyond the visible
range, it will be removed. After clipping and deletion, the position coordinates of the
vertices are transformed. At this point, the primitive has completed the next step of
raster processing, and the coordinates of the actual pixel are obtained through raster
element mapping. Since the current pixel has no color information, a shader is required
for coloring. Finally, in the frame buffering process, the color information of each layer
is written into the frame buffer, thereby completing the image visualization enhancement
processing.

3.3 Image Degradation Improvement Processing

The attention residual module makes the attention module embedded in the deep and
shallow layers of the network by combining the attention module and the enhancement
module, and improves the learning effect of each stage of the network. The algorithm
performs global pooling on the input feature map of size A x B and number C, and
obtains the global information between C channels, which can be described as:

A

B
U=A>1<BZZm(x,y) (10)

x=1y=1

In Formula (10), m(x, y) represents the value of the feature map m of the C-th
channel at the position coordinate (x, y). Secondly, in order to limit the complexity of
the model and ensure the generalization ability of the model, U is excited twice to
obtain the weight value of the feature map. Finally, the weights are applied to U, and
the recalibrated feature map U is obtained, and the feature map U can be directly fed
into the enhancement block. When the attention module is in the shallow layers of the
network, it excites informative features in a class-independent manner and reinforces the
shared universal features, and when the network is deep, the attention module tends to
specialize and respond to different inputs in a class-specific manner. ResNet connects the
above-mentioned attention module and enhancement block 4 times alternately, so that
the deep and shallow layers of the network are embedded in the attention module, which
not only stimulates valuable features, improves the learning effect, but also reduces the
phenomenon of image degradation.

3.4 Image Recognition Process

The super pixel method is used to segment the UAV tracking and navigation path image
to obtain the super pixel points. The gradient image is binarized using the binarization
method, and appropriate thresholds are set for different application scenarios. When the
threshold value is large, the pixel is regarded as an edge point; If it is below the threshold
value, it is considered as a non edge point; The binary gradient image is segmented
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by morphological extension operator and erosion operator. The expansion operator is
calculated as follows:

gey=lilying #90} (11)

In Formula (11), g’ represents the image to be expanded; y represents the structural
element. The calculation formula of the corrosion operator is:

g"ey={ily)i cg"} (12)

In Formula (12), g” represents the image to be eroded. The target image and the
segmented image are masked to obtain the area where the UAV tracks the navigation
path.

In order to further narrow the area, the adjacent nodes are moved, and the control
node is at the minimum position of the domain gradient. Calculate all pixel values in
the seed point field, update the node position information, cluster labels according to the
node position information, and set the initial distance metric. After that, calculate the
minimum distance from each node in the neighborhood to the pixel point, and if the total
distance is less than the original distance, update the pixel mark to the current node, and
the total distance is equal to the initial distance. After the node traversal is completed,
the node is located based on the classification mark of the pixel point. In the grayscale
image, the grayscale value and coordinate average of the pixels in each classification
mark are used as new nodes; the optimization is repeated until the cluster marks no
longer change, or the maximum number of repetitions is reached, which improves the
connection degree. The superpixels in the image are scanned by a left-to-right, top-down
method, and the connected components of the separated single pixel points or regions
that are too small are classified.

Fully consider the characteristics of UAV tracking and navigation path, and use the
statistical average method to obtain the average interference amplitude. The formula is:

A
p= 2=l (13)

o[ld1?]

In Formula (13), d represents the distance between the target and the background;
Q represents the energy parameter. The formula for calculating the average interference
phase is:

v=o(3_ a0) (14)

In Formula (14), 6 represents the phase angle. On the two-dimensional charac-
teristic plane of interference, since the interference amplitude and phase are different
dimensional physical quantities, the interference characteristic distance defined by the
Gaussian kernel function can be expressed as:

d = exp(p(H — Hy) ® G”) (15)
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In Formula (15), H and H; represent the potential target interference feature and
background interference feature respectively; G? represents the bandwidth matrix; p
represents the interference eigenvector norm; @ represents the vector outer product.
The bandwidth matrix can normalize physical quantities of different dimensions and
is suitable for measuring the distance between the target and the background. In the
interference space, if the difference between the target and the background is obvious,
the farther the vector is from the background feature, the more it represents the path
image.

Image recognition usually has many different methods for different applications.
According to the characteristics of the target and background of the UAV image,
grayscale segmentation is used to achieve image recognition. At the same time, an
interface is designed to design different recognition algorithms for different target char-
acteristics, so that the system has good scalability. The selection of the grayscale segmen-
tation threshold adopts the iterative threshold selection method. The iterative formula
is:

d; m—1
! > nph Y. mph
_ h=0 h=d+m;
divi =5 | = — (16)
> 2. m
h=0 h=d;+1

In Formula (16), m represents the number of gray levels; n represents the number of
pixels whose gray value is 4. Take the initial threshold as 0.5 m, and use this iterative
formula until the threshold does not change, that is, when the threshold converges to a
certain value, it stops, and this threshold is the optimal segmentation threshold. After
threshold segmentation, the image is divided into two parts: background and target, and
then the center of gravity of the target is taken as the position of the recognition target.
The calculation method of the center of gravity is as follows:

k
Z Xh
h=1

x0 =" (17)
k
> h

yo = = (18)

k

In the above formula, k represents the total number of pixels occupied by the target,
thereby obtaining the recognition result.

The recognition model is built based on ResNet, the details of the pre-processed
image are visualized and rendered, and the global pooling processing is carried out to
improve the image degradation phenomenon. The image recognition is completed by
the binary method and the statistical average method.
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4 Experimental Analysis

4.1 Experimental Setup

The UAV azimuth target positioning, tracking and navigation system is mainly divided
into two subsystems: UAV visual navigation system and UAV flight control system. The
visual navigation system includes two parts: camera and raspberry pie. The airborne
camera captures the target image information; Raspberry Pie is an independent visual
processing system. It not only has image processing function, but also can process
the captured image information in real time to obtain the information such as target
orientation and angle; At the same time, it can also complete the estimation of target
motion state, and then provide reference information for UAV flight. The flight control
system carries out control operation according to the information given by the visual
navigation system, and controls the UAV to accurately complete target tracking. UAV
navigation path tracking and navigation system, as shown in Fig. 3.

UAV

athl Pa¥3
ath2)

Target

Fig. 3. UAV navigation path tracking and navigation system

As shown in Fig. 3, the UAV is equipped with a visual navigation system to track the
ground moving targets in real time. The Raspberry Pi and the camera are used as the visual
navigation system, and the Raspberry Pi and the onboard camera are installed directly
under the UAV as a visual navigation system to detect the moving targets on the ground
in real time during the flight of the UAV. Connect the Raspberry Pi and the UAV flight
controller through the serial port, the visual navigation system obtains the deviation
information of the target and completes the angle solution, and provides navigation
information for the flight controller through the target estimation strategy and control
strategy. According to the navigation information provided by the visual navigation
system, the flight controller is used to perform control operations to realize the real-time
tracking of the target by the UAV. The overall block diagram of the experimental device
is shown in Fig. 4.

The designed visual navigation system mainly includes a Raspberry Pi and an exter-
nal camera. The camerais used to collect real-time images. As an airborne image process-
ing module, the Raspberry Pi is used to perform target detection and image processing
on the collected images.
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Fig. 4. Overall block diagram of the experimental device

4.2 Experimental Area and Data

The image of the drone tracking the navigation path was taken at 8:00 on April 4,
2020, and the weather was clear but foggy. Using a fixed-wing UAV manufactured by a
company, the UAV can quickly and efficiently generate data such as topographic maps,
orthophoto maps, and ground digital models. The fuselage is equipped with a Sony
DSC-WX220 camera, the lens of which is Sony’s G lens.

The image of the UAV tracking the navigation path is shown in Fig. 5.

Fig. 5. UAV tracking and navigation path annotation results

Taking the target annotation results shown in Fig. 5 as the research object, the
experimental verification analysis is carried out.
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4.3 Experimental Results and Analysis

In the process of identifying image information, it is not only limited to the collected
image data, but also the problem of image distortion. Therefore, the convolutional neural
network method, the YOLO v3 algorithm, the Cascade R-CNN method and the ResNet
recognition technology were used to compare and analyze the image recognition results
of the UAV tracking navigation path, as shown in Fig. 6.

It can be seen from Fig. 6 that the images extracted by convolutional neural network
method, YOLO v3 algorithm and Cascade R-CNN method are not comprehensive, result-
ing in partial loss of information. However, the images extracted by ResNet recognition
technology are comprehensive, consistent with the selected areas shown in Fig. 5, and
can obtain all image information.

In order to prove that the researched technology has a good anti-interference effect,
the signal-to-noise ratio of the interference images of these four methods is compared
and analyzed again, and the comparison results are shown in Fig. 7.

It can be seen from Fig. 7 that the convolutional neural network method, YOLO v3
algorithm and Cascade R-CNN method have low signal-to-noise ratio, while the ResNet
recognition technology has introduced the ResNet technology to improve the signal-to-
noise ratio of the interfering image, of which the highest signal-to-noise ratio is 30.5dB,
enriching the important information of the image and obtaining the image enhancement
effect.

Based on this, these four methods are used to compare and analyze the image
recognition accuracy, as shown in Table 1.

It can be seen from Table 1 that the image recognition accuracy using the con-
volutional neural network method, the YOLO v3 algorithm, and the Cascade R-CNN
method is the highest at 0.52, 0.56, 0.69, and 0.96. The highest image recognition accu-
racy using the ResNet method is 0.96, indicating that the image recognition accuracy
using this method is high.
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(d) ResNet recognition technology

Fig. 6. Comparative analysis of image extraction results by different methods
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Fig. 7. Comparative analysis of signal-to-noise ratio of different methods

Table 1. Analysis of recognition accuracy and loss degree of recognition process by different
methods

Iterations/time | Convolutional neural | YOLO v3 algorithm | Cascade R-CNN | ResNet
network methods method
200 0.39 0.49 0.65 0.92
400 0.32 0.48 0.67 0.93
600 0.48 0.45 0.69 0.93
800 0.45 0.49 0.67 0.95
1000 0.45 0.53 0.69 0.96
1200 0.52 0.56 0.69 0.93

5 Conclusion

ResNet-based UAV tracking and navigation path image recognition technology uses the
actual image to understand the position and attitude information. The technique avoids
overfitting, converges quickly, and the residual learning network makes deep network
training easy. The highest image recognition accuracy is 0.96. The ResNet algorithm
has good recognition effect and robustness, and has a certain promotion effect in other
machine vision application fields. Although the ResNet algorithm achieves the expected
image recognition effect, there are still shortcomings. The number of images used in
this experiment is small and the relative noise is small. There may be some differences
in the actual recognition process. In the future research, it is necessary to continuously
improve the recognition effect of the proposed method to cope with the recognition of
massive path images and the interference of greater noise.
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