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With the rapid development of marine exploration and marine transportation, the activities of marine ships are becoming more
and more frequent. Accurate and rapid detection of the position of marine ships has very important practical and strategic
significance. SAR has the characteristics of all-weather detection. It is an important means of ship detection. Aiming at the
problem of fuzzy interference in sea surface ship SAR image detection, a small target image detection algorithm based on constant
false alarm rate (CFAR) and depth belief network (DBN) is proposed. Firstly, according to the traditional CFAR detection
principle, the whole image to be detected is detected by CFAR globally, and the index matrix is obtained, so as to improve the ship
detection speed. Secondly, the output data of the hidden layer of the last layer of DBN are used as the input data of SVM, and the
trained DBN model is applied to local detection, so as to improve the accuracy and robustness of ship detection. Finally, the
algorithm combining CFAR and DBN is trained and applied in ship detection. Experimental results show that the accuracy of the
proposed algorithm under fuzzy interference is better than that of traditional CFAR, BPNN, Fast R-CNN, and SSD512 algorithms,
which proves that the robustness of the combined algorithm is significantly improved.

1. Introduction

Ship is an indispensable means of transportation for sea
transportation and exploitation of seabed resources. With
the rapid development of maritime economy and the in-
creasing number of ships on the sea, the safety requirements
of maritime transportation are becoming higher and higher.
-erefore, it is an urgent problem to accurately detect the
position of naval vessels in coastal areas [1–5].-erefore, the
ship detection and recognition technology is very important,
and the need to use information means to improve the
supervision ability and confrontation ability is increasing.

With the rapid development of synthetic aperture radar
(SAR) imaging technology [6–8], it is playing an increasingly
important role in the civil and military fields. -is tech-
nology can realize the accurate detection, real-time moni-
toring, and state capture of hull targets. SAR is a sensor using
active microwave remote-sensing technology, which can
complete the task of detecting targets in all-weather,

multiangle, and multidimensional fields in the application of
marine resources’ supervision [9–11]. With the maturity of
SAR technology, the coordination mechanism between SAR
system and signal processing algorithm has attracted ex-
tensive attention. Researchers can obtain more semantic
information on the content of the target information, in-
cluding different bands, polarization mode, and resolution.
In addition, SAR images can provide complete data infor-
mation for researchers to mine and explore the rich mul-
tidimensional information, thus improving the ability of
target detection and recognition more effectively.

CFAR algorithm is currently the most widely used
among many target detection algorithms and has the best
effect.-e core idea is to establish the sea clutter distribution
model based on local area sea clutter data and draw the
probability density curve of the distribution model. -en,
the target pixel segmentation threshold is calculated by the
false alarm rate, and finally, the high gray value target in the
SAR image is detected by the threshold. On the basis of
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classical CFAR technology, scientists have spent a lot of
efforts to improve the CFAR detection algorithm from
different aspects to improve its detection performance. Tao
et al. [12] proposed a segmented CFAR algorithm, which is
very suitable for target detection in local regions. Palamà
et al. [13] proposed a change index CFAR algorithm from an
adaptive perspective, which can dynamically select the unit
average according to the set assumed conditions. Jiang et al.
[14] proposed a CFAR with adaptive selection of pixel sets,
which performs well in uniform clutter environments.
However, the above detection algorithms are all single CFAR
detection algorithm, each of which has its own advantages
and disadvantages, as well as applicable conditions. A single
CFAR detection algorithm performs well in the case of
uniform clutter background, but it lacks high accuracy and
robustness for the nonuniform background (fuzzy inter-
ference) with clutter interference.

As a hot technology with rapid development in the field
of artificial intelligence in recent years, deep learning has
been widely used in various industries. Deep learning
comprehensively learns the abstract information from low
level to high level through nonlinear elements [15–17],
which reduces the complex preprocessing in the early stage
of artificial intelligence and improves the efficiency of target
detection and recognition. At present, the research on ship
target detection in SAR images based on depth learning has
become a hot topic in the application of related fields.
Researchers are dedicated to obtaining high-resolution,
high-robustness ship target detection techniques in a wider
range of scenarios, thus solving the real-time and complexity
problems in real-world environments. Wang et al. [18]
proposed an improved region-based total volume network
(R-FCN) detection method, which extracts the features of
ship targets and performs mixed multiscale processing, and
achieved good detection results. Aiming at the problem that
small targets are difficult to locate, Chen et al. [19] proposed
a depth learning detection method combined with attention
mechanism, which obtained the region of interest by au-
tomatically learning the attention mechanism feature map.
Among many algorithms, how to quickly select the better
algorithm to adapt to the corresponding scene is also an
urgent problem to be solved in this field.

Deep belief network (DBN) is a probabilistic machine
learning model for multilevel neural networks [20–22]. DBN
reconstructs the input data through a layer-by-layer greedy
learning algorithm and then globally fine-tunes the initial-
ized network parameters through a supervised algorithm.
-e features learned and extracted from the raw data by
DBN can achieve a higher-level expression description of the
raw data.-is learningmethod overcomes some problems of
previous neural network structures, such as local optimum
and unstable training time caused by initialization param-
eters. DBN is widely used in image recognition classification,
face recognition, handwritten font recognition, and other
fields.

-erefore, this paper attempts to combine CFAR algo-
rithm with DBN to solve the problem of nonuniform
background (fuzzy interference) in clutter interference. -e
purpose of this research is to overcome the influence of fuzzy

interference on the detection of small targets on the surface
of the ship and improve the accuracy and robustness of
target detection. First, the target index matrix is obtained by
the global detection in CFAR algorithm. -en, the detected
image is intercepted with the target index as the center, and
the trained DBN model in DBN-SVM algorithm is used to
detect it. Finally, all detection results are combined to obtain
a final detection result.

2. SAR Imaging Ambiguity Principle

-e imaging method of radar is active imaging. Electro-
magnetic wave is transmitted at a certain time interval
during that continuous movement of the imaging device.
After the electromagnetic wave irradiates the object, the
reflection is formed, and the echo information is transmitted
back to the imaging device. -en, through a series of al-
gorithms to process the echo information, the imaging
process is completed. In this process, SAR signals are usually
stored as two-dimensional arrays. SAR echoes in the two-
dimensional plane can have two dimensions: distance and
azimuth. If the sampling does not match, it will form a blur,
reduce the image quality, and even affect the target detection
and judgment. -erefore, we need to study the character-
istics of two forms of blur, so as to provide the necessary
conditions for verifying the robustness of the algorithm.

2.1. Azimuth Ambiguity. SAR uses pulse repetition frequency
(PRF) [23] to sample the echo Doppler signal to obtain the echo
information. -e corresponding Doppler bandwidth matched
filter is within themain bandwidth.When the PRF is high, it will
not be affected by the side lobe signal basically. However, when
the PRF is undersampled, in the azimuth echo spectrum, other
nontarget signals will enter the matched filter, and thus affect
the target sampling in the main lobe. Nontarget signals are
aliased with main signals to form azimuthal ambiguity. -e
aliasing phenomenon occurring in the side lobe can lead to the
generation of false targets [24]. Azimuth ambiguity diagram is
shown in Figure 1.

2.2. Distance Ambiguity. In addition to azimuth ambiguity,
there is another common way of ambiguity, that is, distance
ambiguity. Compared with azimuth ambiguity, distance am-
biguity is mainly caused by high PRF. -e higher the pulse
repetition frequency, the smaller the time interval between
pulses. Specifically, it shows the time delay between the target
echo signal in a certain area and the previous pulse signal.
Overlap with the echo time delay in the mapping band of the
main lobe causes interference [25]. Figure 2 is a schematic
diagram of distance ambiguity, in which distance ambiguity is
formed in the echo region where time delay occurs.

3. Ship Small Target Detection Algorithm
Based on CFAR-DBN Under
Fuzzy Interference

3.1. Global CFAR Algorithm. At present, CFAR detection
algorithm is a more classical method in SAR image target
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detection.-eCFARalgorithm compares the pixel gray levels of
possible targets with the thresholds determined from the sur-
rounding background. -is paper uses this algorithm in global
detection.

First, the value of CFAR cannot be set accurately.
-erefore, for the false alarm rate of global detection, the
fuzzy estimation value is used as the initial value. -e cal-
culationmethod for estimating the false alarm rate Pfa of the
whole SAR image is as follows:

Pfa ≈
Aship

Asar
, (1)

where Aship represent pixel area of all vessels in the image
and Asar represent the pixel area of the entire SAR image.

By histogram statistics of the gray values of all clutter points
in SAR images [26], the probability distribution of histogram
can be obtained as f(x). Set the global CFAR value (Pfa) and
solve formula (2) to get the global threshold Tlow. If the gray
value T of the pixel in SAR image is greater than the threshold
Tlow, it is considered to be abnormal in the surrounding clutter,
and it is judged as the ship target, which is denoted as T1;
otherwise, it is judged as the ocean clutter, and the judgment
rule is shown in formula (3):

Pfa � 
∞

T
f(x) dx, (2)

T
>Tlow, ship target,
<Tlow, ocean clutter.

 (3)

After the global threshold Tlow is calculated, it is com-
pared with the gray values of all pixels in the image. If the
gray value of the pixel is greater than Tlow, set it to 1.
Otherwise, set to 0. After all the pixels are compared, the
index matrix is obtained.

Global target detection adopts CFAR detection based
on K distribution, and the probability density function
(PDF) of K distribution is

P(x) �
2

xΓ(v)Γ(n)

nvx
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 , (4)

where v represents the state of the function, μ represents the
dimension of the function, n represents the estimate of the
function to the whole SAR image, and Kv−n(·) is a Bessel
function of order (v − n). When the clutter model is K-
distributed, firstly, transform the image data, and we can
obtain

Pfa � 
∞

T
p(y) dy � 1 − F(t) �
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-e gray level of the target pixel is compared with the
threshold obtained by the surrounding background. -e
false alarm rate is usually obtained through experience,
and the threshold of statistical distribution can be ob-
tained according to relevant formulas. -e traditional
CFAR method presets the false alarm rate. We can judge
whether the pixel to be detected is the target point by
CFAR algorithm. According to the prior knowledge of the
target, we select the appropriate sliding window to detect
the whole SAR image point by point. Sliding windows are
divided into hollow and solid. -e sliding window in the
solid window is consistent with the target size, while the
sliding window in the hollow window is larger than the
target size. -e size of the solid sliding window is equal to
that of the target, but due to the principle of SAR imaging,
the surroundings of the target and the background will
interfere with each other, which will have a certain in-
fluence on the judgment of the target. In order to
eliminate these influences, we remove these pixels, so we
choose the background points with a certain distance
from the target as the judgment data.

With the center of the target point in the index matrix,
three windows are established: target window (T), protection
window (S), and background window (G), as shown in
Figure 3.

Taking one of the target pixels as the target window and
setting the maximum ship length to 300 meters, the cal-
culation method of D1 is as follows:

D1 � 1.5 × LP LP �
300
R

 , (6)

where R represents the resolution and Lp represents the
maximum length of the pixel points of the ship.

D2 is calculated as follows:

θ
R

Figure 2: Schematic diagram of distance ambiguity.
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Figure 1: Schematic diagram of azimuth ambiguity.
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3.2. DBM-SVM Model. DBN is a network structure com-
posed of multilayer restricted Boltzmann machine (RBM) in
a certain order. -e Boltzmann machine (BM) is an undi-
rected graph model composed of two layers of neural net-
work structures, where the connections within the layers are
simultaneous with those between the layers. -e structures
of BM and RBM are shown in Figure 4.

RBM is an energy-based network structure consisting of
a display layer and an implicit layer. Gibbs sampling is not
efficient, while contrast divergence (CD) algorithm [27–29]
can reconstruct the data.-emain idea of CD is to introduce
training data as initial values and conduct Gibbs sampling.
-e transferred data are taken as the initialization data of the
second iteration so that the expectation of quickly solving
the model itself is realized. Since the number of iterations is
not large, the process of the partial derivative of the like-
lihood function to the parameters can be simplified to a large
extent.

-e RBM parameters are updated as follows:

ΔWij � ε 〈vihj〉data −〈vihj〉l ,

Δai � ε 〈vi〉data −〈vi〉l( ,

Δbj � ε 〈hj〉data −〈hj〉l ,

(8)

where ε is the learning rate and l represents the data of the
reconstruction layer.

If the display layer in RBM contains n nodes and the
hidden layer containsm nodes, the steps of CD algorithm are
as follows:

(1) It is assumed that the display layer offset is 0.01, the
hidden layer offset is 0.01, and the initial weight is
0.0008 in the initial parameters

(2) Calculate the probability of each node of hidden
layer h1 by displaying layer node data v1:

P h1j � 1 | v1  � σ bj + 
i

v1iWij
⎛⎝ ⎞⎠. (9)

(3) After obtaining the distribution probability of the
hidden layer h1, the probability of each node of the
next display layer v2 can be calculated:

P v2i � 1 | h1(  � σ ai + 
j

Wijh1j
⎛⎝ ⎞⎠. (10)

(4) Using the obtained node probability of display layer
v2, calculate the node probability of next hidden layer
h2:

P h2j � 1 | v2  � σ bj + 
i

v2iWij
⎛⎝ ⎞⎠. (11)

(5) Update parameters and repeat steps 2 to 5 until the
maximum iteration times are reached, thereby
completing the training of an RBM. -e RBM al-
gorithm flow is shown in Figure 5.

DBN is an unsupervised algorithm for feature extraction.
During the training, if the error increases greatly, the ac-
curacy of the model may become worse. In order to obtain a
robust network structure, supervised callback is adopted to
optimize the weights. By using SVM as the classifier in the
last classification layer of DBN, the supervised fine-tune
optimization of weights is realized. -e structure of DBN-
SVM is shown in Figure 6.

3.3. Target Detection Combining Global CFAR and DBN.
-e global CFAR detection algorithm greatly improves the
detection speed of SAR images without reducing the de-
tection accuracy, but the accuracy is lower than that of DBN-
SVM algorithm. DBN-SVM has a strong image recognition
ability, but the detection speed is slow. In view of this, this
paper combines the respective advantages of the two algo-
rithms and proposes a ship detection method in SAR images
combining global CFAR and DBN.

-e ship small target detection steps based on CFAR-
DBN are as follows:

(1) Training a DBN-SVM network model and obtaining
training and test samples, construct a DBN-SVM
optimal network model with a small enough error
rate through the samples and save the model.

(2) Performing global detection on the whole SAR
image, the histogram distribution is used to carry out
simple statistics on that gray value of all the pixels.
Set the CFAR value to obtain the global threshold,
quickly screening out all possible target points and
obtaining a target index matrix.

(3) Performing local detection by using the trained
DBN-SVM optimal model and taking the pixels
screened out in the global detection as the center, set
test samples with a size of 90× 90 and substitute

Ship

T
D1

D2
S

G

Figure 3: Window of global target detection.
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these samples into the trained DBN-SVM optimal
network model to obtain the classification results of
ships and sea clutter.

4. Experiment and Result Analysis

4.1. Experimental Environment and Dataset. -e processor
of the computer used in the experiment is Intel (R) Core
(TM) i5-9400 CPU @ 2.90GHz 2.90GHz, the graphics card
is NVIDIA GeForce GTX1660 (6GB), the memory size is
16GB, the simulation environment is MATLAB R2017a, and
the SVM classifier uses LIBSVM toolbox. -e DBN training
method uses DeepLearnToolbox.

-ere are 43,819 SAR images with a size of 256× 256 in
the small target ship dataset [30, 31] used in the experiment,

all of which are from GF-3 satellite and Sentinel-1 satellite
with corresponding tag information. In this experiment, the
ratio of the training set to the test set is 7 : 3. Experiments of
fuzzy jamming in different proportions are carried out on
SAR images in the test set.

In the fuzzy jamming experiment for each SAR image,
two images are superimposed on the principle of the same
size and similar pixel size to generate jamming images
separately. Some of the jamming images are shown in
Figure 7.

4.2. SAR Image Detection Results. Training datasets are
trained under the traditional CFAR [12], BPNN [15], Faster
R-CNN [16], SSD512 [17], and CFAR-DBN algorithms.
After the corresponding training model is obtained, the test
dataset is tested under the above five algorithms. -e
schematic diagram of CFAR-DBN algorithm results display
in this paper is shown in Figure 8.

From the visual detection results of some SAR image
slices, it can be seen that all algorithms can detect the
ships in the original SAR image well under the same
conditions. However, after adding different fuzzy inter-
ference backgrounds, each algorithm is different in vi-
sualization performance. Among them, CFAR-DBN
algorithm can well detect all ships under different fuzzy
interference conditions. -is shows that the adaptability
of CFAR-DBN algorithm to fuzzy interference back-
ground has been greatly improved, and the applicability is
higher, which can meet the needs of complex marine
environment monitoring.

In order to study the robustness of the proposed algo-
rithms, it is also necessary to obtain the average precision
value of each algorithm. Average precision is an important
performance index of target detection in deep learning al-
gorithm. -e average accuracy of each algorithm in the
interference background is shown in Table 1. -e detection
time of each algorithm in interference background is shown
in Table 2.

It can be seen from Table 1 that the average accuracy of
CFAR-DBN algorithm is obviously higher than that of other
four algorithms. Under four kinds of fuzzy disturbances, the
average accuracy of CFAR-DBN algorithm is higher than
80%. It can be seen from Table 2 that although the traditional
CFAR algorithm has the shortest running time, its accuracy
is the worst. SSD512 algorithm has the slowest detection
speed.-e proposed CFAR-DBN algorithm not only ensures
high detection accuracy but also improves the detection
speed.

Hidden layer

Display layer

(a) (b)

Figure 4: Structure of BM and RBM. (a) BM. (b) RBM.

Output

h1
2 h2

2 h3
2 h4

2

h1
1 h2

1 h3
1

v1 v2 v3 v4

W1

W2

H1

H2

RBM

Figure 5: RBM algorithm flowchart.

...

...

...

...

SVM classifier

Input data

Hidden layer

Hidden layer

Hidden layer

Display layer

RBM

RBM

Fine-tune

Fine-tune

Fine-tuneW1

W3

W2

Figure 6: Structure of DBN-SVM.

Wireless Communications and Mobile Computing 5



original SAR image
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Fuzzy generative graph a
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(d)

Fuzzy generative graph b

(e)

Figure 7: Schematic diagram of ambiguity interference. (a) Original SAR image. (b) Fuzzy background a. (c) Fuzzy generative graph a. (d)
Fuzzy background b. (e) Fuzzy generative graph b.

original SAR image

(a)

Fuzzy generative graph a

(b)

Fuzzy generative graph b

(c)

Figure 8: Schematic diagram of CFAR-DBN visual result. (a) Original SAR image. (b) Fuzzy generative graph a. (c) Fuzzy generative graph
b.

Table 1: Average precision value (%) of each algorithm under interference background.

Background Traditional CFAR BPNN Faster R-CNN SSD512 CFAR-DBN
Original background 87.67 87.81 88.92 90.34 91.06
Fuzzy generative graph a 81.24 82.81 83.54 84.06 85.31
Fuzzy generative graph b 80.82 81.25 82.12 83.27 84.63
Fuzzy generative graph c 77.23 78.09 78.64 79.68 80.06
Fuzzy generative graph d 83.40 83.14 84.85 85.17 86.24
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5. Conclusions

-is paper attempts to combine CFAR algorithm with DBN
to solve the problem of uneven background (fuzzy inter-
ference) of clutter interference. Firstly, the global detection
in CFAR algorithm is used to obtain the target index matrix.
-en, taking the target index as the center, the detection
image is intercepted, and the DBN model that has been
trained in DBN-SVM algorithm is used to detect it. Ex-
perimental results show that the proposed DBN-SVM al-
gorithm overcomes the influence of fuzzy interference on
small target detection of ships on the sea surface and im-
proves the accuracy and robustness of target detection. At
present, the network model of deep learning is large and has
a large number of parameters, so it is difficult to deploy
quickly and achieve an efficient and accurate detection level
in actual SAR image ship target detection. -erefore, the
lightweight of the model is the focus of future research.
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