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Abstract: Current methods for radar target detection usually work on the basis of high signal-to-clutter ratios. In this paper we 
propose a novel convolutional neural network based dual-activated clutter suppression algorithm, to solve the problem caused by 
low signal-to-clutter ratios in actual situations on the sea surface. Dual activation has two steps. First, we multiply the activated 
weights of the last dense layer with the activated feature maps from the upsample layer. Through this, we can obtain the class 
activation maps (CAMs), which correspond to the positive region of the sea clutter. Second, we obtain the suppression coefficients 
by mapping the CAM inversely to the sea clutter spectrum. Then, we obtain the activated range-Doppler maps by multiplying the 
coefficients with the raw range-Doppler maps. In addition, we propose a sampling-based data augmentation method and an ef-
fective multiclass coding method to improve the prediction accuracy. Measurement on real datasets verified the effectiveness of 
the proposed method. 
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1  Introduction 
 

When radar tries to detect small boats on the sea 
surface, it is necessary to design suitable detectors or 
use effective sea clutter suppression methods. These 
detection methods are all based on the understanding 
of sea clutter characteristics, including amplitude dis-
tribution, texture correlation, and Doppler spectrum. 

For many modern high-resolution radar systems, 
the Rayleigh distribution density model underesti-
mates the tails of the measured sea clutter density 
(Shnidman, 1999). Trunk and George (1970) pro-
posed the log-normal distribution; however, some-
times the tail of the probability density function (PDF) 

estimated by log-normal is overfitting. Sekine et al. 
(1983) proposed the Weibull distribution, of which 
PDF lies between Rayleigh and log-normal distribu-
tions, and Farina et al. (1997) used it for modeling sea 
clutter. Ward (1981) used composite modulation to 
model high-resolution radar sea clutter and proposed 
a K-distribution model. Greco et al. (2006) proposed a 
generalized K-distribution model to estimate the 
clutter amplitude distributions based on ice multi- 
parameter imaging X-band (IPIX) radar clutter data. 
There are also models which can explicitly model sea 
spikes including the KA- and KK-distributions, while 
others such as the Pareto-distribution just model the 
longer tails in the presence of spikes (Rosenberg et al., 
2019). 

The correlation of the texture can be character-
ized by temporal correlation and spatial correlation. 
Farina et al. (1997) and Greco et al. (2006) analyzed 
the temporal correlation of clutter in the IPIX radar 
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sea clutter data. Greco et al. (2006) mentioned that the 
correlation times of the sea clutter speckle component 
and the modulation component are about 10 ms and  
1 s, respectively. Watts and Ward (1987) analyzed the 
clutter spatial correlation between multiple range bins 
with measured sea clutter data and showed the cor-
relation related to wind speed and radar sight (Watts, 
1996). The clutter correlation function and the clutter 
Doppler spectrum are Fourier transform pairs. Walker 
(2000, 2001) analyzed the characteristics of the clut-
ter Doppler spectrum at low grazing angles based on 
measurement data and proposed a theoretical model 
of the Doppler spectrum. Lamont-Smith (2008) 
studied the sea clutter Doppler spectrum characteris-
tics of the low grazing angle radar at different ob-
servation angles. Ritchie et al. (2016) analyzed the sea 
clutter texture correlation and the characteristics of 
the Doppler spectrum based on the K-distribution 
model, using data from the NetRAD radar. Here, the 
Doppler spectrum analysis is based on a short-time 
Fourier transform, where each spectrum is taken over 
a period that is of the order of 128 ms. 

Based on the study of sea clutter characteristics, 
researchers have designed a variety of radar target 
detectors to improve the signal-to-noise ratio (SNR). 
Detectors including Neyman Pearson (NP) (Gini et al., 
2002), generalized likelihood ratio test (GLRT) (Gini 
et al., 2000; Conte and de Maio, 2004; Hao et al., 
2014), generalized likelihood ratio test linear- 
threshold detector (GLRT-LTD) (Sangston et al., 
2012; Shui and Liu, 2016; Shi et al., 2019), and 
adaptive normalized  matched filter (ANMF) are used 
for detection (de Maio et al., 2005; Greco et al., 2010; 
Shui and Shi, 2012; McDonald MK and Cerutti- 
Maori, 2016). For K-distribution and KK-distribution 
sea clutter, optical K-distribution detector (OKD) 
usually has better performance (Jay et al., 2002; Dong, 
2012; Weinberg, 2012). McDonald AM et al. (2010) 
assumed that the clutter obeys the K distribution in 
both time and frequency domains, and then analyzed 
the detection performance of the radar under the 
K-distribution clutter from the perspective of  
frequency-domain detection. The premise of these 
detectors is that the sea clutter and the target are sep-
arable enough in the time or Doppler domain 
(Herselman and de Wind, 2008). For a small boat 
within energetic sea clutter, the premise above is no 
longer satisfied, resulting in a decrease in detection 

performance. 
Another widely used radar small target detection 

method is sea clutter suppression, which can be di-
vided into two major categories (Lv and Zhou, 2019). 
The first category includes the time-domain cancel-
lation method, which operates by using the frequency 
or power spectrum to estimate the relevant parameters 
and reconstructing the sea clutter in the time domain. 
Then there is subtraction from the echo signal to 
achieve clutter suppression, which is represented by 
the root loop cancellation method (Wu et al., 2010; 
Guan et al., 2012; Zhao JR et al., 2019). The second 
category is based on the subspace projection class 
method by obtaining the clutter subspace (Gini et al., 
2002; Liu J et al., 2012). Then it suppresses sea clutter 
through subspace projection, achieving a suppression 
of 15–20 dB. However, the two categories of methods 
above are ineffective when the target and clutter 
cannot be divided in the time or frequency domain. 
Furthermore, in the case of low SNR, the target sub-
space and clutter subspace do not meet the orthogo-
nality condition. 

To solve these difficulties, methods based on 
time-frequency analysis and sparse Fourier transform 
have been proposed in recent years. Yasotharan and 
Thayaparan (2006) analyzed the time-frequency 
characteristics of sea clutter and used time-frequency 
filtering to suppress sea clutter. Wang WP et al. (2019) 
proposed an improved time-frequency filtering 
method based on the time-spectrum energy distribu-
tion. There are also methods for target detection using 
time-frequency (TF) images with machine learning 
methods such as support vector machines (SVMs) (Li 
Y et al., 2017; Li YZ et al., 2019) and artificial neural 
networks (ANNs) (Del-Rey-Maestre et al., 2018; 
Fernández and Vidal, 2018; Zhao JF et al., 2019). 

Gaze observation radar greatly prolongs the time 
of observing the target and improves the performance 
of detecting the small target in the clutter background. 
However, this gaze observation mode will result in a 
lot of time and Doppler information, and the machine 
learning methods above cannot meet real-time pro-
cessing requirements. Sparse Fourier transform (SFT) 
techniques are widely used in radar detection to re-
duce calculation costs (Hassanieh et al., 2012; Gilbert 
et al., 2014; Wang SG et al., 2016; Pang et al., 2018). 
Yu et al. (2019) proposed adaptive moving target 
indication with adaptive dual-threshold sparse Fourier 
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transform (AMTI-ADT-SFT) for radar small boat 
detection. The sparsity of the SFT-based method still 
relies on manual design, and is not easy to obtain. The 
number of false alarms needs to be further reduced for 
practical applications. 

With the development of deep learning (Khan et 
al., 2019), many works for radar target detection via 
convolutional neural networks (CNNs) have sprung 
up (Wang C et al., 2017; Angelov et al., 2018; Kong  
et al., 2018; Guo et al., 2019; Zhang RY and Cao, 
2019). Wang L et al. (2019) proposed a CNN-based 
coincidence detection process with simulated radar 
data, and obtained better performance than traditional 
constant false alarm rate (CFAR) detectors. In addi-
tion, CNNs can be used for high-dimensional sea 
clutter feature extraction (Liu NB et al., 2019), sea 
clutter reflectivity estimation (Ma et al., 2020), and 
spectrum sensing (Liu C et al., 2019). Furthermore, 
Adolfsson and Rahm (2018) used ResNet to detect 
long-distance boats with airborne radar data. Zhang L 
et al. (2018) used faster R-CNN for boat detection 
with time-frequency images collected by high- 
frequency surface wave radar (HFSWR). Su et al. 
(2019) used GoogLeNet to classify sea states and 
polarization states with IPIX time-frequency images. 

There have been many radar target detection 
methods based on CNNs as mentioned above. How-
ever, for data recorded under very complex sea con-
ditions such as Council for Scientific and Industrial 
Research (CSIR) radar data (Herselman et al., 2008), 
CNNs need to overcome some difficulties to find the 
target. First, the sea clutter and the target sometimes 
are not separable in the time or Doppler domain, and 
the detection performance of conventional detection 
methods will decrease. Second, there are not enough 
labeled data since the boat appears only in several 
range bins, although sea clutter images may be suffi-
cient. Also, the network should be interpretable to 
understand the physical meaning of the features 
learned by the network model. The conventional 
one-hot coding method for labeling is not accurate 
enough in this scenario, because the boat usually 
appears with the waves. Finally, we must verify 
whether the detection speed of the model meets the 
requirements, which is beneficial to the practical 
application of the algorithm. 

Zhou et al. (2016) showed that replacing fully 
connected layers with an average pooling layer can 

help generate coarse class activation maps (CAMs) 
that highlight task-relevant regions. The basic idea of 
the CAM method is to remove the global average 
pooling (GAP) layer and treat the model as a fully 
convolutional architecture (Long et al., 2015). CAM 
can be used for classifying artistic media (Yang and 
Min, 2019), CT images (Lei et al., 2020), person re- 
identification (Liu S et al., 2020), saliency prediction 
of human visual attention (Mahdi and Qin, 2019), etc. 

Based on research on CAMs, time-frequency 
analysis, radar CFAR detection, and sea clutter sup-
pression methods, we propose a dual-activation CNN 
based clutter suppression (DA-CCS) algorithm for 
radar small boat detection on the sea surface. To the 
best of our knowledge, it is the first time that sea 
clutter has been suppressed by CNNs. Dual activation 
holds two steps in total. First, we multiply the acti-
vated weights of the last dense layer with the acti-
vated feature maps from the upsample layer. Through 
this, we can obtain CAMs, which correspond to the 
positive region of sea clutter. Second, we obtain the 
suppression coefficients by mapping the CAM in-
versely to the sea clutter spectrum. Then, we obtain 
the activated range-Doppler maps by multiplying the 
coefficients with the raw range-Doppler maps.  In 
addition, we propose a sampling-based data aug-
mentation method and an effective multiclass coding 
method to improve the prediction accuracy. 

 
 

2  Theories 

2.1  Data preprocessing 

2.1.1  Time-frequency analysis 

Let DP×R be the complex matrix of radar raw 
echoes, where P and R are the total numbers of pulses 
and range bins, respectively. Take the columns 
DrP×1 (1≤r≤R) from matrix D. Dr represents the 
radar echoes from the rth range bin. Let Fprf be the 
pulse repetition frequency, and time for Dr is 1

prfF P   

seconds. 
The result of short-time Fourier transform 

(STFT) for radar echoes can be represented as  
 

2 π1 j
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[ , ] = [ + ] [ 1 ] ,e
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where Xr[k, n] represents the result of STFT for the rth 
range bin with Doppler k and time n, wN×1 is the 
window function, 1≤k≤N−1, 0≤n≤P−N−1, N is the 
length of the window, Xr[k, n], and Xr[:, n]N×1. 

To reduce calculation costs, we set an interval nl 
between Xr[k, n] and Xr[k, n+1]. Then the new result 
of STFT can be represented as 

 
2 π1 j
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(· is the downward integer function). In this way, 
the calculation costs have been reduced by (nl−1)/nl. 
We take K values near the zero frequency as 

´Î
K P

rM  from .rX  Normalize Mr as follows:  
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where function max(·) will choose the largest value of 
the matrix and .K P

r
´ÎM
   The resolution of the 

Doppler frequency can be represented as  
 

prf= .
F

f
N

D                            (4) 

 
Make pseudo color transformation Ti[·] (i=1, 2, 3) 

with matrix .rM  Then we can obtain the time- 

frequency image IrH×W×3 for the rth range bin, 
where 0≤Ir[h, w, i]≤255. The Doppler frequency 
ranges from –KΔf/2 to KΔf/2. Matrix Ir can be rep-
resented as 

 
= [ ].r i rTI M                           (5) 

 

2.1.2  Data augmentation 

Dada augmentation is an effective approach for 
dealing with limited training data (Cui et al., 2015). 
The method can be represented as the mapping  

 
: ,f                                (6) 

where S is the original dataset and  is the newly 
added dataset transformed by the mapping ϕ(·). Then 
the total training set can be expressed as 

 
 = .È                               (7) 

 
Note that the image I from the original training 

set and the mapped images ϕ(I) belong to the same 
class. 

We make left-right and up-down transforms for 
image I(x, y, c), which contains W and H pixels in the 
x- and y-coordinate, respectively. The left-right and 
up-down transforms can be expressed as 

 
LR ( , , ) = ( , , ),I x y c I W x y c                 (8) 

UD ( , , ) = ( , , ).I x y c I x H y c                 (9) 
 

Usually, we can obtain only one time-frequency 
image from radar echo data over a period of time. 
Then the other time-frequency image is obtained from 
the next section of the data. The length of data should 
not be too short; otherwise, it will be difficult to ex-
tract effective time-frequency characteristics. In-
spired by the average periodic graph method for 
power spectrum estimation, we partially overlap the 
two sections of data to obtain more time-frequency 
images. We can obtain more images by sampling with 
Xr without decreasing the time and frequency resolu-
tions. Compared with the translation-based method, 
the sampling-based method has more distribution 
information. Although the images have redundancy, 
the method is still very effective for training a deep 
network. In theory, the total number of images gen-
erated by this method is S times that of the original 
image datasets:  

 
1 , 0 < < 1,

1
S x

x

ê ú
ê ú= ê úë û

                 (10) 

 
where ξ is the overlap rate between the two over-
lapped TF images. 

2.1.3  Labeling with multiple labels 

Most of the algorithms for classification are 
calculated with the metrics in the vector space, to 
make the points not equidistant (Jafarzadehpour et al., 
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2019). One-hot encoding makes the distance calcula-
tion between features more reasonable, so it has been 
widely used in deep learning. 

In the situation of radar small boat detection with 
energetic sea clutter, a boat usually appears simulta-
neously with sea clutter in time-frequency images. 
Therefore, one-hot coding is not accurate. It uses “01” 
to represent “sea clutter” and “10” to represent “sea 
clutter+boat.” It is also not accurate to use three labels 
“0,” “1,” “2.” 

 
{ }: [10], [01], [11] .f                 (11) 

 
We propose a new encoding method with mul-

tiple labels as shown above. “01” means that there is 
only sea clutter, “11” represents that there are sea 
clutter and a boat at the same time, and “10” means 
that there is only a boat. 

2.2  DA-CCS algorithm for boat detection 

In this study, we propose a dual-activation CNN 
based sea clutter suppression (DA-CCS) algorithm 
for small boat detection on the sea surface. The pro-
cedure of the algorithm is shown in Fig. 1. “TF im-
ages” represent the input images, and “CAM for boat” 
represents the class activation map. The VGG model 
has five blocks, which own several convolutional 
layers and maxpooling layers. The weights of “VGG 
16” trained by the ImageNet dataset are fixed. Feature 
maps from the fourth block are selected as the training 
and testing datasets. We add several layers as the 
“Add_Model,” which is trainable. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.2.1  CNN forward-propagation 

We add Conv2D, UpSampling2D, GlobalAver-
agePooling2D, and a Dense layer for the classifica-
tion task. To obtain the localization of the target, we 
add a Conv2D layer for the last convolution block 
with an output Fvggnc×nc×kc, where (nc, nc) is the size 
of the feature map and kc is the kernel depth. The 
output of the convolutional layer sized (sc, sc, kc) from 
“Add_Model” can be represented as 

 

( ) vgg ( )
, , , ,+ , + ,

=0 =0 =1
= ,

c c cs s k
c c

i j c p q ci p j q c
p q c

F F k¢
¢

æ ö÷ç ÷ç ÷ç ÷çè ø
åå å          (12) 

 
where k(c) 

p,q,c represents the convolutional kernel. Then 
we use the bilinear interpolation with kernel size  
(ku, ku) at the upsample layer, and the results can be 
represented as 
 

u

u u u

(u2) (u1) (u1)
+ , + , u u , , u , + ,

(u1) (u1)
u + , , + , + ,

= ( )( ) + ( )
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where 0≤p, q≤ku−1, 0≤i, j≤kunc−1, and 

u u

(u1) ( )
, , , , ,c

k i k j c i j cF F=  0≤c≤kc. 

The global average pooling layer transforms the 
feature map of each kernel into one value, and the 
result is 

 
u u

( ) (u2)
, ,

1 1

1= , 1,2, , ,
c cn k n k

g
k i j k c

i j

F F k k
Z = =
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Fig. 1  Flowchart of radar small target detection based on the dual-activation CNN based sea clutter suppression algo-
rithm (TF: time-frequency; CAM: class activation map) 
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where 
uu

=1 =1

= 1
cc n kn k

i j

Z åå , 0≤i, j≤kunc, F(g)1×1×kc, and 

(kunc, kunc) is the size of the input TF image. 
Let wkd×2 be the parameters of the dense layer. 

wc 
i  represents the importance of the ith feature map 

Fg(i), for the network’s final prediction score yc_. The 
“sigmoid” nonlinear activation function can be ex-
pressed as 

 
d

1

_
1

= 1+ exp ( ) ,



k

c
c i g

i

y w F i
=

æ öæ ö÷÷ç ç ÷÷ç ç ÷÷ç ç ÷÷ç ÷ç è øè ø
å            (15) 

 
where yc_[0, 1]. 

2.2.2  CNN back-propagation 

We use the cross entropy loss as the objective 
function. The loss can be represented as 

 

_ _
=1

( , ) = lg( ),
C

c c
c

J y y y yå              (16) 

 
where C represents the total number of classes, yc 
means the expected output, and yc_ indicates the pre-
dicted output of the “Softmax” layer. 

According to Eqs. (14) and (15) and the chain 
rule for derivative 
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the iterative solution process of the dense layer’s 
parameter w is 

 
_

step 1 step

( , )
( ) = ( ) .c c

i i c
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w
h+

¶

¶
           (18) 

 

2.2.3  Activating CNN features 

Through resizing the input image and the results 
of Eq. (13), Fu2 will have the same size as the input 
image. Define the class activation map CrW×H for 
image Ir as follows:  

 

d 1
1

u2
=0

= ( , , ), 1 ,1 ,


   
k

r k
k

w i j k i W j HåC F    (19) 

 
where H=W=ncku and kd=512. 

We can obtain the hot-map by visualizing Cr. 
The map shows the important region for predicting 
the image into “sea clutter” since label “01” repre-
sents “sea clutter.” 

2.2.4  Activating the Doppler spectrum 

Activating the Doppler spectrum of sea clutter is 
the most significant innovation of the DA-CCS algo-
rithm. Let OK×R×L represent the range-Doppler 

maps of matrix DP×R. There are L range-Doppler 

maps in total, where L=P/N. Let 
 

[ , ] = [ , ],l rO k r M k l                     (20) 
 

where 0≤k≤K−1, 0≤r≤R−1, and = / .l ll N nê úë û
   

We resize Cr to size (K, P ) by bilinear interpo-
lation mentioned in Eq. (13), where = / .lP P nê úë û

  

Normalize Cr into ,rC  where 0≤ [ , ]rC k p ≤1. For 
CAM, the reverse map is again a negation of the ref-
erence attention map, and the maximum point will not 
be changed by the element-wise multiplication. Then 
we can obtain the activated time-frequency spectrum 

ˆ :K P
r

´ÎM
  

 
ˆ [ , ] = [ , , + ,] [ ]r r r rM k p C k p M k p α           (21) 

 

where [ , ] 0,rM k p  0≤p≤ P −1, and αr is the con-
version vector caused by normalization in Eq. (3): 
 

= 10lg max( ).r r rα *M M                  (22) 
 
According to Eqs. (20) and (21), the activated 

range-Doppler map can be represented as 
 

ˆ ˆ[ , ] = [ , ],l rO k r M k l                     (23) 
 

where 0≤k≤K−1, 0≤r≤R−1, = / ,l ll N nê úë û
  and 

ˆ K R L´ ´ÎO   represents range-Doppler maps after sea 
clutter suppression. 
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2.2.5  Detection based on CFAR 

The procedure for traditional radar target detec-
tion is shown as Fig. 2. 

As shown in Fig. 3, our method’s procedure is 
similar to that of traditional methods. However, the 
clutter distribution in the range-Doppler spectrum 
after clutter suppression is unknown, making it dif-
ficult to control the false alarm rate with unknown 
clutter. We use the kernel density estimation method 
to solve this problem. For one-dimensional data, the 
estimated PDF can be represented as 

 

=1

1ˆ ( ) = ,N
i

i B

x x
f x K
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æ ö÷ç ÷ç ÷÷çè øå                 (24) 

 
where 

2 /2( ) = e 2π xK x  and B represents the 
bandwidth. Integrating the estimated PDF, the ex-
pression of the distribution function ˆ ( )F x  can be 
obtained:  
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(25) 
 
Assuming the false alarm rate equal to Pfa, the 

threshold T can be obtained as 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

1
fa

ˆ= (1 ). T F P                      (26) 
 
 

3  Experiments and analysis of results 

3.1  Data preprocessing 

3.1.1  Datasets 

Datasets used in this study are open access data 
recorded by radar located in South Africa. The 
transmitting frequency of the radar is 6.9 or 9 GHz. 
The pulse repetition frequency is 2.5 or 5 kHz. The 
range resolution of the radar is 15 m. The small boat 
sized 3–5 m is located via a global positioning system 
(GPS). 

Several typical scenarios are chosen to verify the 
effectiveness of the proposed detection algorithm 
(Table 1). All of the data for training have the same Tx 
frequency and pulse repetition rate. The distance 
between the boat and the radar is between 3200 and 
3800 m. Dataset TFC17002 is used for verifying the 
detection performance of the algorithm, which has the 
same Tx frequency and pulse repetition frequency as 
the training data. The other testing datasets are used to 
verify the algorithm’s robustness for the Tx frequency, 
pulse repetition frequency, and the distance between 
the boat and the radar. 

The signal-to-clutter ratio (SCR) of the data is 
calculated as follows: 

 

*
0

*

1

d
SCR = 10lg ,1 d

2

rp rp

rp rp n
n

D D s

D D s
r

æ ö÷ç ÷ç ÷ç ÷ç ÷ç ÷ç ÷÷ç ÷ç ÷ç ÷çè ø

å
åå

       (27) 

 

where DP×R is the complex matrix of radar raw 
echoes, and P and R are the total numbers of pulses 
and range bins, respectively. ∑(·)ds is the integral 
along the curve of the boat’s trace located by the GPS.  
 
 
 
 
 
 
 
 
 

Fig. 3  Flowchart of radar small target detection based 
on the DA-CCS sea clutter suppression algorithm 

Table 1  Typical scenarios of the datasets 

Data Serial number Tx frequency (GHz) Pulse repetition frequency (kHz) Target location (m) Time (s) 

Training data 

TFC15001 
TFC15004 

⁝ 
TFC15022 

9 
9 
9 
9 

5 
5 
5 
5 

3200–3400 
3200–3400 
3200–3800 
3200–3300 

0–53.86 
0–13.47 

⁝ 
40.40–80.80

Testing data 

TFC17002 
TFC15038 
TFC15023 
TFA17014 

9 
9 
9 

6.9 

5 
5 

2.5 
5 

3300–3500 
6900–7100 
3300–3500 
6800–6900 

0–53.86 
0–53.86 
0–53.86 
0–53.86 

 

Fig. 2  Flowchart of radar target detection based on 
traditional methods 
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sn represents the curve obtained by shifting n range 
bins for the trace. The range of n is 
 

0 1 0 0 0 1[ , 1] [ + +1, + + ],   n r r r r r r r r r rÎ È  (28) 
 
where r represents the index of the range bin where 
the boat is at the moment. r0=2 is the number of the 
protected cells, and r1=4 is the number of cells under 
test (CUT). 

According to Eq. (27), the SCRs of Figs. 4a and 
4b are −6.36 and 3.61 dB, respectively. We show the 
range-Doppler maps of the two datasets in Fig. 5. The 
spectra of the target and sea clutter are aliased. Low 
SCR and aliased spectra make it difficult to efficiently 
detect the target for traditional detection methods. 

3.1.2  Time-frequency analysis 

We use the STFT to extract time-frequency in-
formation. It is obtained by making Fourier transform 
for a short-time signal in the neighborhood of t0. 

As an estimate for the spectrum component at 
time t0, STFT accurately reflects the spectrum for the 
current time. In Ritchie et al. (2016), the Doppler 
spectrum analysis was taken over a period of 128 ms. 
Here, we set the length of window N equal to 2048, to  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

obtain a high-resolution sea clutter time-frequency 
map. 

It can be seen from Fig. 6 that the sea clutter and 
the target move in opposite directions, and the Dop-
pler spectrum of the sea clutter is planar, distributed 
mainly at 0–200 Hz. The boat’s time-frequency 
spectrum is roughly a curve around −200 Hz. Within 
10–20 s, the boat appears in the 20th and 21st range 
bins; within 20–30 s, the boat appears in the 21st and 
22nd range bins; within 30–40 s, the boat appears in 
the 22nd and 23rd range bins. 

3.1.3  Data augmentation and labeling 

We make STFT for the training datasets and 
obtain 406 TF images which contain “boat” according 
to Eq. (2) and the GPS information. The number of 
images is not enough for training the deep network. 
We use the data augmentation method proposed in 
Section 2.1.2 to produce more images for training. 

Fig. 7a presents the original image. Figs. 7b and 
7c present images via left-right and up-down flipping 
according to Eqs. (8) and (9), respectively. Fig. 7d is 
the result of the sampling-based data augmentation 
method, according to Eq. (10), where nl=64, P=67 334, 
ξ=0.8. The images obtained by the sampling-based 
method have more distribution information than the 
images obtained by shifting the original image. There 
are notable differences for time-frequency images 
with different ranges of the SCR. It is also an effective 
data augmentation method for deep learning. Figs. 7e 
and 7f present the results of setting the SNR within 
[−40, 0] and [−70, 0] dB, respectively. 

We propose the labeling method in Section 2.1.3 
to add labels for the TF images. “01” indicates that 
there is only sea clutter in the TF image. In Fig. 8b, 
the boat appears in the image, but the sea clutter is 
strong and its spectrum is aliased with the target’s  
 
 
 
 
 
 
 
 
 
 
 

Fig. 4  Range-pulse images for datasets TFC15001 and 
TFC15038: (a) the target is completely covered by sea 
clutter; (b) the trace of the target can be observed 
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Fig. 5  Range-Doppler maps for datasets TFC15001 (a) and TFC15038 (b) 
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spectrum. In Fig. 8c, the sea clutter is not strong 
enough. Then we label the image as “10.” This rarely 
happens, though. 

3.2  Training and testing procedures 

We design a two-stage architecture for training 
and testing. First, we load the parameters of the VGG 
16 network as shown in Fig. 1. The TF images with  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 8  Results of labeling: (a) label “01;” (b) label “11;” 
(c) label “10” 

Fig. 7  Time-frequency images via data augmentation: (a) original image; (b) image via left-right flipping; (c) image via 
up-down flipping; (d) result of the sampling-based data augmentation method; (e) result of setting the SNR within 
[−40, 0] dB; (f) result of setting the SNR within [−70, 0] dB 

Fig. 6  Time-frequency images for the 20th (a), 21st (b), 22nd (c), and 23rd (d) range bins from dataset TFC15001
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size (800, 800, 3) are resized to (224, 224, 3). The 
output of the fourth block sized (28, 28, 512) is the 
input of the next stage network (Fig. 9). 

 
 
 
 
 
 
 
 
 

 
Fig. 9 shows the former four blocks of VGG 16, 

which is the first part of the whole network shown in 
Fig. 1. Both the first and second blocks have two 
convolutional layers and one maxpooling layer. The 
third and fourth blocks have three convolutional lay-
ers and the former has one more maxpooling layer 
than the latter. 

Then, we train and test the datasets with 
“Add_Model” as shown in Fig. 1. We use a Ubuntu 
16.04 computer with a four-core 4.2 GHz CPU and a 
GTX 1080Ti GPU. The stochastic gradient descent 
algorithm is applied to update the weights. The itera-
tive solution process of the dense layer’s parameter w 
can be found in Section 2.2.2. The batch size is 128, 
and the learning rate is 2×10−5. There are 3752 
training images in total, so one epoch represents  
29 batches. 

After 500 training batches, the training loss 
curve is shown in Fig. 10a. For every epoch, we save 
the model and obtain the testing accuracy via the 
testing datasets. The training and testing accuracies 
are shown together. The testing accuracy is 99.08% at 
the last epoch. 

Table 2 shows the testing results of “LeNet,” 
“AlexNet,” and “VGG 16,” where Pd=Ndetect/Ntotal_boat 
and Pf=Nfalse_alarm/Ntotal_boat. “bc64” means that the 
batch size is 64. The experimental results show that a 
larger batch size is useful for this classification task. 
Limited by the GPU’s memory, we set the batch size 
to 128. “_Aug” means the data augmentation method, 
which can improve classification performance by 
7.5%. Besides, the proposed multi-label method can 
improve performance by 1.3%. VGG 16 spends about 
12.5 s to classify the TF images from dataset 
TFC17002. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

3.3  Activation spectrum via DA-CCS 

To search for the physical meaning of the 
learning system, we visualize the parameters and 
feature maps of the CNN. Then we can know what the 
network has learned. The results of activating CNN 
feature maps are shown in Fig. 11b. 

Because of the normalization according to  
Eq. (3), the maximum value of matrix rM  is 0 dB 

(Fig. 11). rM  comes from dataset TFC17002 (range 
bin 32, 40.4–53.9 s). The shapes of the time- 
frequency spectrum of the sea clutter and the boat 
usually differ in time-frequency images. The red re-
gion represents the sea clutter, and the red curve 
represents the boat (Fig. 11a). 

We make element-wise multiplication between 
the time-frequency image and the CAM according to 
Eq. (21). Then we obtain the sea clutter suppression 
result (Fig. 12a). Sea clutter has been suppressed 

Table 2  Testing results of several models 

Model Pd Pf  Time (s)
LeNet 0.819 0.188 6.529 
AlexNet_bc64 0.831 0.100 8.917 
AlexNet_bc128 0.863 0.100 8.767 
VGG_bc128 0.903 0.088 12.718
VGG_bc128_Aug 0.978 0.048 12.325
VGG_bc128_Aug_mulabel 0.991 0.006 12.337
 

Fig. 9  The former four blocks of VGG 16 
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Fig. 10  Training loss (a) and training and testing ac-
curacies at each epoch (b) 
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efficiently although it is quite a lot stronger than the 
boat as shown in Fig. 11a. According to Eq. (23), we 
obtain the range-Doppler map after sea clutter sup-
pression (Fig. 12b). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.4  Analysis of detection results 

In this subsection, we compare the suppression 
and detection performance of the proposed algorithm 
with that of several latest proposed methods. First, we 
plot one column of the CAM and the suppressed TF 
images. Second, detect the target with the whole da-
taset of TFC17002. Finally, we verify the algorithm’s 
robustness for the Tx frequency and pulse repetition 
frequency with other datasets. 

The results of fast Fourier transform (FFT) and 
ADT-SFT are shown in Figs. 13a and 13b, respec-
tively. The Doppler frequency component with low 
amplitude has been suppressed by ADT-SFT. We add 
a Hanning window for the pulses. The results are 
shown in Fig. 14a. One column of the CAM is plotted 
in Fig. 14b. 

We use the density estimation method mentioned 
in Section 2.2.5 for PDF and cumulative distribution 
function (CDF) estimation. The estimation results are 
accurate (Figs. 15a and 15b). The false alarm rate is 

1×10−4. The influence of the false alarm rate will be 
discussed later. 

Yu et al. (2019) proposed adaptive moving target 
indication with adaptive dual-threshold sparse Fourier 
transform (A-ADT-SFT) for radar small boat detec-
tion. Scalar CFAR detection was employed to sup-
press the influence of strong clutter points. Then a 
subspace detector was adopted to complete target 
detection. Compared with ADT-SFT and A-ADT-SFT, 
DA-CCS has better performance. The sea clutter has 
been suppressed efficiently (Fig. 16b). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 11  Time-frequency image (a) and class activation 
map (b) 
References to color refer to the online version of this figure

Fig. 12  Time-frequency image (a) and range-Doppler 
map (b) after sea clutter suppression 

Fig. 13  Results of FFT (a) and ADT-SFT (b)

Fig. 14  Results of adding a Hanning window (a) and one 
column of the class activation map (b) 
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Next, we show the detection results of the 
DA-CCS algorithm for the whole testing dataset 
TFC17002. Fig. 17 shows the results of detection for 
the TFC17002 dataset (1–40 range bins, 0–53.88 s). 
There are 40 range gates in total in Fig. 17a, and the 
length of the pulses is 67 334×4, representing about 
54 s. Sea clutter is energetic, and the boat moves from  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

range bin 20 to range bin 30. Fig. 17b presents the  
time-frequency images produced by the STFT. 

Fig. 18a presents the detection results of CA- 
CFAR. The Doppler frequency of sea clutter is near 
zero, and there are many false alarms caused by 
strong sea clutter. ADT-SFT still has many false 
alarms, as shown in Fig. 18b, although fewer than the 
former’s as shown in Fig. 18a. 

A-ADT-SFT reduces the number of false alarms 
efficiently, as shown in Fig. 19a, while there are still 
some false alarms. We stack all of the detected 
range-Doppler maps together. The proposed DA-CCS 
algorithm has excellent detection performance as 
shown in Fig. 19b, with fewer false alarms. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 16  Detection results of A-ADT-SFT (a) and the 
proposed method (b) 
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Fig. 15  Results of PDF (a) and CDF (b) estimation 
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Fig. 18  Detection results of CA-CFAR (a) and 
ADT-SFT (b) 
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Fig. 19  Detection results of A-ADT-SFT (a) and the 
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To verify the robustness of the proposed algo-
rithm, we test it with several real datasets which rep-
resent three typical scenarios for radar target detection. 
In the training datasets, the distance between the tar-
get and the radar is about 3000 m. In dataset 
TFC15038, the distance is much longer. 

It is shown that the proposed algorithm is robust 
to the distance between the target and the radar, ac-
cording to Fig. 19 and Table 3. 

 
 
 
 
 
 
 
 
 
 
Next, we test the algorithm’s robustness for the 

Tx frequency and pulse repetition frequency. The 
pulse repetition frequency of dataset TFC15023 is  
2.5 kHz. The Tx frequency of dataset TFA17014 is 
6.9 GHz. We effect sea clutter suppression via the 
proposed method and obtain the suppressed range- 
Doppler maps. 

According to the relationship between the de-
tection threshold and the false alarm rate in Eq. (26), 
the detection threshold can be decided by the false 
alarm rate. The receiver operating characteristic 
(ROC) curve for the relationship between Pf and Pd is 
shown in Fig. 20. 

Finally, we record the traces of the detected 
target and the GPS information (Figs. 21 and 22). The 
prediction errors are all within two range bins. These 
experiments verify the robustness of the proposed 
algorithm. We use Numpy to compute the fast Fourier 
transform accelerated by Numba with Python, and the 
compiler is Pycharm. The testing time is shown in 
Table 4. The detection speed is high, having the po-
tential for real-time detection. 

3.5  Simple discussion for application 

In this subsection, we briefly analyze the method 
of field programmable gate array (FPGA) imple-
mentation for the DA-CCS algorithm. Applying the 
algorithm to an actual radar system is our next goal. 

FPGA has been widely used in radar systems  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
because of its small size, reliable performance, and 
parallel computing ability. For example, the Stratix V 
GX FPGA can transfer at a maximum of 12.5 Gb/s, 
allowing ultra-low latency and straight connections to 
four external 10 Gb/s small form-factor pluggable 
(SFP) modules. 

The overall flowchart of a CNN-based hetero-
geneous computing system is shown in Fig. 23. There 
are two methods to connect the CPU with FPGA. One 
method is to use CPU-FPGA hybrid. The other 
method is to connect them through a PCI-e high- 
speed data transmission interface (Fig. 23). 

Both GPU and FPGA are parallel computing 
devices. A CNN’s forward propagation process is a  

Table 3  Numbers of detected targets and false alarms 

Dataset Method Number of de-
tected targets  

Number of 
false alarms

TFC17002 
(closer target) 

ADT-SFT 
A-ADT-SFT 

Proposed 

93 
104 
106 

15 
4 
2 

TFC17002 
(farther target) 

ADT-SFT 
A-ADT-SFT 

Proposed 

47 
83 

103 

61 
25 
5 

 

Fig. 21  Traces of the target: (a) TFC17002; (b) farther 
target 
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Fig. 20  ROC curve for the proposed algorithm 



Li et al. / Front Inform Technol Electron Eng   2020 21(10):1504-1520 1517

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
simple and repeated operation of big data. FPGA’s 
convolutional kernel, pooling kernel, and dense ker-
nel are similar to those of GPU. 

 
 

4  Conclusions 
 

In this paper, we have proposed a dual-activation 
CNN based clutter suppression (DA-CCS) algorithm 
for radar small boat detection on the sea surface. To 
the best of our knowledge, it is the first time that sea 
clutter has been suppressed by CNN-based methods. 
The proposed method has excellent detection per-
formance with high accuracy and few false alarms 
with measurement data. 

Doppler information is one of the most im-
portant features for target detection. Non-automatic 
methods have been used to extract it. If we can use a 
CNN to extract the information directly, the proposed  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

clutter suppression algorithm could achieve better 
detection performance. In the future, we will try to 
research automatic Doppler spectrum extraction 
methods and achieve FPGA implementation in real 
radar systems. 
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