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into two steps. In the first step, all possible suspected small
targets are detected. The side-scan sonar image segmentation
method [5,6] can distinguish the highlight area, shadow area
and background reverberation area of the target and can be
used to mark all suspicious small targets. In the second step,
feature extraction and discrimination are carried out for each
target to determine whether it belongs to the target.
At present, target detection algorithms based on deep
learning have achieved good results in optical images.
However, in the field of sonar target recognition, due to the
high cost of sea trial, the data set size is limited. The model
obtained by direct training of deep neural network with small
sample data sets has outstanding over-fitting problem, and the
generalization ability is often very poor, which is difficult to
be applied in practice. Some of the traditional methods have
achieved better results. Bryner proposed an active contour
tracking method [7] guided by shape prior knowledge to
extract target contour from sonar image and achieve target
segmentation. Raquel proposed a design method [8] for the
optimal features and features in the underwater target
detection system of sonar image based on classification, and
achieved the segmentation of the highlighted and Shadowed
areas of the target through the segmentation of the region of
interest. Cho tried to improve the identification accuracy
through multi-angle mine target simulation and template
matching [9]. However, all the above methods use prior
knowledge or data-driven methods to identify mine-like
targets. By comparing the feature information extracted from
the target with the training data, these methods can achieve
high accuracy when the similarity between the two is very
high.
The general method to obtain sample information is to
conduct sea trials in advance. However, small targets are
relatively rare compared with the vast sea area and the cost of
sea trials is very high. Therefore it is still difficult to obtain
sample information in advance. Due to the interference of
speckle noise and seafloor complexity, there are speckle
similar to the target on the image, which will increase the rate
of false detection for sample information-based detection
only. In order to solve these problems, we proposed a two-

Abstract - Side-scan sonars have seen wide deployment in
underwater imaging, but the substantially lower visual quality of
sonar images leads to a few questions, such as bright spots-like
small target with a few pixels, the difficult distinguish of bright
spot and speckle noise. In order to solve this problem, we propose
a two-stage detection method without obtaining sample
information in advance. In the first stage, we fit across-track
signal to obtain the peak points of the signal profile, which
indicates the position where the target or shadow may be located
at this across-track signal. In the second stage, the disordered
peak points are clustered using a tree-growing clustering method.
A cluster represents the place where the target or shadow may
appear in the side-scan sonars image. The target is then detected
by matching lights and shadows with possible locations.
Experimental results verified that the proposed method is
efficient in small target detection from lower visual quality
images.
Index Terms - small target detection, side-scan sonar image,
profile fitting.

I. INTRODUCTION
The transducer arrays on both sides of the side-scan sonar
system can receive the backscattering of its acoustic pulse
beam and record the intensity of the emitted sound waves in
time series. Continuous two-dimensional images of the
underwater waterfall are obtained through this transmission receive cycle. In view of the rapid development of the ocean,
it is necessary for us to scan the seabed with side-scan sonar
in order to grasp the general information of the seabed scene
and topography in many aspects such as offshore oil drilling,
channel dredging, submarine pipeline detection, seabed
structure detection, marine environment detection, marine
archaeology and detection and location of large-scale seabed
targets [1-3].
Underwater target detection and recognition still relied on
manual interpretation of sonar images, which is inefficient and
difficult to meet the requirements of large area intelligence
and speed of UUV. How to achieve accurate detection of
small targets in water is an urgent problem to be solved [4].
Automatic small targets detection in water is usually divided
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method. The feature of the track direction corresponds to the
second stage of imaging and is described by the number of
peak points in the cluster formed by the clustering of peak
points in the method. After two stages, the overall outline of
the target and shadow is fitted. It is worth noting that the peak
point obtained by inverting and then fitting the across-track
signal is the characteristic information of the shadow in the
direction of across-track. Therefore, the fitting of the shadows
is demonstrated by the fitting of the spots. Our method is
greedy, that is, first of all, the characteristic information of all
suspected bright spots and shadows is fitted on the image, and
then the final screening is carried out by matching through the
imaging principle.

Fig 1. Direct display of left and right side-scan sonar images

A. Across-track signal profile fitting
For the fitting of the one ping across-track signal, the
cubic smoothing spline (which is characterized by a
smoothing parameter or weighting parameter P) stands out
among many others techniques. The cubic smoothing spline
combines the ideas of cubic splines and curvature
minimization to create an effective data modeling tool for
noisy data. M.Al-Rawi verified the accuracy of cubic spline
function fitting sonar signal through sonar image gray
correction and landmark detection [10,11].
Fig 1 shows the side-scan sonar waterfall image with
serious noise pollution in a complex submarine environment,
with the blue arrow representing the track direction and the
red arrows representing the across-track directions on the left
and right sides. Fig 2 shows NO.321 ping across-track signal
and its signal profile (P=0.03). The X axis represents the pixel
index, the Y axis represents the gray value, and the blue mark
represents the position of the peak point. The peak represented
by each peak point has two properties, the prominence, i.e.,
and the width.

Fig 2. No.321 ping right across-track signal and signal profile

Fig .3 The across-track signal profile of No.359 to No.362 ping

stage detection method without sample information, which
fitted both the suspected target bright spot and suspected
shadow. Since there is not matching shadow for speckle, we
eliminated the interference of speckle through this feature.

E=

2 × width
prominence

(1)

Table I
POSITION INDEX OF THE PEAK POINT OF ADJACENT PINGS

II. METHOD

No.
ping
359
360
361
362

According to the imaging principle of SSS, the imaging
of waterfall image is divided into two stages. The first stage is
the scanning acquisition of cross-track signal, and the second
stage is the stacking of across-track signal in the direction of
track. The across-track signal can be regarded as the basic unit
of the SSS data, 1ping. Small targets in water are divided into
bright spot and shadow. The only difference between these
two parts is that because the target is in water, the shadow has
a large deformation with the height of the target in the
direction of across-track, while the shape of the bright spot is
basically constant.
In this paper, the features of bright spots and shadows are
divided into those across track direction and track direction.
The features across-track direction corresponding to the first
stage of imaging and are described by the attributes of the
peak points obtained by fitting the signal profile in the

No.
ping
359
360
361
362

1
18
18
18
20

2
40
41
41
41

3
53
53
53
51

Peak point index
4
5
71
94
70
86
72
89
74
86

6
119
96
102
98

7
133
116
117
111

Table II
E VALUE OF THE PEAK POINT OF ADJACENT PINGS
Peak point index
1
2
3
4
5
6
7
0.34
0.62
2.22
0.65
2.00
1.17
0.13
0.28
0.80
0.45
1.67
0.61
0.61
0.11
0.27
1.13
0.61
0.90
2.06
0.71
0.13
1.18
1.51
0.69
2.59
1.17
4.19
0.24

8
158
141
126
129

8
0.48
0.50
2.67
1.33

According to Equation (1), we got the important attribute
E of the peak. The E describes the importance and similarity
of the peak, and the smaller the value of E, the closer the peak
point is to the target [11]. It is obviously not advisable to
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value in the nearby ping as its own subtree, that is, its
branches will point to another peak points.
Fig 4 shows five situations in which a tree grows. A
represents the peak point being traversed; B or C represents a
nearby peak point; Black arrows represent existing branches;
The red arrows represent branches that are about to stretch;
The solid rectangle represents the peak point of the tree;
Dotted lines represent the peak point at which the tree is about
to be formed. Fig 4(a) shows that when traversing to A, only
one subtree of A points to B, and B does not belong to any
tree, then A and B join the forest as a new tree. Fig 4(b) shows
the same situation as Fig 4(a), except that B is already a leaf
of another tree, so A joins the tree of B. Fig 4(c) shows that
both of the two subtrees of A point to something, where B is
already A leaf of other trees, while C is not in either tree, so A
and C join the tree where B is. Fig 4(d) shows the same
situation as Fig 4(c), except that B and C do not belong to any
tree, so A, B and C join the forest as a new tree. Fig 4(e)
shows the same situation as Fig 4(c) except that both B and C
belong to other trees, then the trees of B and C are cut down in
the forest, and A is used as the root node to link the two trees
and rejoin the forest.
The completion of traversal of all peak points represents
the completion of clustering. The peak point traversal has a
certain priority. In order to add the target peak to the tree
earlier, the peaks with low E priority in one ping are traversed
first. The priority between pings is independent, which is also
the advantage of this algorithm. As long as the pings of the
target are selected for clustering, regardless of the number of
times they are traversed, the tree of the target will grow and its
growth will not be affected by the choice of other pings.
The cluster of peak points becomes the two-dimensional
information of the suspected target contour. The length of the
track direction is considered to be the number of peak points,
and the width is considered to be the width value of these
peak points. Fig 5 shows the imaging principle of the spots
and shadows of the underwater target in the side-scan sonar.
Since the acquisition sequence of sonar data is
determined by the return time sequence or the propagation
distance of acoustic wave, the travel distance of acoustic wave
is oblique distance, which leads to the arrangement sequence
of sonar data representing the oblique distance between sonar
and the seabed [12]. In Fig 5, OB, OC and BC represent the
left and right endpoints and length of the shadow,
respectively. OA, OC and AE mean the same with spots of
target. OH represents the number of pixels occupied by the
water column area, which is recorded in the original side-scan
sonar data. In our data, this value is 155.

C

(b)

(c)

B

B
A

A

C
(d)

C
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Fig 4. Five situation of tree growing

Fig 5. Imaging principle of side scan sonar

judge whether a peak point is a target only by the value of E
obtained from a single ping profile. For example, the ping in
Fig 2 fits 33 peak points, and serious failure detection will
occur just by taking the threshold value of E.
Fig. 3 shows the signal profile from adjacent No.359 ping
to No.362 ping, and the peaks marked in red are being the
locations of small targets in water in the ping.
Table I and Table II show the sample index X and E
values of the first 5 peak points of each ping, where the
marked part is the location of the target. It can be concluded
that the position of the target in the adjacent ping fitting signal
and the E value are related. The cubic spline function can
accurately fit the across-track signal to get the peak point of
the signal profile, so as to get the characteristics in the acrosstrack direction. By combining these peak points in the
direction of the track with an effective strategy, the twodimensional profile information of the suspected target can be
obtained.
B. Tree growth-based Clustering
A basic principle of peak point clustering is that it can
only form a cluster with the adjacent peak points in the
direction of the track, so a binary tree model is adopted to
model the peak points.
The basic process of the clustering algorithm is to
traversal each peak point. When traversing to a peak point, the
peak point will select the nearest peak point with similar E

X shadow + 0.5*BC − X spots − 0.5*AE
X shadow + 0.5*BC

=

X shadow − 0.5*BC − X spots − 0.5*AE
X shadow − 0.5*BC

+

where X shadow represents the midpoint of BC, and

X spots
OH

(2)

X spots

represents the midpoint of AE.
The mean value of the peak point in the track direction
and across the track direction is the central coordinate of the
suspected target. When we match the suspected target to the
suspected shadow, the strategy is to matched the bright spot to
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for showing grayscale images is to make the annotations
clearer. Fig 7 shows the peak point of the signal contour
obtained after fitting of No.140 to No.370 ping which is
marked with blue pixels.
Fig 8 shows the results of the peak points after tree
growth type clustering. Fig 9 shows that the image
information is shielded so that the clustering of peak points
can be observed more conveniently. The disordered peak
points are clustered into clusters, the adjacent clusters are
distinguished by different colors, and the marked spots or
speckles are covered by the same cluster peak points, which
indicates the effectiveness of this clustering method.

Fig 6. Single side scan sonar pseudo-color image with water column area

Fig 8. The peak points distribution of each cluster

Fig 7. The distribution of peak points of No.140 to No.370 ping

each shadow. The reason is that, compared with the bright
spot, the shape of the shadow has a large change, in the
artificial interpretation of the target, often through whether
there is a large deformation of the shadow to determine the
target. The specific method is to consider X shadow , X spots
and AE as known quantities when matching a pair of bright
spots to the shadow, and to obtain the value of BC under ideal
conditions through Equation (2). Finally, whether the match is
successful is determined according to the area where the
suspected shadow overlaps with the ideal condition.
III. RESULTS
Fig 6 shows a single side sonar image from a truly
complex seafloor, with target bright spot in blue box, target
shadows in red box, and speckles in green box. It can be seen
that the target bright spot is very similar to speckle, which is
difficult to identify when there is no prior information or
shadow information. It is our expectation that both speckle
and bright spot are regarded as suspected target points.
Fig 7 and Fig 8 respectively show the grayscale images
after removing the water column area from Fig 6 The reason

Fig 9. The peak points distribution of each cluster without image information

Fig 6, 7 and 8 show the process of a suspected target
screening. Fig 10 shows the number of units that need to be
processed in each stage of four groups of images containing
230, 130, 60, and 40 ping The unit of measurement after
signal fitting is the number of peak points, and the unit of
measurement after clustering of peak points is the number of
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samples to train the CenterNet network [13]. Backbone
choose as Resnet101 network, learning rate set as 1.25e-4,
iteration of 140 epochs. The network does not miss detection

9000
8000
7000
6000
5000
4000
3000
2000
1000
0

230ping

130ping
number of peak points

60ping

40ping

number of clusters

Fig 10. The comparison of the number of processed data before and after
clustering

Fig 12. The corresponding binary image of Fig 11

Fig 11. Contrast of the target as the detection result and the speckle as the
interference

clusters. The decrease of suspected targets represents the
screening process, and there is a mutation after clustering at
the peak point.
Fig 11 shows detection results. The target and shadow are
the area surrounded by the blue and red boxes. In the area
surrounded by the red box, we used a simple threshold
judgment method to get the proportion of the shadow to the
whole area is 0.39. This is an example of eliminating the
interference of speckle similar to the bright spot of the target
on the detection result. The area in the purple box is the
speckle, and the three areas surrounded by the green box are
the shadow areas that this speckle matches to in the ideal state.
However, the proportion of the shadow to the whole area is
only 0.125, 0.016 and 0.07 in these three areas. Therefore, the
purple region was not detected as the target, and the
interference of speckle was eliminated. Fig 12 shows the
binary image of Fig 11, where the white area is the pixel that
is considered to be the target or shadow by a simple threshold
value to judge. It should be noted that this binary image is
only for the purpose of seeing details, and does not mean that
it is the result of segmentation.

Fig 13. An example of a false detection for the CenterNet network

To prove that our method can reduce false detection, we
conducted a group of controlled trials. We used 1000 sidescan sonar images as training samples, which only contained 4
real targets, and 100 side-scan sonar images as verification

Fig 14 The enlarged view of the surrounding box of the network and the
distribution of our peak clusters
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of the targets calibrated by the training set, but it will produce
a large number of false detection cases that violate the
imaging principle. Fig 13 shows the false detection. Fig 14
shows the enlarged area of the red bounding box in Fig 13.
For the convenience of demonstration, we selected NO.354 to
NO.366 ping for detection. It can be seen that at the location
of the network false detection, the network detected part of the
speckle as the highlight of the target, while the peak points
detected by our method were accurately scattered in the center
parts of the two specks. The artifact on the left side of the
speckle was mistaken for the corresponding shadow by the
network, but we did not detect the corresponding shadow part
on the right side of the speckle through the fitting of the
shadow, so this speckle was excluded. Our detection method
has a maximum matching confidence of only 0.0286 on
NO.354 to NO.366 ping, which is not enough to consider the
shadow a target.

[5]

IV. CONCLUSION

[11]

This paper presents a small target detection method based
on target contour fitting. In the first stage of the method, the
peak point of the signal contour, i.e. the feature of the target in
the direction of the across-track, is accurately obtained by
fitting across-track signals. In the second stage, a tree growing
clustering method is used to cluster the similar peak points in
the track direction to obtain the characteristics of the target in
the track direction. The experimental results verified that this
method can eliminate the interference of speckle and detect
small target accurately from sonar images of lower visual
quality without obtaining the sample information in advance.
In future work, using a better method to extract the target or
shadow information in the detection box will increase the
proportion of effective pixels and make the distinction
between target and speckle more robust.

[12]

[6]

[7]
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