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Abstract: Horizon picking from sub-bottom profiler (SBP) images has great significance in marine
shallow strata studies. However, the mainstream automatic picking methods cannot handle multiples
well, and there is a need to set a group of parameters manually. Considering the constant increase
in the amount of SBP data and the high efficiency of deep learning (DL), we proposed a physicals-
combined DL method to pick the horizons from SBP images. We adopted the DeeplabV3+ net to
extract the horizons and multiples from SBP images. We generated a training dataset from the
Jiaozhou Bay survey (Shandong, China) and the Zhujiang estuary survey (Guangzhou, China) to
increase the applicability of the trained model. After the DL processing, we proposed a simulated
Radon transform method to eliminate the surface-related multiples from the prediction by combining
the designed pseudo-Radon transform and correlation analysis. We verified the proposed method
using actual data (not involved in the training dataset) from Jiaozhou Bay and Zhujiang estuary. The
positions of picked horizons are accurate, and multiples are suppressed.

Keywords: sub-bottom profiler; horizon picking; deep learning; multiple suppression

1. Introduction

Obtaining sub-bottom structures using acoustic equipment is one of the main com-
ponents of marine shallow strata study [1]. It plays a significant role in marine mineral
discovery, marine oil/gas exploration [2,3] and marine infrastructure construction [4],
and so on. As a prevalent acoustic means of obtaining sub-bottom structure, the sub-
bottom profiler (SBP) provides fundamental information for sub-bottom exploration and
mining operations.

SBP is a type of sonar system that is designed to produce 2-dimensional stratigraphic
cross-sectional images called SBP images [5]. Generally, the transducer of an SBP system
converts the control signals to acoustic pulses (100 Hz–10 kHz) and emits the pulses
towards the seafloor. After the pulse encounters the sediment, acoustic energy reflected
from the horizons is received by the transducer and recorded as a time series called “ping”.
Finally, the ping is converted to a series of gray values, and all the adjacent pings compose
an SBP image. Therefore, SBP has the advantage of displaying different horizons and
collecting information about acoustic sound propagation at low frequencies. The extracted
horizons on SBP images allow the interpreter to identify and correlate lithologic interfaces
and sequence stratigraphic boundaries [6–8]. Horizon picking is thus a key step directly
affecting the accuracy of sediment classification and geological structure determination.

Many researchers have made their efforts in the field of horizon picking. From
Bondár et al. [9] to Maroni et al. [10], traditional image processing methods were employed
in horizon picking, like the edge detection method and multi-resolution analysis method.
These methods provide a set of means to obtain horizons automatically and significantly
reduce the manual workload. However, these methods all need to set intensity-related
threshold parameters manually. Because the acoustic wave attenuates with the propagating
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distance increasing, lateral variations of overlying layer thickness produce gradual lateral
changes in the intensities of reflections below this layer. The methods mentioned above may
suffer challenges when the reflectors’ intensities change since a single intensity threshold
cannot extract the horizons of a whole surveying line. In addition, faced with a complex
distribution of geological structure, continuous horizons are always difficult to obtain
when employing these methods [11].

To reduce the influence of changing intensities on reflections, multi-scale rotated
Haar-like feature filtering was used by Fakiris et al. [12]. Thus, it is helpful in picking
reflections with low intensities. Dossi et al. [13] and Forte et al. [14] applied an attribute-
based auto-picking algorithm, which uses the cosine phase to enhance seismic reflections
and obtain continuous horizons. Zhao et al. [15] introduced the concept of cosine phase
and local phase into SBP horizon picking. Phase information is helpful for continuous
horizon extraction since the phase can ignore the change in intensity of reflections and
highlight all the reflections. Li et al. [16] modified the traditional Frangi filtering method
and took the line-like and no-vertical structures of reflectors into consideration. Since line-
like characteristics are independent of intensities, to some degree, continuous horizons can
be obtained using this method. Although these methods can deal with intensity changes
and obtain continuous horizons, a set of parameters should be set appropriately, such as the
intensity threshold parameters and scale parameters. The performance of these methods
depends on properly setting the parameters. In addition, these methods may fail when
multiples exist. The essence of multiples is that the multiple reflections of the real horizon
are superimposed on the wrong position of SBP images [17–19]. Most characteristics of
multiples and horizons are the same [20,21]. Thus, multiples are usually removed before
extracting the horizons. Predictive deconvolution is the most prevalent method of multiple
suppression for SBP images [22]. The effects of this method, however, depend on its
predictive step. An inappropriate step will lead to incomplete multiples elimination, which
will directly bring errors to the next extraction for the horizons.

Considering the constant increase in the amount of SBP data and the shortcomings of
the existed automatic picking methods, we propose a deep-learning (DL) based methodol-
ogy to support interpreters in the horizon picking from SBP images. DL-based methods
have been prevalently adopted to solve similar problems in other domains, such as image
classification [23–25]. As a popular method of DL, a convolutional neural network (CNN)
can learn abstract features from images and deal with various complex scenes [26,27]. Due
to this ability, CNN has been successfully applied to recognize the targets from a complex
image [27–29]. Therefore, we propose to utilize a kind of CNN, the DeeplabV3+ net [30], to
realize horizon picking from an SBP image.

Because the morphological characteristics of horizons and multiples are similar in the
CNN, it is difficult to distinguish the two. To solve this problem, we propose a multiple
suppression method to eliminate the surface-related multiples from the CNN prediction.
The multiple suppression method refers to the Radon transform in the multi-channel
seismic investigation. Since the SBP survey belongs to one-channel investigations, we used
a combination of the proposed pseudo-Radon transform and correlation analysis to achieve
the same effect of the Radon transform. After horizons and multiples are distinguished, to
avoid detail information loss, we conduct high-pass filtering at the multiples region and
superimpose the filtered image and the image that only contains horizons.

The feasibility and efficiency of the proposed method are verified by two field surveys,
Jiaozhou Bay survey (Shandong, China) and Zhujiang estuary survey (Guangzhou, China).
We generated the training dataset from two regions to increase the applicability of the
trained model. To evaluate the ability to suppress multiples, we compared the identified
horizons and the effect on acoustic signals by the DL-based method and predictive decon-
volution. The comparison indicates that our proposed method not only traces horizons
accurately but also retains the details.

The structure of this paper is organized as follows. In the Methodology section, we
describe the methodology, including SBP data preprocessing, training dataset generation,
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network architecture, training process, and multiple suppression. Next, we apply the
method to datasets obtained from Jiaozhou Bay survey and Zhujiang estuary survey (see
experiments and results). In the Discussion and Conclusions section, we discuss and
summarize the results.

2. Materials and Methods

Different from existing methods, we extract the horizons and multiples first and then
eliminate the multiples from the extractive. The workflow of the proposed horizon picking
method is shown in Figure 1. The method is summarized by three major steps:

1. Data preprocessing: convert SEG-Y data to SBP images;
2. DL prediction: picking horizons (a crude result) from SBP images using the DL

method;
3. Multiple filtering: eliminate multiples from the picked horizons to obtain final hori-

zons (a refined result). These three steps are elaborated below.
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is received by the transducer as raw data files (SEG-Y data in this paper). Then the post-
processor decodes the SEG-Y data and produces the SBP images (Figure 2b). The reflected 
energy is strong at the location of horizons, corresponding to the large gray values in SBP 
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The accuracy of the training dataset is one of the decisive factors in determining the 
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Figure 1. The workflow of horizon picking from SBP images. (1) We transfer the collected SEG-Y data to SBP images by
data decoding and image processing. (2) We generate a training dataset using SBP images and utilize the dataset to train a
neural network. (3) We employ the trained network to predict horizons from observed SBP images, which we exclude from
the training dataset. (4) We eliminate the multiples from the prediction using the proposed multiple filtering method and
obtain the final horizons.

2.1. SBP Data Preprocessing

A general SBP survey is shown in Figure 2. SPB sonars emit pulses vertically towards
the seafloor (Figure 2a). When the pulse encounters sediment, its reflected acoustic energy
is received by the transducer as raw data files (SEG-Y data in this paper). Then the post-
processor decodes the SEG-Y data and produces the SBP images (Figure 2b). The reflected
energy is strong at the location of horizons, corresponding to the large gray values in SBP
images (Figure 2c).
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Figure 2. SBP survey. (a) The sonar of an SBP system converts the control signals to acoustic pulses
(100 Hz–20 kHz) and emits the pulses towards the seafloor. After the pulse hits the sediment, acoustic
energy reflected from the horizons is received by the transducer and is recorded as a time series
called “ping”. (b) The ping is converted to a series of gray values, and all the adjacent pings compose
an SBP image. (c) One ping reflection sequence. The three peak values of gray level correspond to
the horizons in (b).
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The accuracy of the training dataset is one of the decisive factors in determining the
accuracy of the DL-based method. Since we generate a training dataset using the observed
SBP data, we need to accurately locate the horizons in an SBP image to obtain correct labels.
Thus, we utilized a series of image processing methods for the decoded data, including
Hilbert transformation, image recovery, high-pass filtering, and gray equalization. These
operations can improve the qualities of SBP images and the continuity of horizons.

2.2. DL-Based Identification

The DL approach for horizon picking can be simplified into four steps:

4. Generate training dataset and validation dataset in a 3:1 ratio;
5. Design a neural network and then use the training dataset to train the network;
6. Select a well-trained network according to the training loss, validation loss, and

accuracy;
7. Once the network is trained, it will output horizons for any observed SBP images.

We will describe our proposed method in detail below according to these steps.

2.2.1. Training Dataset Generation

Our task is to extract horizons from an SBP image (Figure 2b). SBP images usually
have large sizes and are not suitable for training directly. We split each SBP image into a
grid of square tiles (513 × 513 pixels). Each tile is an input to the network for training. The
label is the corresponding binary tile in which the pixel values of horizons are one and the
others are 0.

Since the number of the horizon class in an SBP image is much less than that of the
non-horizon class, binary semantic segmentation becomes a difficult task. Thus, when
generating labels, we localize the horizons with a margin of a few pixels of their original
location. This processing is not just for improving the imbalanced dataset. It also conforms
to the real situation that the sediment from one layer to another changes gradually. Because
the length of the utilized boom pulse in this paper is about 400 us and the sampling interval
of each pixel in the SBP images is about 50 us, the distinguishable width of the horizons in
the SBP images is about 8 pixels. We expand the position of the horizons one pixel up and
down and, thus, set the width of the horizons in the labels as 10 pixels, ensuring that the
position of horizons in the SBP images are completely covered. Since the identification is
achieved as long as some of the pixels (maybe < 8 pixels) of a horizon are recognized, this
kind of expansion is appropriate.

The generation process is shown in Figure 3. To make accurate labels, we adopt human-
computer interactions to extract horizons (labels). The SNR of the SBP data is usually not
high, resulting in the obvious oscillation of gray values in Figure 2c. Although automatic
picking can save time and can detect some details, the oscillations bring challenges. Thus,
we introduce artificial assistance (human vision) to help improve the accuracy of the
training dataset.

Human-computer interaction is particularly effective in reducing the discontinuities
of horizons caused by influences of noise and measurement, as shown in Figure 4. After
automatic picking, there still exists obvious outliers (the blue ellipse in Figure 4b) and
discontinuities (the red ellipse in Figure 4b). Human vision is sensitive to these problems.
After manual revision, horizons in Figure 4c are more accurate.
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Figure 3. Generation process for training dataset. SBP images are broken into tiles. Each tile is an input to the neural
network. For each tile, the horizon locations are tracked by the automatic method first and then are examined and restored
artificially. Afterward, we create a tile of the same dimension as the input and fill the horizon locations with gray values
of 1 and the remaining locations with 0. The corresponding binary tile is the label. All the data are divided into 2 groups,
training dataset and validation dataset, according to the ratio of 3:1.

Remote Sens. 2021, 13, x FOR PEER REVIEW 5 of 22 
 

 

Segmentation
Automatically 

horizon 
extracting

Manually 
horizon fixingSBP image Binary image

Label

Training set Validation set

Test SBP image

513×513

Training SBP image

Test set

Input

 
Figure 3. Generation process for training dataset. SBP images are broken into tiles. Each tile is an 
input to the neural network. For each tile, the horizon locations are tracked by the automatic method 
first and then are examined and restored artificially. Afterward, we create a tile of the same dimen-
sion as the input and fill the horizon locations with gray values of 1 and the remaining locations 
with 0. The corresponding binary tile is the label. All the data are divided into 2 groups, training 
dataset and validation dataset, according to the ratio of 3:1. 

Human-computer interaction is particularly effective in reducing the discontinuities 
of horizons caused by influences of noise and measurement, as shown in Figure 4. After 
automatic picking, there still exists obvious outliers (the blue ellipse in Figure 4b) and 
discontinuities (the red ellipse in Figure 4b). Human vision is sensitive to these problems. 
After manual revision, horizons in Figure 4c are more accurate. 

 
Figure 4. Human-computer interaction. (a) An input. (b) The corresponding tile to the input tile 
after automatic horizons extraction. The white pixels are extracted horizons. (c) A label. The tile after 
artificial recovery. The label is the corresponding binary tile in which the pixel values of horizons 
are 1, and the others are 0. The width of the horizon is 10 pixels. The noise in (b) is removed manu-
ally, such as the white part in the blue ellipse. The obvious discontinuities of horizons are connected 
manually, such as the discontinuity in the red ellipse. 

(c) (b) (a) 

Figure 4. Human-computer interaction. (a) An input. (b) The corresponding tile to the input tile after automatic horizons
extraction. The white pixels are extracted horizons. (c) A label. The tile after artificial recovery. The label is the corresponding
binary tile in which the pixel values of horizons are 1, and the others are 0. The width of the horizon is 10 pixels. The noise
in (b) is removed manually, such as the white part in the blue ellipse. The obvious discontinuities of horizons are connected
manually, such as the discontinuity in the red ellipse.

Human-computer interaction, however, is not omnipotent. It can not suppress mul-
tiple influences well. Therefore, the labels in the training dataset compose of both real
horizons and multiples. The prediction results of the DL identification method also con-
tain both.
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2.2.2. Network Architecture and Training

SBP images can be segmented in two parts by the gray level. One is the horizons
part, which shows light and represents the strong reflection. Another is the sediment
interior part, which shows shade. Thus, horizons picking can be transformed into an image
segmentation problem, and the light areas are the position of horizons.

DeeplabV3+ net, a kind of CNN, is prevalently used to accomplish image segmen-
tation. The DeeplabV3+ net is composed of two modules, as shown in Figure 5. One is
“Encoder”, which can capture rich semantic information and improve the continuity of
the extracted horizons by integrating the surrounding reflection information. Another is
“Decoder”, in which horizons show as sharp boundaries in SBP images. The “Decoder”
enables the high-level representations to be used to interpret pixel-level content and en-
sures the accurate trace for horizons. In addition, the DeeplabV3+ net chooses the “atrous
convolution”. It can extract features in any resolution. The limitation is only determined by
the resource of the computer. These unique characteristics make DeeplabV3+ net suitable
for horizon picking. Therefore, we choose the DeeplabV3+ net to train. A more detailed
description of DeepLabv3+ can be found in [30].
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deep convolutional neural networks. “Conv” represents the convolutional layer. The number before “Conv”, such as “3 ×
3”, represents the size of the convolution kernel.

We give the training dataset to the DeeplabV3+ net and conduct supervised learning
to train the network. The learning rate starts from 1× 10−4 and decays by 10% after every
2000 training steps. During the training process, a validation dataset is used to calculate
validation loss.

2.2.3. Evaluation

We adopt the cross-entropy loss function to calculate the difference between the
prediction and ground truth. We use MIoU (mean intersection over union) to evaluate the
picking accuracy. For each tile, the loss function is defined as:

Loss =
513×513

∑
i=1

y(i) log ŷ(i) + (1− y(i)) log(1− ŷ(i)) (1)

where ŷ(i) is the prediction and y(i) is the label.
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The accuracy function is:

MIoU =
1
2

1

∑
i=0

pii
1
∑

j=0
pij +

1
∑

j=0
pji − pii

(2)

where i and j are label values of different categories, pij represents the number of pixels
that belong to the i category but are predicted as j category. pii represents the number of
pixels correctly identified. Because we have improved the dataset imbalance, the MIoU
accuracy is now compatible.

When the training and validation loss values are both small and tend to be stable, and
the picking accuracy on the validation dataset no longer increases, then the well-trained
model is saved to trace horizons in the observed SBP images.

Our goal is achieved if some pixels of a horizon, in one ping, are recognized. In this
case, the MIoU cannot fully represent the accuracy of horizon identification. Here, we
introduce another metric, the structural similarity (SSIM), that can measure the structural
similarity of the two images. SSIM values the horizons’ form more than its position
in a tile. We use the two indicators, MIoU (Formula (2)) and SSIM (Formula (3)), to
evaluate the prediction of the observed SBP images (test dataset). MIoU evaluates the
quality of network training from the perspective of mathematics, and SSIM evaluates the
identification accuracy of horizons from the perspective of geophysics. SSIM includes the
evaluation of luminance, contrast, and structure [17]. Since the object to be evaluated in
our method is a binary image, the SSIM only contains the evaluation of the structure and
can be simplified as:

SSIM(x, y) =
σxy + c

σxσy + c
(3)

where x, y represent the identified results by visual interpretation and by the neural
network, respectively. σxy is the covariance and σ is the standard deviation. c is a constant
and equals 29.2612, calculated by:

c =
(kL)2

2
(4)

where k is a parameter of structural evaluation and equals 0.03. L is the grayscale and
equals 255 in our method.

2.3. Multiples Suppression

As mentioned in Section 2.2.1, the prediction results of the neural network contain real
horizons and multiples. The formation of multiples is caused by sound signals reflecting
multiple times at different reflectors and superimposing in the normal sound signal reflec-
tion. The common multiples, and the formation process, are shown in Figure 6a. Based on
the reflection interface, the multiples can be divided into two kinds, the inter-bed multiples,
and the surface-related multiples.

In SBP surveys, there are two especially strong reflection interfaces, sea surface, and
sea bottom. The sea surface is the interface between air and liquid. The sea bottom is
the interface between liquid and solid. The sound speeds in air, liquid, and solid have a
great difference that leads to the strong reflection in their interface. Multiples which have a
strong relationship with the sea surface and sea bottom are easy to see in SBP images. In
addition, unlike seismic surveys, the sound signal energy is weak, and the propagation
distance is short in SBP surveys. Thus, the surface-related multiples (Figure 6b) appear
frequently and are obvious, while the inter-bed multiples are always submerged in noise.
Surface-related multiples in SBP images have a strong relationship with the instantaneous
measurement depth that is the distance from the sea surface to sea bottom [18].
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Figure 6. The type of multiples.

According to the multiples characteristics, we propose a multiple suppression method
to eliminate multiples from the DL prediction results. The process of multiple suppression
is shown in Figure 7. Referring to the principle of identifying the multiples using Radon
transform in multi-channel seismic investigation [31], we propose a kind of transformation
(called pseudo-Radon transform) combined with the correlation analysis for identifying
the multiples in SBP images.
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Figure 7. The process of multiple suppression. (1) Convert the DL prediction (a binary image containing horizons and
multiples) to the transformed image using pseudo-Radon transform. (2) Distinguish the multiples and horizons in the
transformed image according to correlation analysis. (3) Employ inverse pseudo-Radon transform for the transformed
image and obtain the position of horizons and multiples. (4) Conduct the high-pass filtering for the position of multiples in
the SBP image (a gray image). (5) Superimpose the filtered image and the binary image containing horizons.

2.3.1. Pseudo-Radon Transform

In the multi-channel seismic investigation, Radon transform is used to identify the
multiples [31]. Because the SBP surveys only have one channel, Radon transform cannot
be directly used for the multiple suppression in SBP images. Thus, we propose the pseudo-
Radon transform for SBP surveys referring to the principle of Radon transform. Radon
transform uses the relationship between the offsets and the multiples to transform the
stacked seismic profiles. In pseudo-Radon transform, we transformed the SBP images
referencing the relationship between the surface-related multiples and the instantaneous
measurement depth.

The pseudo-Radon transform has two steps:

8. Locate the sea surface and bottom. Because the sea surface and sea bottom are strong
reflection interfaces and present two obvious continuous lines in the prediction result
of the DL method, it is easy to obtain their accurate position.

9. Transform the prediction result by the pseudo-Radon transform. We design the
pseudo-Radon transform rule as in Equation (5).
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pt =

(
pr + d
pb + d

)
· s (5)

where pr represents the pixel position in the prediction result (a binary image), pb represents
the sea bottom position in the prediction result, pt represents the pixel position in the
transformed image, d represents the distance from the transducer to the sea surface, and s
represents the scaling of the image transformation. s is set according to the instantaneous
measurement depth.

After the pseudo-Radon transform, the sea bottom is changed into a straight line.
The primary reflections and their corresponding surface-related multiples theoretically are
changed into a group of parallel lines (Figure 8). The distance between any two adjacent
lines is close to s.
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Figure 8. Pseudo-Radon transform. (a) The formation mechanism of horizons and multiples. The propagation path of the
signal in the black dotted rectangle depicts the formation of the horizon. The propagation path in the red dotted rectangle
depicts the formation of the multiples. In the red dotted rectangle, the red path is the equivalent form of the black path.
According to the formation mechanism of the multiples, h1 = h2. (b) The reflection sequence of one ping. The rectangle is
the sea bottom, and the ellipse is the double surface-related multiples. The signal shapes in the rectangle and the ellipse
are similar. (c) A prediction result of the DL method. It is a binary image containing the multiples and horizons. (d) A
transformed image. The horizon, double multiples, and triple multiples are approximately parallel. The spacing between
adjacent lines is close to s, the scaling parameter in pseudo-Radon transform.

2.3.2. Correlation Analysis

Because the multiples have a strong correlation with the corresponding primary
reflection in morphological, we propose to calculate the correlation coefficient of the
horizons and lines at possible locations (n · s, n = 1, 2, . . .) to identify the multiples.

As shown in Figure 8d, the positions where the multiples probably appear are

Pmultiple = Preal + n · s (6)
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where Pmultiple represents the possible location of multiples, Preal represents the horizon
location, and n (= 1, 2, 3 . . .) represents an integer.

We calculate the correlation coefficient (corro,m) of the horizon and the lines at Pmultiple
by:

corro,m =
cov(Ho, Hm)√

σo
√

σm
(7)

where Ho is the location of the horizon. Ho = (h1, h2, . . .) where hj is the position in each
column. Hm is the location of the line at Pmultiple. cov() is the covariance function. σo and
σm are variances of Ho and Hm respectively. If ρo,m is close to 1, we mark the line at Hm as
the multiples.

In the prediction results of the DL method, sometimes the lines are not continuous,
and noise exists, like Figure 9a. When generating the location sequence (Ho and Hm), we
first design a box (h× w) and calculate the line location (hj) in each column in the box:
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Figure 9. The gray gravity center method. (a) A box of the location sequence. The blue dots are the
noise. In the box the extracted horizon is not continuous. (b) A box after calculating. hj represents
the horizon location in each column in the box. After determining the horizon location, noise is
eliminated and the horizon is continuous.

Since the sea surface and sea bottom can be picked easily in the prediction result, its
corresponding surface-related multiples can be found using the proposed suppression
method. Then the first unknown line under the sea bottom is marked as the horizon, and
we repeat the suppression method until all the lines in the prediction result are marked.

2.3.3. Horizon Refinement

Although we distinguish the multiples and the primary reflection in prediction results,
we worry about whether there is sediment information at the multiples positions. Thus, to
avoid detail loss, we do not remove the multiples directly.

First, we conduct inverse pseudo-Radon (Equation (8)) for the transformed images
and obtain the positions of multiples and primary reflection in the prediction result (a
binary image). Then we conduct the high-pass filtering at the position of multiples for a raw
SBP image (a gray image). Finally, the filtered image is superimposed with a binary image
containing horizons together to generate a new SBP image where the horizon position is
clear, and the sediment information is retained.

pr = (pt/s)(pb + d)− d. (8)
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3. Results
3.1. Data Collection

To evaluate the proposed methodology, we chose two groups of SBP images. One
was measured in Jiaozhou Bay, Shandong, China, in 2012 (Figure 10a). Another was in
Zhujiang Estuary, Guangzhou, China, in 2016 (Figure 10b).
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Figure 10. Survey areas. (a) Jiaozhou Bay. (b) Zhujiang Estuary. The coordinate system of longitudes and latitudes is
WGS-84. The red rectangles represent the survey areas. The illustrations are the corresponding topographic map. The
coordinate system of x and y is a local system.

The survey area in Jiaozhou is about 9 km × 1.4 km. The water depth ranges from
10 m to 35 m. There were two survey lines in the area. The length of each line was around
7 km. The distance interval of survey lines was around 150 m. The survey equipment was
the C-Boom with a center frequency of 1.76 kHz, detection depth of 70 m (including water
depth), and sample interval of 50 µs. The ship speed was about 4–5 knots, which means
the distance interval of pings was around 0.5 m.
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The survey area in Zhujiang Estuary is about 18 km × 12 km. There were five survey
lines. The depth ranges from 8 m to 24 m. The survey equipment was the C-Boom with a
center frequency of 1.62 kHz, detection depth of 80 m (including water depth), and sample
interval of 50 µs. The ship speed was 4–5 knots.

The size of all SBP images is listed in Table 1.

Table 1. The size of collected SBP images.

Survey Area Line Number Image Height (pixel) Image Width (pixel)

Jiaozhou Bay SBL_20120628_085229 900 15,242
SBL_20120628_134859 900 14,127

Zhujiang Estuary

SBL_20160305_025613 1000 15,496
SBL_20160306_030106 1000 8177
SBL_20160306_034636 1000 11,752
SBL_20160306_052842 1000 19,639
SBL_20160306_071833 1000 17,687

3.2. DL-Based Identification for Horizons and Multiples

We chose two survey lines, SBL_20120628_085229 (from Jiaozhou Bay) and SBL_20160305
_025613 (from Zhujiang Estuary), to form the test dataset. We used other survey lines to
generate the training dataset.

3.2.1. Training Dataset

The SBP images for generating training datasets are shown in Figure 11. We picked
horizons in these images using the automatic method (Figure 12), and the result is shown
in Figure 13.
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Figure 13. The horizons extracted by the automatic method.

We split the SBP images (Figure 11) into tiles (513 × 513) as the training inputs. For
training labels, we first split the images (Figure 13) that are processed by the automatic
picking method into tiles (513 × 513). Then we connected discontinuous horizons and
removed obvious outliers in these tiles manually. The recovered tiles are regarded as
training labels that have both the objectivity of machine recognition and the accuracy of
manual recognition. We obtained 210 training tiles and 90 validation tiles. The process is
shown in Figure 14. According to the same process, we used SBL_20120628_085229 and
SBL_20160305_025613 to generate a test dataset and obtained 112 test tiles.
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3.2.2. The Neural Network Training and the Prediction by the DL Method

We gave the training dataset and the validation dataset to DeeplabV3+ net to train
it. We used a Stochastic Gradient Descent optimizer and set the epochs as 20,000 and
the batch size as two. Since the training dataset is small, we initiated the weights of the
DeeplabV3+ net using the weights pre-trained on the Pascal VOC dataset to avoid the
model from over-fitting. No layer is frozen during the training. The changes of training
loss (Equation (1)), validation loss (Equation (1)), and picking accuracy (Equation (2)) are
shown in Figure 15. The training loss and validation loss both decreased sharply at first
and then gradually increase with the training epochs. The accuracy increases sharply at
first and then gradually with the increase of training epochs. The losses become stable
after about the 15,000th epoch while the accuracy is still increasing. By comprehensively
considering the training efficiency and the changes of loss and accuracy, we chose the
trained network at the 19,801st epoch as the well-trained network. At this epoch, both loss
and accuracy tend to be stable. The training loss and validation loss equal 0.052605 and
0.047922, respectively. The accuracy is up to 0.996. The small values of the two losses and
the high accuracy indicate that the network at the 19,801st epoch is well trained. Especially,
the small value of validation loss indicates the well-trained network is not overfitting.
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We gave the test dataset to the trained network to pick the horizons and multiples,
as shown in Figure 16. Comparing the predictions with the raw images (Figure 16a,b),
the horizons and multiples are extracted exactly and completely by the DL method. Fur-
thermore, we used the visual interpretation and the FrangiV algorithm to extract horizons
and multiples from the test dataset. The FrangiV algorithm is a new sub-bottom horizon
picking algorithm that has shown good performance among SBP data in various surveying
environments [16]. The horizons extracted by the visual interpretation are close to the
ground truth, and we saw the visual interpretation results as the comparison standard. To
quantitatively evaluate the effect of the DL-based identification, we calculated the MIoU
(Equation (2)) and SSIM (Equation (3)) of the predictions and the visual interpretation
results (Figure 16e,f), the visual interpretation results, and the results of the FrangiV algo-
rithm (Figure 16g,h), respectively. The accuracy indexes are listed in Table 2. Compared
with the FrangiV algorithm, the MIoU and SSIM values of our method are higher, indicating
our method achieved a higher accuracy. The MIoU and SSIM values of our method are
close to 1, indicating the well-trained neural network can achieve the same identification
ability as visual interpretation.

Remote Sens. 2021, 13, x FOR PEER REVIEW 16 of 22 
 

 

Table 2. The accuracy evaluation of predictions. Method A represents the visual interpretation, 
whose result is regarded as the standard. Method B and C are the DL-based identification and the 
FrangiV algorithm, respectively. Line 229 and Line 613 are the abbreviations of survey line 
SBL_20160305_025613 and SBL_20160305_025613, respectively. 

Accuracy Method Line 229 Line 613 

MIoU 
A&B 0.9155 0.9458 
A&C 0.6077 0.7483 

SSIM 
A&B 0.9792 0.9447 
A&C 0.6588 0.8637 

 

 
Figure 16. The identified horizons and multiples. In (a,b), the test inputs, are the raw SBP images numbered 
SBL_20120628_085229 and SBL_20160305_025613, respectively. In (c,d) are the predictions of (a,b), respectively. The pre-
dictions are binary images and contain the identified multiples and horizons. In (e,f) are the identified multiples and 
horizons by visual interpretation for (a,b), respectively. In (g,h) are the identified multiples and horizons by the FrangiV 
algorithm for (a,b), respectively. The horizons in the red rectangle are false, and the horizons discontinuity in the blue 
rectangle is true. 

3.3. Multiples Suppression 
We first used our proposed method to eliminate the surface-related multiples from 

the prediction of the DL method (Figure 16). Then we compared and analyzed the result 
with that by the predictive deconvolution to verify the superiority of the proposed 
method. 

3.3.1. Zhujiang and Jiaozhou Surveys 
To retain all the information of the prediction results, we set s  as 140. s  represents 

the scaling of the image transformation. If the scaling is too small, the original SBP image 
will be compressed into a small transformed image, resulting in information loss. There-
fore, s  needs to be set to an appropriate value. Generally, s  can be set to a value equal 
to or greater than the maximum of the seafloor depth in the survey area. 

(a) (b) 

(d) (c) 

(e) (f) 

(g) (h) 

Figure 16. The identified horizons and multiples. In (a,b), the test inputs, are the raw SBP images numbered
SBL_20120628_085229 and SBL_20160305_025613, respectively. In (c,d) are the predictions of (a,b), respectively. The
predictions are binary images and contain the identified multiples and horizons. In (e,f) are the identified multiples and
horizons by visual interpretation for (a,b), respectively. In (g,h) are the identified multiples and horizons by the FrangiV
algorithm for (a,b), respectively. The horizons in the red rectangle are false, and the horizons discontinuity in the blue
rectangle is true.

3.3. Multiples Suppression

We first used our proposed method to eliminate the surface-related multiples from the
prediction of the DL method (Figure 16). Then we compared and analyzed the result with
that by the predictive deconvolution to verify the superiority of the proposed method.
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Table 2. The accuracy evaluation of predictions. Method A represents the visual interpretation,
whose result is regarded as the standard. Method B and C are the DL-based identification and
the FrangiV algorithm, respectively. Line 229 and Line 613 are the abbreviations of survey line
SBL_20160305_025613 and SBL_20160305_025613, respectively.

Accuracy Method Line 229 Line 613

MIoU
A&B 0.9155 0.9458
A&C 0.6077 0.7483

SSIM
A&B 0.9792 0.9447
A&C 0.6588 0.8637

3.3.1. Zhujiang and Jiaozhou Surveys

To retain all the information of the prediction results, we set s as 140. s represents the
scaling of the image transformation. If the scaling is too small, the original SBP image will
be compressed into a small transformed image, resulting in information loss. Therefore, s
needs to be set to an appropriate value. Generally, s can be set to a value equal to or greater
than the maximum of the seafloor depth in the survey area.

We employed pseudo-Radon transform (Equation (5)) for the prediction results
(Figure 16b,d) and obtained the transformed images (Figure 17a,b). In the transformed
images, the sea bottom is changed into a straight line, and its corresponding surface-related
multiples are paralleled below.
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Figure 17. Distinguishing between horizons and multiples. (a) (SBL_20120628_085229) and (b) (SBL_20160305_025613)
are the transformed images by pseudo-Radon transform. The red lines are the identified multiples; the black lines are
horizons. (c) (SBL_20120628_085229) and (d) (SBL_20160305_025613) are the inverse pseudo-Radon transformed images
after multiples removal.

We employed correlation analysis for the transformed images and distinguished the
multiples (red lines) and primary reflections (black lines) in Figure 17a,b. We removed
multiples from the transformed images, employed inverse pseudo-Radon transform for the
images without multiples, and then obtained Figure 17c,d. Figure 17c,d only contain horizons.

Next, we utilized Figures 16a,c and 17a,b to conduct horizon refinement (Section 2.3.3) and
got the final results (Figure 18a,b). Figure 18a,b are the results by eliminating the multiples
and highlight the primary reflection. Compared with Figures 17c,d and 18a,b retain the
sediment details in the regions of multiples. Thus, we regarded Figure 18a,b as our final
picking results to offer comprehensive geological information for the survey area.
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Figure 18. Comparison of multiple suppression results. (a,c,e) represent SBL_20120628_085229. (b,d,f) represent
SBL_20160305_025613. (a,b) are the results of the proposed multiple suppression method. (c~f) are the results of predictive
deconvolution. The predictive step of (c,f) is 25, and the step of (e,f) equals instantaneous seawater depth.

3.3.2. Methods Comparison

To verify the superiority of the proposed multiple suppression method, we used
predictive deconvolution, a prevalent method for multiple suppression, for SBP images of
SBL_20120628_085229 and SBL_20160305_025613 and compared the results (Figure 18c,d).

There are still multiples left in Figure 18c,d. Predictive deconvolution cannot eliminate
multiples completely. The order of multiple suppression effects from good to bad is the
proposed method, predictive deconvolution (step = instantaneous seawater depth), and
deconvolution (step = 25). The predictive step represents the possible location of multiples.
The more accurate the step is, the better the result of predictive deconvolution is. Thus,
the predictive deconvolution result with the step of instantaneous seawater depth is better
than that with the step of a fixed value.

Predictive deconvolution cannot completely calculate the multiples morphological
changes produced during the acoustic signal propagating in the geological structure. It
results in location mismatch during the prediction subtraction. The multiples, therefore,
cannot be eliminated completely by predictive deconvolution.

To intuitively show the performances of the two methods, we compared the reflection
sequence of one ping before and after the methods in Figure 19. Because we accurately
found the multiples and conducted high-pass filtering in the multiples region rather than
removed the multiples directly, our proposed method effectively suppressed the multiples
and retained some signal details (the blue line in the ellipse in Figure 19a). The location
mismatch caused by predictive deconvolution is obvious in Figure 19b,c. Due to the
location mismatch, there are still residual multiples in the ellipse in Figure 19b,c and the
raw signal is damaged.

Since the predictive deconvolution failed to eliminate the multiples accurately for
the two test survey lines, continuing to extract horizons does not make much sense. The
existing methods for identifying horizons suppress the multiples first and then extract
the horizons. The bad performance of the predictive deconvolution will directly bring
errors to the next extraction. To further quantitatively evaluate the performance of the
proposed multiples suppression method, we conducted a synthesis experiment in which
we compared the extracted horizons by our method and the predictive deconvolution with
the ground truth.
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method for the virtual SBP image. The suppression results are shown in Figure 20. Both 
methods can identify the horizons, but the multiples are not removed completely by the 
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Figure 19. The reflection sequence of one ping. (a) Result by our proposed method. (b) Result by predictive deconvolution
in which the predictive step is instantaneous seawater depth. (c) Result by predictive deconvolution in which the predictive
step equals 25. The red lines represent the raw signal. The blue lines represent the signal after multiples suppression method.
The green ellipses represent the multiples.

We assumed three horizons (Figure 20b) and simulated a corresponding SBP image
(Figure 20a) based on the principle of multiples generation and energy attenuation [22,32].
Then we employed the predictive deconvolution and the proposed multiples suppression
method for the virtual SBP image. The suppression results are shown in Figure 20. Both
methods can identify the horizons, but the multiples are not removed completely by the pre-
dictive deconvolution. In addition to the stronger ability to remove multiples, our method
also improves the problem of horizon discontinuities (comparing Figures 20d and 20f). To
further quantitatively evaluate our method, we calculated MIoU (Equation (2)) and SSIM
(Equation (3)) of the ground truth and the predictive deconvolution results (Figure 20d),
then the ground truth and results of our method (Figure 20f), respectively. The accuracy
indexes are listed in Table 3. Through the comparison of the MIoU and SSIM values, it
is verified that our method can achieve higher accuracy. The identified horizons of our
method, however, still deviate a little from the ground truth. Part of the horizons are
missing (the green rectangle in Figure 20f), and the nonexistent horizons appear (the blue
rectangle in Figure 20f).
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Figure 20. Multiples suppression results of the synthetic experiment. (a) The virtual SBP image. (b) The ground truth.
(c) The image after the predictive deconvolution in which the predictive step is the instantaneous seawater depth. (d) The
extracted horizons using the FrangiV algorithm for (c). (e) The identification results by the proposed method. The red lines
represent multiples, and the black are horizons. (f) The extracted horizons using the proposed method. It is an image that
removes multiples (red lines) from (e). The green rectangle represents the location where the horizons are missing. The blue
rectangle represents the position where the nonexistent horizons appear.
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Table 3. The accuracy comparison.

Accuracy Method Value

MIoU
ground truth & our method 0.9563
ground truth & predictive

deconvolution 0.7060

SSIM
ground truth & our method 0.9849
ground truth & predictive

deconvolution 0.9246

4. Discussion
4.1. Obtaining Discontinuous Horizons Using Multiples

The horizons in SBP images are sometimes lost (Figure 9) due to the noise, broken
channels, or other problems during the SBP measurement. Although we revise the discon-
tinuity of horizons manually when generating training datasets, there may be omissions.
The lost horizons will lead to incomplete extraction of surface-related multiples since we
trace the multiples according to the correlation of it with the horizons.

Figure 21 is a part of SBL_20120628_085229 (Figure 17a) after horizons picking. It can
be discovered that there are several discontinuities of multiples (blue rectangles) that should
have been continuous, and the multiples are connected to the horizons. This phenomenon
is caused by the discontinuity of the corresponding horizons (red rectangles). We can
utilize the multiples discontinuity to detect and then recover the horizons discontinuity.
The specific steps are as follows.
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10. Recover the multiples discontinuity. Search the position of horizons connected with
multiples and mark the horizons as multiples.

11. Recover the horizon discontinuity. Determine the position of horizon discontinuity
according to the position of multiples discontinuity and recover the horizon disconti-
nuity according to the shape of the recovered multiple.

4.2. The Specialty of the Proposed Method

Most DL-based methods for identification tasks directly output the target location [27,33,34].
Unlike these conventional methods, our proposed method combines the data-driven DL
method with the model-driven physical methods to pick the horizons. The prediction of
our well-trained DeeplabV3+ network is not the horizon that we want to get finally. The
prediction contains both multiples and primary reflections. To obtain the final horizons,
we eliminate the multiples from the prediction by the proposed multiple suppression
method. Although the combination of the data-driven method and model-driven method
will reduce the execution efficiency compared with the pure data-driven one, it improves
the reliability and accuracy of the identified horizons. Since the characteristics of multiples
and horizons are quite similar, especially from a perspective of image processing, it is
difficult to only extract the horizons from an SBP image directly by DL methods.
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Another specialty of the proposed method is the form of its final results. The target
of horizon picking is to determine the location of the horizons in an SBP image. In
theory, when we successfully distinguish the multiples and the primary reflections in the
prediction of the DeeplabV3+ network (Section 2.3.2), the identification task is completed.
We, however, continued on to add a step (Section 2.3.3 Horizon Refinement) to further
deal with the signals at multiples positions. We worried that there might be sediment
information at the positions of multiples. If the signals at the positions of multiples are
removed directly, the information covered by multiples will also be removed, leading to
detail loss. Therefore, we proposed to conduct the high-pass filtering at the position of
multiples for a raw SBP image and superimpose the filtered image with a binary image
only containing horizons to generate a new SBP image. This processing method can avoid
the distortion of the original signals, as shown in Figure 19. We regard the new image as
the final result of horizon picking. In this new image, the multiples are suppressed, the
horizons are clear, and the sediment information at the positions of multiples is retained.
However, if only the positions of horizons are needed, the refinement step (Section 2.3.3
Horizon Refinement) can be skipped.

5. Conclusions

We proposed a physicals-combined deep learning method to pick horizons from
SBP images using the DeeplabV3+ net. The prediction of the trained model includes
primary reflections and multiples. We further used the proposed pseudo-Radon transform
and correlation analysis for the prediction and distinguished the horizons and surface-
related multiples. The feasibility and accuracy of this method were verified by two field
surveys, the Zhujiang and Jiaozhou surveys. The trained DeeplabV3+ model can extract
horizons and multiples accurately and quickly from an SBP image. The proposed multiple
suppression can efficiently eliminate the surface-related multiples and achieve a better
performance compared with the predictive deconvolution. Our proposed method can not
only pick horizons accurately but also avoid losing sediment details. Furthermore, the
picked multiples can help recover the discontinuity of horizons.
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