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Abstract 
 
In this paper, we propose novel seabed sediment classification algorithm using feature obtained by continuous 

wavelet transform (CWT). Contrast to previous researches using direct reflection coefficient of seabed which is 
function of frequency and is highly influenced by sediment types, we develop an algorithm using both direct re-
flection signal and backscattering signal. In order to obtain feature vector, we employ CWT of the signal and ob-
tain histograms extracted from local binary patterns of the scalogram. The proposed algorithm also adopts princi-
pal component analysis (PCA) to reduce dimension of the feature vector so that it requires low computational cost 
to classify seabed sediment. For training and classification, we adopts K-means clustering algorithm which can be 
done with low computational cost and does not require prior information of the sediment. To verify the proposed 
algorithm, we obtain field data measured at near Jeju island and show that the proposed classification algorithm 
has reliable discrimination performance by comparing the classification results with actual physical properties of 
the sediments. 
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1. Introduction  

It is the most reliable classification method of seabed sediment to gather bottom samples and to compare them 

with reference sediments. Since these procedures are time consuming and expensive so that acoustic signal pro-

cessing has long been recognized as a potential method. Recent advances in acoustic sub-bottom profiling sys-

tem design have supplied data well suited for sediment classification. Core collection along with acoustic signal 

processing provides basis for developing classification algorithms and remote sensing algorithms. 

Much research have been done by using reflected echo signal from seabed sediment. However the acoustic 

echo signal obtained from seabed can be influenced by physical properties such as grain size, the presence of 

benthic flora and fauna and anthropogenic influences and etc. To obtain accurate estimation or classification of 

the seabed sediment, these properties should be considered carefully at problem formulation stage. (Chang et al, 

1999; Van Warlee et al, 2006; LeBlanc et al 1992).  

Backscattering signal has several advantages over direct signal attenuation, including insensitivity to alignment 
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of the transducer and short propagation distances. Therefore the backscattering signal is good candidate for char-

acterizing sediment. In addition, since the direct backscattering signal usually can be described by single-

scattering processes, the mathematical inversion processes is often more simple and stable than those used for 

direct attenuation signal. It is well known that the backscattering signal depends on porosity and grain size of 

sediment which are directly related to type of the sediment (Tores Medina, 2010; Panetta et al, 2012; Ohkawa, 

2005; Lurton, 2002). 

In this paper, we propose seabed sediment classification algorithm which uses direct echo signal and the 

backscattering signal from seabed as well. In section 2, we present signal model and feature extraction pro-

cessing based on Continuous Wavelet Transform (CWT) as well as training process. In section 3, we present 

classification results obtained by using field data obtained near Jeju island. Conclusions follows in section 4. 

2. Classification Algorithm 

2.1 Signal Model 

 We assume that seabed sediment is homogeneous and are able to use both transmitted and received sig-

nals. The available transmitted and received signals are shown in Fig.1, which illustrates reflected signal 

from top sediment and backward scattering signal in the sediment as well. To obtain better range resolution 

of the signals, we employ chirp signal    with chirp rate   , which are defined as follows: 
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, where    is power of transmit signal,    is pulse width,   is signal duration,    and    are minimum 

and maximum frequency in transmit signal band, respectively. Then we can write incoming signal into sed-

iment    and the reflected signals from top sediment    as follows:  
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, where    is depth from signal source to boundary of seawater and sediment ( = 0),    is speed of 

seawater, p =
  

  
 is power of incoming signal in sediment,   is reflection coefficient and   =     is 

power of the reflected signal from sediment. Accordingly, the    can be measured after 2
  

  
 time delay at 

transmit signal    position. It is known that transferred signal    and reflected signal    in the sediment 

can be expressed as function of attenuation coefficient   and depth   (Tores Medina, 2010; Lurton, 2002; 

Schock, 2004) and they can be written as follow: 
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, where   (0) is incident signal at the boundary of seawater and seabed ( = 0) and   (L) is reflected 

signal from heterogeneous volume sediment at( =  ).  

Similarity, the backward scattering signal    can be written as follows (Tores Medina, 2010; Lurton, 

2002; Schock, 2004): 
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 Fig. 1. Signal models of seabed sediment  Fig. 2. Received signal with time delay 
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, where    is sound speed in the sediment and    is power of backward scattering signal. Here    can 

written as  

 
    =   ,     ,    

     (8) 

 

      

 (a) Signal with negligible backscattering (b) Signal with backscattering 

     

 (c) Scalogram of signal inside in (a)  (d) Scalogram of signal inside in (b) 

 

Fig. 3. Extraction region & scalogram using continuous wavelet transform (CWT) 

 

 
Fig. 4. Feature extraction process using local binary pattern (LBP) 
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,where    is reflection coefficient of heterogeneous volume sediment and    ,   and   ,  are down-

ward and upward transmission coefficients according to the sediment, which can be written as   , =
  ( )

  
,

  , =
  

  ( )
, and   =

  ( )

  ( )
. Relative arrival times corresponding to   ,    and    are depicted in Fig. 2.  

2.2 Feature Extraction and Training 

To develop classification algorithm, we have done preprocessing, feature extraction and training proce-

dures. For preprocessing, we apply matched filtering to the received signal and obtain de-chirp signal. Then 

we select signal portion so that the selected signal can has backward scattering signal as well as reflected 

signal. For feature extraction, we apply CWT to the selected signal and obtain scalogram. Then we extract 

features from the scalogram image by using local binary pattern (LBP) and then apply principal component 

analysis (PCA) to reduce the size of feature vector. Finally, we adopt clustering algorithm to train the ob-

tained feature vectors. 

In the following Fig. 3, we show results of preprocessing and feature processing by illustrating the extract-

ed signals denoted as dotted box and their scalograms. In Fig. 3 (a), we can observe that signal extracted 

from backscattering absent region has strong reflected signal and negligible backscattering signal, which 

also can be clearly viewed with scalogram in Fig. 3 (c). On the other hand, signal extracted from backscat-

tering present region has strong reflected signal and backscattering signal as well, which also can be clearly 

viewed with scalogram in Fig. 3 (d) 

Once scalograms are obtained, we apply LBP which divides the scalogram image into four block images as 

shown in Fig. 4. After we compute 36 levels of histogram from four block and then formulate 144 dimen-

sion vector as a feature vector. Even though we can use these vector as feature, we adopt feature dimension 

process to reduce computational cost. To reduce feature dimension, we apply PCA which uses an orthogonal 

transformation to convert a set of observations of possibly correlated variables into a set of values of linearly 

uncorrelated variables called principal components. By using PCA, we reduce dimension by three, which is 

corresponding to 48 times reduction in dimension. 

 

 

 

Fig. 5. Results of K-mean clustering with dimension-reduced feature vectors 

 

 

 

Fig. 6. Training procedure 
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The final stage of procedure is to train the reduced feature vectors by using K-means clustering algorithm. 

The K-means clustering is a method of vector quantization and is popular for cluster analysis in data mining. 

It aims to partition n observation vectors into k clusters in which each observation belongs to the cluster with 

the nearest mean, serving as a prototype of the cluster. This results in partitioning of the data space in-

to clusters. We use cluster size as three and shows the results with data set as in Fig. 5. The overall training 

procedure is summarized in Fig. 6.  

3. Results 

To verify the classification algorithm, we have collected signals at the west side of Chagwido. As we move 

on three different paths which are depicted as red, green and blue lines in Fig 7, we collect data set. To 

transmit and receive signal we use sub-bottom profiler Chirp III manufactured by Teledyne Benthos as 

shown in Fig. 8. The specification of the Chirp III are as following: (1) maximum output power is 4kW, (2) 

chirp frequency band is 2 kHz to 7kHz, (3) beam angle is 45º, (4) pulse length is 5ms to 60ms and (5) power 

amplifier’s gain can be changed from 0dB to 42dB. We use 30ms chirp signal as transmit signal and set 

power amplifier gain as 30dB. For data acquisition, sampling frequency is set to be 200kHz with 16bit reso-

lution. The TTV-290 sub-bottom profiler, and the overall measurement system are shown in Fig 8. 

After collecting data and extracting feature vectors, we train the feature vectors with algorithm mentioned 

in Section 2. Training data and test data are collected from two paths shown in Fig. 9. As shown in Fig. 9, 

we select vertical and horizontal paths which are marked as red dotted lines. For training, we use 300 indi-

vidual data sets from A3, B3, and C3 and collect total 900 training data set. 

The classification results along the paths are shown in Fig. 10, in which three classified sediments are 

marked as black, blue and red color lines. When movement path is horizontal (from A3 to B3), we can ob-

serve that sediment property changes from class 3 to class 1. On the other hand, sediment property changes 

from class 1 to class 2 when movement path is vertical (from C1 to C3). We can observe that sediment 

properties changes along different paths as expected. To verify these classification results, we collected bot-

tom sediments by using grabbing facility and measured actual sediment properties. The component and 

grain size at site B3, C1, C2 and C4 are summarized in Table1. Note that percentage of gravel components 

at B3 and C1 are slightly different but the percentages of other components and mean grain size are similar. 

These analysis matches with the results in Fig. 10, in which both B3 and C1 sites are classified as the same 

class 1. At C4 site close to C3, the components are quite different from B3, C1 and C2 so that the sediment 

at C3 is classified as 2 as shown in Fig 10. Even though analysis of actual sediment sample of A3 is not 

available, we can estimate that sediment at A3 has different components from others since it is classified as 

3. This fact also can be expected that site A3 is geologically separated from other sites. These results prove 

validity of the proposed classification algorithm. 

 

 

 

Fig. 7. Experiment site near west of Chagwido 

 



 Kibae Lee, Jinho Bae, Chong Hyun Lee,  Juho Kim, Jaeil Lee, and Jung Hong Cho 207 
 Journal of Advanced Research in Ocean Engineering 2(4) (2016) 202-208  

 

 Table 1. Sediment sample analysis 

 

 

Fig. 8. Measurement system 

4. Conclusions 

We proposed sediment classification algorithm employing CWT based feature vectors. The algorithm 

adopts scalogram which is converted to four LBPs and then to histogram of the LBP. To reduce dimension 

of the obtained histogram, we apply PCA to the vectors and get three dimensional feature vectors. As classi-

fier, we adopt K-means clustering algorithm which is designed to have three centroids. To verify the pro-

posed algorithm, we collect real data near Jeju island and show that the proposed classification algorithm 

has reliable discrimination performance by comparing the results with physical properties of the collected 

sediments 
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Fig. 9. Data set chosen 

site 
Component (%) Mean grain size 

( ) Gravel Sand Silt + Clay 

B3 0.1 84.7 13.5 1.89 

C1 2.3 78.7 19.0 1.85 

C2 0.3 91.2 8.5 2.24 

C4 0 91.1 8.9 2.34 
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Fig. 10. Classification results 

References 

Chang. J. K., and Yang, S. J., Geoacoustic Modeling for Analysis of Attenuation Characteristics using Chirp 

Acoustic Profiling data, , Geophysical exploration, 2 (4) (1999) 202-208. 

Van Walree, P. A., Ainslie, M. A., and Simons, D. G., Mean grain size mapping with single-beam echo 

sounders, The journal of the Acoustical Society of America, 120 (5) (2006) 255-256. 

LeBlanc, L. R., Mayer, L., Rufino, M., Schock, S. G., and King, L., Marine sediment classification using 

chirp sonar, The Journal of the Acoustical Society of America, 91 (1) (1992) 107-115 

Torres Medina, M. Theoretical and experimental studies of seafloor backscatter, 2010. 

Panetta, P. D., Bland, L. G, and Cartwright, G. Acoustic scattering to measure dispersed oil droplet size and 

sediment particle size, 2012 Oceans. IEEE, 2012 

Ohkawa, K., Yamaoka, H., and Yamomoto, T., Acoustic Backscattering From a Sandy Seabed, IEEE Jour-

nal of Ocean Engineering, 30 (4) (2005) 700-708 

Lurton, X., An introduction to underwater acoustics: principles and applications, Springer Science & Busi-

ness Media, 2002 

Schock, S. G., A Method for Estimating the Physical and Acoustic Properties of the Sea Bed Using Chirp 

Sonar Data, IEEE Journal of Ocean Engineering, 29 (4) (2004) 1200-1217 


