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Summary 

 
Side-scan and forward looking sonars are some of the most widely used imaging systems for obtaining large scale images of a 

seafloor, and their use continues to expand rapidly with their increasing deployment on Autonomous Underwater Vehicles. However, 
it is difficult to extract quantitative information from the images generated from these processes, in particular, for the detection and 
extraction of information on the objects within these images. We propose in this paper an algorithm for automatic detection of 
underwater objects in side-scan images based on machine learning employing adaptive boosting. Experimental results show that the 
method produces consistent maps of a seafloor. 
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Fig. 1 Formation of an image by a side-scan sonar image. 
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Fig. 2 Preprocessing of a side-scan sonar image: (a) An 

original image, (b) the processed image. 
 
 
 
 
 
 
Fig. 3 The Haar-like feature employed in the proposed method: 

Schematic formation of relation(object/shadow). 
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Fig. 4 Using the integral image, the sum of gray values within 

D can be computed as F4+F1-(F2+F3). 
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Fig. 5 Schematic diagram of the proposed method. 
 

t

1ω m1 1σ

2ω m2 2σ

tω mt tσ
(within-class variance) 2

wσ  

  21

2
22

2
112

ωω
σωσω

σ



w                   (3) 

(between-class variance) 2
bσ  

  

   
21

2
22

2
112

ωω
ωω

σ



 tt

b
mmmm

        (4) 

22
wb σσ t  

t k-means
t k-means

k
  

k-means  
k  

Step1. t k

1
 

Step2. 
 

Step3. 

k
Step2  

 tk (k=1, 2, …) Haar
k=3 Haar 6  

 
 
 
 
 
 

Fig. 6 Determination of Haar-like type features. 
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Fig. 7 Classifier obtained by AdaBoost. 
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Fig. 8 Schematic model of the cascade classifier. 
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Table 1 Specifications of sonar. 
 
 
 
 
 
 
 

 
 

 

 

 

Fig. 9 Snapshot of the objects on a seabed. 
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Table 4 Comparison of the detection time of objects. 
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Table 5 Errors between the positions of the detected objects  

and their installed positions. 
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Fig. 13 Location of the detected objects on the seabed and the 

trajectory of a research vessel. The line shows the 
trajectory, whereas the dot indicates the objects. The x-y 
axes show the Japan Geodetic Datum 2000. 
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