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Abstract: The complicated and changeable underwater environment increases the difficulty of pattern 
recognition for robotic fish swimming gaits. Aiming at this question, environment sensing and pattern 
recognition using an artificial lateral system are investigated in this work. Imitating lateral line of real fish in 
nature, a novel artificial lateral line system for robotic fish is designed in this paper. Based on this novel system, 
the pressure information around robotic fish can be sensed when robotic fish swims in different gaits, so the 
feature points can be extracted from the pressure information. And then, based on the feature points, a 
subtractive clustering algorithm is used to recognize the swimming gaits of robotic fish. So the pattern state of 
robotic fish can be obtained, which provides a basis for the quick control of robotic fish in water. Finally, a 
validation experiment is conducted with freely swimming robotic fish. The validity of this novel system is 
demonstrated. And the feasibility and accuracy of subtractive clustering algorithm used in pattern recognition 
for robotic fish is verified too. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

The realization of traditional pattern recognition 
for robotic fish swimming gaits is usually based ob 
machine vision and image processing technology. 
The above method excessively depends on the image 
capture by camera. When robotic fish swims in deep 
sea or dark night, the accuracy of pattern recognition 

cannot be guaranteed for there is little light can be 
used for image capture. So, the investigation of the 
novel artificial lateral line system (ALLS) is a very 
important work. 

The fish lateral line system is a unique sense 
organ of fish and amphibians, helping to detect 
hydrodynamic information around. It enables fish to 
accomplish a variety of underwater activities, such as 
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localization of moving prey detection and  
capture [1-3], detection of stationary objects, 
obstacles avoiding, schooling [4], rheotaxis [5] and 
social communication [6-8]. In addition, the lateral 
line system of fish feels the stimulation of water 
around through the sensory nerve cells, so they can 
help fishes to response to the environment quickly. 
For this reason, based on this biological function and 
mechanism, researcher expect to design a biomimetic 
ALLS for robotic fish to sense the surrounding 
environmental information and make prompt reaction 
on the hydrodynamic change. 

In recent years, with the further development of 
sensing technology, massive flow sensors  
are designed to sense the hydrodynamic  
information [9, 10]. In [11], pressure sensor is used to 
estimate the hydrodynamic force acted on underwater 
vehicle and an estimation model is built, so that 
maneuvering accuracy for environmental monitoring 
can be improved.  

A pressure sensor array is distributed parallelly on 
a rigid body, using which the difference between 
uniform flows and Karman vortex streets can be 
discriminated and the hydrodynamic features, such as 
vortex shedding frequency, vortex travelling speed 
and downstream distance between vortices and the 
wavelength, can be computed  
in [12]. What is more, T. Salumäe and M. Kruusmaa 
did researches on an ALLS formed by pressure 
sensors array using in an underwater vehicles for 
detecting hydrodynamic regimens and for controlling 
the robot’s motion with respect to the flow [13]. 
These researches usually used the sensing system to 
sense the hydrodynamic information, the direction 
and the speed of flow around, which can promote the 
development of fluid mechanics study. However, the 
sensors in those ALLSs above are mostly fixed on a 
column, which contains some defects such as simple 
structure, low distribution regularity, weak in 
biomimetic, and it is difficult to mimic the sensing 
ability of real fish. In addition, the lateral line 
research normally applies on flow sense, and there is 
little research on the pattern recognition for the status 
of robotic fish itself. Thus, without this accuracy 
status information from outside, it is difficult to 
complete the tasks for robotic fish quickly. To 
resolve this problem above, in this paper, we 
absorbed the distribution feature of real fish in nature, 
and designed a novel ALLS using pressure sensors 
array for robotic fish. By applying this system, the 
pressure information around robotic fish can be 
sensed, and provide a basis for pattern recognition of 
robotic fish swimming gaits. 

The application of subtractive clustering 
algorithm in pattern recognition is very widespread. 
Subtractive clustering algorithm is a rational means 
to divide the input and output data, quickly 
implementing exact and effective classification for 
massive databases. At the same time, subtractive 
clustering algorithm is able to generate a more 
structured class set, and the clustering results are 
completely independent of sequence initial 

arrangement or input order, also that has nothing to 
do with the order of clustering process. An efficient 
technique for mining web usage profiles based on 
subtractive clustering that scales to large datasets in 
proposed in [14]. Data classification can be 
implemented without the dependence of input 
parameters. Paper [15] developed a new two-phase 
clustering algorithm and applied it to sense 
generation of abbreviations in clinical text, which has 
a result of 85 % senses on average.  

Subtractive clustering algorithm considers every 
data point as possible cluster center, and it overcomes 
the calculation problems of other clustering 
algorithms. And the result of the subtractive 
clustering is not associated with data dimensions. 
Paper [16] developed a control dynamic model to 
capture the motion of the high-speed electrical 
multiple units (EMU) and then uses it to design a 
desirable speed tracking controller for EMU. 
Subtractive clustering algorithm is exploited to model 
the running process and the modeling accuracy is 
greatly improved. The main contributions of this 
paper are as follows. 

1) Imitating lateral line of real fish in nature, a 
novel artificial lateral line system is designed and is 
used in the self-developed robotic fish. 

2) The ALLS is used to sense the pressure 
information around robotic fish in different 
swimming gaits. And then, using the pressure 
information, a subtractive clustering algorithm is 
proposed to recognize the swimming gaits of robotic 
fish and obtain the pattern state of robotic fish, which 
provides a basis for the quick control of robotic fish. 

The remainder of this paper is organized as 
follows. Section 2 describes the robotic fish and the 
novel ALLS. The pressure feature around the robot in 
different swimming gait obtained by ALLS is given 
in Section 3. Then, the subtractive clustering 
algorithm is presented to recognize the swimming 
gaits in Section 4. Section 5 shows the result of 
validation experiment. Finally, Section 6 summarized 
this paper. 
 
 

2. The Robotic Fish and Novel Artificial 
Lateral Line System 

 
2.1. The Robotic Fish 
 

The fish robot mimics the geometry and 
swimming mode of an ostraciiform boxfish  
(as in Fig. 1). Fig. 1(c) shows mechanical 
configurations of the boxfish robot, which consists of 
a well-streamlined main body, two degree-of-
freedom propulsive unit of paired pectoral fins and 
one degree-of-freedom propulsive unit of caudal fin. 
The robotic fish mounts ALLS, machine vision 
system, inertia measurement unit, infrared 
measurement unit, helping to acquire a good sensing 
perception of the external environment. The robotic 
fish uses ARM 11 as main controller which contains 
a linux operating system. The ARM processor has a 
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strong calculating capacity, helping to analysis the 
pressure information quickly. 
 
 

 
 

Fig. 1. (a) boxfish in nature, (b) fins distribution of boxfish, 
(c) bionic robotic fish. 

 
 

Robotic fish swims by the thrust generated from 
pectoral fin and caudal fin. The servomotor creates 
vibrations so drive the fin swing. As sinusoidal signal 
can create smooth vibrations and permit adjustment 
of the control parameter in a flexible way, so a 
sinusoidal signal is chosen as the control signal to 
motivate the servomotor. A central pattern generator 
(CPG) can generate coordinative and periodic 
vibrations with a simple input. Therefore, CPG model 
is used in this paper to make the system return to a 
steady state rapidly even it subjects to small transient 
perturbations. The motion equations of harmonic 
oscillation for robotic fish are equation (1) to (4). 
 

 ( ( ) 2 )i i i ix X x xβ β= − −  , (1) 

 
 ( ( ) 2 )i i i iA xα α α α α= − −  , (2) 

 

1,

( ( ) 2( 2 ))
N

i ij ij j j i i i
j j i

fφ μ μ α φ φ φ π
= ≠

= − − − , (3) 

 
 cos( )i i i ixθ α φ= + , (4) 

 
where ix , iα  and iφ  are the state variables 

representing offset, amplitude, and phase of the thi  
oscillator, and variable iθ  is its output. The value of 

ix , iα  and iφ  is determined by equation (1), (2) and 

(3) respectively. The parameter if , iX  and iA  are 

control parameters for the desired frequency, offset 
and amplitude of oscillations. The thrust generated 
from pectoral fin and caudal fin is determined by 
amplitude α  and frequency f , and offset x  
changes the direction of thrust, and phase difference 
is used to couple the motion of various joints and  
to express the different swimming models of  
robotic fish. 

2.2. Novel Artificial Lateral Line System 
 

In order to make the robotic fish have the pressure 
sensing ability like real fish, we absorbed the 
distribution feature of real fish in nature, and 
designed a novel ALLS using pressure sensors array 
for robotic fish. The distribution of sensing unit 
mainly draws lessons from the distribution feature in 
boxfish, completely complying with bionics 
characteristic, so the system can obtain the flow 
information more efficiently and accurately. The 
distributions of lateral line in boxfish and robotic fish 
are shown as Fig. 2. 
 
 

 
 

Fig. 2. (a) The black dotted line is the distribution of 
boxfish lateral line (cited from [17]) (b) Red line is the 

distribution of robotic fish lateral line. 
 
 

The novel ALLS is composed of 9 pressure 
sensors array, and they are distributed symmetrically 
along each side of the robotic fish: P1, P2 and P3 
locate in front of the head of the robot; P4, P5 and P6 
lie in the left side of body; P7, P8 and P9 lie in the 
right side of body, shown as Fig. 3. The pressure 
sensor is welded onto a printed circuit board and 
embedded in the body of robot. These sensors build 
the core unit of ALLS, and can sense the  
flow information and hydrodynamic feature,  
which provide a new way for underwater 
information-obtaining. 

CPS131 is a miniature high-sensitivity, low-noise, 
high-linearity, IIC supported sensor and is selected in 
this system. The measuring range of the sensor is 
120 KPa and the sensitivity is 0.15 Pa with a 24-bit 
digital signal. The sensors are connected to a 
miniature ARM7 computer. The ARM7 processor 
collects the pressure signal from IIC bus and sends 
the signal to the main controller ARM11. All the 
higher level control and processing is implemented 
by ARM11 processor, and its high performance 
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makes sure the well compute and control for the 
robotic fish. 
 
 

 
 

Fig. 3. Location of pressure sensors in robotic fish. 
 
 

3. Sensing the Pressure Feature Around 
the Robotic Fish in Different 
Swimming Gaits Based on ALLS 

 
Fish swims in water through coordinate motion of 

body and tail, and it is world famous for excellent 
propulsive efficiency and extraordinary flexibility. 
Robotic fish swims by the thrust generated from 
pectoral fin and caudal fin. The two pectoral fins 
provide thrust for multimodal swimming while the 
caudal fin can acquire high swimming speed or act as 

a rudder. By controlling the pectoral fin and caudal 
fin in different oscillating state, the robotic fish 
swims in different swimming gaits: forward 
swimming, turning left, turning right, swimming 
ascending and swimming diving. Fig. 4 shows the 
five swimming gaits and the corresponding 
oscillating state of fins. 

It is a very complicated physical model that fish 
swims in water, which involves statics, dynamic, 
mechanics, and other discipline. At the same time, 
hydrodynamic forces acting on the robotic fish are 
segregated into added mass terms, viscous damping 
terms, and disturbance terms from the non-static 
background flow. Based on the feature of 
hydromechanics, the ALLS can sense the 
hydrodynamic information around the robot when it 
swims in different swimming gaits. 
 
 
3.1. The Pressure Variations around  

the Robot under the State of Forward 
Swimming Gait 

 
When the robotic fish swims in a forward 

swimming gait, the ALLS sense the pressure 
information and transport it to upper platforms for 
data analysis. Fig. 5 shows the data information of 
9 sensors when in forward swimming gait, where P1 
denotes the first sensor, similarly to others. From the 
figure we know that the signal fluctuation shows the 
force change around the robot. As the sensors in front 
of the head are deeper in water and are face to flow 
direction, the pressure is bigger than other sensors. 

 
 

 
 

Fig. 4. Illustrations of typical swimming gaits of the robot: (a) forward swimming, (b) turning left, (c) turning right, 
(d) swimming ascending, (e) swimming diving. 
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Fig. 5. The pressure variation under the state of forward swimming gait. 
 
 

3.2. The Pressure Variations around  
the Robot under the State of Turning 
Left and Turning Right Gait 

 

When the robot swims in turning gait, the length 
of moving path is different between two sides of the 
robot: turn left, moving path in right side is longer 
than left side; turn right, moving path in left side is 
longer than right side. So there is a different feature 
in two side sensors, shown as Fig. 6. In this figure, 
P4~P6 represents the sensors located in the left side 

of body, marked in red line; P7~P9 denoted the 
sensors located in the right side of body, marked in 
blue line. These three pictures in the first row are the 
pressure variations around the body of the robot 
when turns left; the three pictures in the second row 
are the pressure variations around the body of the 
robot when turns right. From Fig. 6 we know that 
when the robot turns left, the pressure in the right 
side is greater than the left side, and similarly, when 
turns right, the pressure in the left side is greater than 
the right side. 
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Fig. 6. The pressure variation of each side of body when the robot turns. 
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3.3. The Pressure Variations around  
the Robot under the State of Ascending 
and Diving Gait 

 

When the robotic fish ascends or dives, the depth 
of the robot would change, which result in the 
pressure variation along with the depth change. Fig. 7 
shows the pressure variations of each pressure sensor 

when the robot in the state of ascending and diving 
gait. In the Fig. 7, red line denotes the pressure 
variations when the robotic fish swims diving, and 
the pressure increases with the increase of the depth. 
In addition, the blue line represents pressure 
variations when the robotic fish swims ascending, 
and the pressure decreases along with the reducing of 
the depth. 
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Fig. 7. The pressure variation under the state of ascending and diving gait. 
 
 

By analyzing the pressure information above, 
ALLS is able to measure and present the 
hydrodynamic pressure information when the robot is 
under the state of different swimming gaits. The 
ALLS based on pressure sensors can sense the flow 
information effectively, which fully explained the 
validity and reasonableness of the design of this 
system, and provides a new way for underwater flow 
information obtaining. 
 
 

4. Motion Pattern Recognition of Robotic 
Fish Based on Subtractive Clustering 
Algorithms 

 

Subtractive clustering algorithm is a fast 
algorithm for estimating the number of clusters and 
cluster centers. It is an effective means to divide the 
input and output space and is widely used in pattern 
recognition field. Based on the pressure data of 
robotic fish with different swimming gait obtained by 
the ALLS, we exploit subtractive clustering 
algorithm to estimate the cluster centers of pressure 
data with different swimming gait. And then we 
effectively divide the pressure data to determine the 
swimming gaits of the robotic fish. 

With n  groups of pressure data 

{ }1,..., ,...,i n=M M M M  (where, data point 

{ }1 2 9 1 2 9, ,..., , , ,...,i P P P Pr Pr Pr=M ) obtained from 

Section 3, the subtractive clustering of robotic fish is 
carried out as follows. 
 
 
4.1. Subtractive Clustering 

 
1) Set initial parameters, set an effective 

neighborhood radius of a clustering center 
minar r= , 

and choose a step increment ε , and 0ε > ; 
2) Calculate the density criterion of each data 

point ( )1,...,i i n=M  

 
 

( )

2

2
1

|| ||
exp

/ 2

n
i j

i
j a

C
r=

 −
= − 

  


M M
, (5) 

 
3) Find out the max density criterion 

max1 max iC C= , the corresponding data point can be 

confirmed as the first clustering center 

1 max|
i

c
i C=M M  
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4) Choose
b ar rλ= , use equation (6) to adjust the 

density criterion 
 

 

( )
2

1
max1 2

|| ||
exp

/ 2

c
i

i i

b

C C C
r

 −
= − − 

  

M M , (6) 

 
And find the maximum density criterion max jC , 

so the corresponding data point is chosen as the new 
cluster center. Among the equation, br  is a 

neighborhood radius with a smaller density criterion, 
it is a positive constant. 
 

 
max

max 1

j

j

C

C
θ

−

< , (7) 

 
Judge equation (7), if it is not right, go to Step 5) 

to continue to choose clustering center. If it is right, 
then exit the procedure. 

6) Then f  cluster centers can be obtained, and 

f n< . 

This paper uses the above steps 1)~6) to divide 
the pressure data of robotic fish with 5 swimming 
gaits. In each swimming gait, f cluster centers can 

be obtained. So we can obtain 5 f×  cluster centers. 

(Forward swimming gait: cluster centers 1 ~ f ; 

Turning left gait: cluster centers 1 ~ 2f f+ ; Turning 

right gait: cluster centers 2 1 ~ 3f f+ ; Swimming 

ascending gait: cluster centers 3 1 ~ 4f f+ ; 

Swimming diving gait: cluster centers 4 1 ~ 5f f+ ). 

 
 
4.2. Classification 
 

In order to classify the pressure data into 
corresponding swimming gait which is the pattern 
recognition for robotic fish swimming gaits, the 
membership functions pqu  of are defined by 

 

2
5

1

1

|| ||

|| ||

pq
cf

p q

c
k p k

μ

=

=
 −
 −  


M M
M M

 ( )1,..., ; 1,...,5p l q f= = , 
(8) 

 
where l  is the number of pressure data. 

The membership functions of each swimming gait 
are obtained by equation (8), and then we should put 
the pressure data into the corresponding swimming 
gait. The index function is defined by 
 

 arg max{ }pqL μ= , (1) 

 
where L

 
is the nearest cluster center of the i th 

pressure data. We can find the sequence number of 
swimming gait for the i th pressure data by 
confirming the class number of L . 

5. Experiments 
 
5.1. The Determination of Cluster Center 
 

This section presents a validation experiment with 
the self-developed swimming robotic fish to verify 
the validity of the proposed method. Fig. 8 shows 
robotic fish swims in a pattern of number “8”. Firstly, 
we adopt the ALLS (9 sensors) to obtain the pressure 
data and collect 300 groups of the pressure data 

{ }1 2 300, , ,t t t t=M M M M
 

( 1, 2,...,5t = ) of five 

swimming gaits respectively. In each swimming gait, 
the data are equally distributed in time. Secondly, we 
use the subtractive clustering algorithm in subsection 
4.1 to calculate the cluster centers for 300 groups of 
data in each gait. In order to confirm the optimal 
number f  of cluster centers, we compare the 

accuracy of pattern recognition in different number of 
cluster centers. Setting the turn of swimming gaits of 
the robotic fish as follows, turning right- forward 
swimming- turning left- swimming diving- 
swimming ascending. Fig. 9 shows the online pattern 
recognition process when 5,6,7,8f = . Fig. 10 

shows the accuracy curve of pattern recognition with 
5 swimming gaits when f  changes. (In Fig. 9 and 

Fig. 10, SD denotes Swimming Diving; SA denotes 
Swimming Ascending; TR denotes Turning Right; 
TL denotes Turning Left; FS denotes  
Forward Swimming). 
 
 

 
 

Fig. 8. The robot swims in a pattern of number “8”. 
 
 

Fig. 9 shows the results of pattern recognition 
based on subtractive clustering algorithm. When 
setting 5f = , the accuracy rates of each swimming 

gaits are not high enough. We can see that some 
turning right gaits are recognized as turning left gaits 
and some swimming diving gaits are recognized as 
swimming ascending gaits or turning right gaits. 
With the number of f increases, the accuracy rates 

increases too. Fig. 10 further shows that the accuracy 
rates increase with the increase of the number of 
cluster centers. When 7f = , we can obtain the 

optimal accuracy rates. The accuracy rates of  
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5 swimming gaits respectively are as follows. 
forward swimming gait: 98 %; turning left gait: 
98 %; turning right gait: 96 %; swimming ascending 
gait: 96 %; swimming diving gait: 96 %. But when 

8f = , the accuracy rates have a downward trend, 

the accuracy rate of forward swimming gait decreases 
to 94 %. Therefore, we confirm the optimal number 
of f  as 7. The cluster centers data of turning right 

gait are listed in Table 1. 
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Fig. 9. Figures (a), (b), (c), (d) represent the online recognition process when 5,6,7,8f = . 

 
Table 1. The cluster centers data of robotic fish with turning right gait. 

 
The cluster centers 

number 
Cluster centers data 

Cluster center 1 
P  189.5 221.1 214.2 125 48.1 43.9 115.4 87.9 79.6 
Pr  -27.6 -16.4 -131.6 -49.6 274.4 126.4 60.4 -38.4 -318.4 

Cluster center 2 
P  63.2 166.2 178.5 146.9 76.9 34.4 63.2 60.4 104.4 
Pr  120.8 16.4 -44 -164.8 -126.4 142.8 137.2 55.2 -38.4 

Cluster center 3 
P  166.2 195 155.2 133.2 136 70 115.4 85.7 -39.8 
Pr  -11.2 -38.4 142.8 104.4 -137.6 -181.2 -170.4 -11.6 241.6 

Cluster center 4 
P  160.7 199.1 155.2 97.5 116.7 89.3 115.4 38.5 8.2 
Pr  -55.2 -93.2 -44 132 38.4 -104.4 -11.2 -82.4 -142.8 

Cluster center 5 
P  131.8 153.8 159.3 159.3 141.4 85.1 82.4 92.8 23.3 
Pr  -274.4 49.6 76.8 -49.6 -258 -203.2 -76 -129 324 

Cluster center 6 
P  144.2 258.2 260.9 223.8 101.6 -9.6 115.4 56.3 76.9 
Pr  104.4 60.4 44 -131.6 -98.8 159.2 120.8 170.4 60.4 

Cluster center 7 
P  109.9 173 162 139.3 114 60.4 90.6 95.1 -39.8 
Pr  164.8 164.8 208.8 38.4 -164.8 -181.2 -60.4 -178 538.4 
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Fig. 10. The accuracy curve of pattern recognition with 5 
swimming gaits when f  changes. 

 
 

5.2. Verification Process 
 

In order to further verify the accuracy rate of the 
pattern recognition based on subtractive clustering 
algorithm when 7f = , this paper randomly sets the 

swimming gaits of robotic fish (We change the 
swimming gaits every 10 seconds, set the turn of the 
swimming gaits as follows, swimming diving- 
swimming ascending- turning left- forward 
swimming- turning right- turning left- turning right). 
The verification process of pattern recognition is 
shown in Fig. 11, the accuracy rates of 5 swimming 
gaits are listed in Table 2. And Fig. 12 lists the  
curves of pressure 2P , 4P , 7P  during the  

recognition process. 
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Fig. 11. The verification process of pattern recognition 
with 5 swimming gaits. 

 
 

In Fig. 11 and Fig. 12, the accuracy rates of  
5 swimming gaits are higher than 90 % when 7f = , 

which shows the effective generalization ability of 
pattern recognition based on subtractive clustering 

algorithm. It can be applied in the pattern recognition 
of actual robotic fish. And the curves of pressure 2P , 

4P , 7P  during the recognition process meet the 

pressure change rules in Fig. 5, Fig. 6 and Fig. 7, 
which shows the effectiveness of the proposed 
validation experiment. 
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Fig. 12. (a), (b) The curves of pressure, during the 

recognition process. 
 
 

6. Conclusions 
 

Aiming at the existing problem of pattern 
recognition for robotic fish swimming gaits, a novel 
ALLS for pressure sensing around robot is designed 
when robotic fish swims in different gaits. The 
subtractive clustering algorithm is introduced to 
recognize the swimming gaits of robotic fish, and the 
pattern state of robotic fish can be obtained 
successfully, which provides a basis for quick control 
of robotic fish. The Environment perception and 
environmental cognition technology of robotic fish 
will be investigated in the future.  
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Table 2. The accuracy rates of 5 swimming gaits in validation process. 
 

The number of 
cluster centers 

The swimming gaits of robotic fish 
Forward 

swimming 
Turning left Turning right 

Swimming 
ascending 

Swimming 
diving 

7 95 % 91.25 % 91.25 % 100 % 95 % 
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