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Abstract

Machine learning method is used to study the wall detection possibilities of a
swimming Biomimetic Autonomous Underwater Vehicle (BAUV) by measuring the
dynamic pressure surrounding the vehicle body. A BAUV of 90cm length, 25¢cm width
and 50cm high with pressure sensors on body sides and on its head was built to sense
the pressure around the BAUV.

An architecture for the design of a two-class pressure signals classifier in an
underwater environment is proposed. The classifier is based on a support vector
machine, features vector are dynamic pressure signals processed by a band-pass filter
and then their root-mean-square values are ensemble to represent the feature values.
Feature vectors for classification are adaptively selected to form significant feature
vectors by a feature selection method. Finally, the classifier is used for classifying the
selected features. It is shown that a BAUV could use the dynamic pressure signals to

estimate the presence of a solid wall beside it by the classifier.

Keywords: Biomimetic Autonomous Underwater Vehicle, lateral line, swimming

kinematics, environmental detection

iii



CONTENTS

FR BB veeeeereceerecrreeeiteesrreessareessressrsresersaessssaessssresssssesssssessrssessnsaesnnsosss Bttra B fbe re b ke B i
D ii
ADSETACT. ..ottt ettt et a e et eehe e bt e bt e eabeesatean il
CONTENTS ettt ettt et e e e te et eeae e teeneesseeseeneesneenseeneenseens v
LIST OF FIGURE ..ottt st ae e vi
LIST OF TABLES ...ttt ettt sttt et sse et e e nas Xiv
LIST OF SYMBOLS ...ttt ettt enae e XV
Chapter 1 INEFOAUCTION ...t e 1
1.1 IMOTIVALION ..ttt ettt e 1

1.2 LAtErature TEVIEW ..c..eeiuiiiiiiiieeiieeiie ettt ettt ettt e 3

1.3 ThesiS OrganiZation..........ccueeervieeiieeeiieesieeesieeesaeeeseeeeereeesreeesareees 5
Chapter 2 Feature Classification by Support Vector Machine..................... 6
2.1 Support Vector Maching ...........cccveeeiiieriieeiiieeeiee e 6
2.1.1 Linear ClassifiCation..........cooueiiiierieiiiienieeieeie e 6

2.1.2 Non-Separable Cases........cecvveeeeiiieriieeriie et 13

2.1.3 Nonlinear Support Vector Classification ...........ccceeeveereveencueeennnenn. 17

2.2 Kernel FUNCHON ........oiuiiiiiiiiice e 21

2.3 Parameters of Support Vector Machine...........cccccceeeevieniieenneennee. 23

v



23.1

232

Chapter 3

3.1

3.2

3.3

Chapter 4

4.1

4.1.1

4.2

4.3

44

4.5

Chapter 5

REFERENCES

Appendix ............

Parameter OptimiZation............ccccvveeriieeenieeenieeesieeeeiiaeseeeseaeeee e 24

Cross-validation........cocueeiiiiiiiiie et 25
Pressure Signal ProCeSSING......ccovieerierieneene e 27
Data PreproCesSing .......eeecveeerieeriieeeiieeeieeesieeeseeeeseveeesseeesseeeeenes 27
Feature EXtraction ........c.cccooieiiiiiieiiiiiieiiceeeeeeee e 48
Feature Selection ..........cocoiiiiiiiiiiiiiiieeeeee e 49
EXPErIMENTS ..o 51
Hardware of the BAUV ..., 51
Biomimetic Autonomous Underwater Vehicle..............ccccenienee. 51
Pressure SENSOTS .....coivuiiiiiiiiiiiieeiiieeeee et 53
Experimental SEtup ........ccceeviiieiiiiiie e 55
Experimental Results..........ccccoveeiiiiiiiiiiiiiieeieeeeeeeee e 57
Experimental Results of Classification ............ccccceeeevieerieenneeennee. 67
Environmental Detection............coceeriiiiiiniieiienieeieeeeeeeeeeeen 69
CONCIUSIONS ... 87
............................................................................................................ 89
............................................................................................................ 92



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

2.1

2.2

23

24

2.5

2.6

2.7

2.8

3.1

3.2

33

34

3.5

3.6

LI1ST OF FIGURE

Two different kinds of data in a two-dimensional ...............ccoceeieiiiiinins 7
The classification Problem............cccvieviiieriieeiiie e 8
The case of the optimal separating hyperplane............cccoeeevvveriieenveeennneen. 8
The support vector and the separating hyperplane ............ccccceevveeeveennnee. 12
The separating hyperplane have data left the normal position.................. 13

Data of nonlinear classification is mapping into a high dimensional spacel7

Radial basiS TUNCHION .....oeeieeieeeee e e e e e e e eeenaes 24

An overfitting classifier and a better classifier..........ccccveeeiieercieeenieeenee. 26

Pressure measured by the commercial sensors attached on the robot fish27

Experimental pressure signal measured from sensor A (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 29

The frequency domain analysis of the experimental pressure signal of sensor

A by means of Fourier transformation............cccceeeevveerciieencieeenee e, 29

Experimental pressure signal measured from sensor B (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 30

The frequency domain analysis of the experimental pressure signal of sensor

B by means of Fourier transformation............cccceeeeveeeiiieeiieeeiiee e, 30

Experimental pressure signal measured from sensor C (upper panel) and the

vi



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

3.10

3.11

3.12

3.13

3.14

3.15

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 39

The frequency domain analysis of the experimental pressure signal of sensor

C by means of Fourier transformation............ccceeeeveeeriieenieeenieeeree e 31

Experimental pressure signal measured from sensor D (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 32

The frequency domain analysis of the experimental pressure signal of sensor

D by means of Fourier transformation ............cccceeeevveeiiieecieeeciee e, 32

Experimental pressure signal measured from sensor E (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 33

The frequency domain analysis of the experimental pressure signal of sensor

E by means of Fourier transformation.............cccceeeveeeiiieeniieencieeeeiee e, 33

Experimental pressure signal measured from sensor F (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 34

The frequency domain analysis of the experimental pressure signal of sensor

F by means of Fourier transformation ...........ccccceeeeuveeeciieencieeenieeceiee e, 34

Experimental pressure signal measured from sensor G (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)........ 35

The frequency domain analysis of the experimental pressure signal of sensor

G by means of Fourier transformation ............cccceeevvveeriieeiieeeniee e, 35

vii



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

3.16

3.17

3.18

3.19

3.20

3.21

3.22

3.23

3.24

3.25

RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims along the left side wall................cccoeeiiieiennnne. 37

RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims along the left side wall...............cccceevvieennnnne. 37

RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims in open field........ccccoeovieiiiieiiiieeieeeee e 38

RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims in open field........ccccoeovieiiiiiiciiiiieecie e 38

Ratio and difference of the RMS value of pressure at point B and G while the

BAUYV swims along the wall ..........ccccoooiiiiiiiiieee e 40

Ratio and difference of the RMS value of pressure at point B and G while the

BAUYV swims in open field..........ccocuveeiiieniiieeieeceeeee e 40

Ratio and difference of the RMS value of pressure at point C and F while the

BAUYV swims along the wall ..........ccccoooiiiriiiiiieee e 41

Ratio and difference of the RMS value of pressure at point C and F while the

BAUYV swims in open field..........ccocuveeiiieiiiieeieecie e 41

Ratio and difference of the RMS value of pressure at point D and E while the

BAUYV SWIMS the Wall .....ooiiiiiieee e eeeeeeeee e eaeee 42

Ratio and difference of the RMS value of pressure at point D and E while the

viii



Fig. 3.26

Fig. 3.27

Fig. 3.28

Fig. 3.29

Fig. 3.30

Fig. 3.31

Fig. 3.32

Fig. 3.33

Fig. 3.34

Fig. 4.1

BAUYV swims in open field..........ccoouveeiiieiiiieeiiecie et 42

Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims along the wall ............c.cooovveiiiiiiiiiiiee 44

Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in open field........ccccoeoiieiiiieiiiiieieeeee e, 44

Ratio of the RMS value of pressure between the right side sensors and sensor

A while the BAUV swims along the wall.............ccccooeiiiiiiiiiceee 45

Ratio of the RMS value of pressure between the right side sensors and sensor

A while the BAUV swims in open field .........ccccoeveiienciieniieiee e, 45

Difference of the RMS value of pressure between the left side sensors and

sensor A while the BAUV swims along the wall.............c.ccocoveeviiennnenn. 46

Difference of the RMS value of pressure between the left side sensors and

sensor A while the BAUV swims in open field.........c.ccocvvevviiiniieennnn. 46

Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims along the wall.............c.ccccceeieiinnnnenn. 47

Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims in open field.........c.ccccovevviiienieeinnnne 47
Process Of feature SELECTION ...uneeeeee e e e e eeeeeens 50
The tail 0f the BAUYV ...t ea e e e aaes 52



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

4.2

4.3

44

4.5

4.6

4.7

4.8

4.9

4.10

4.11

4.12

4.13

The body 0f the BAUYV ..ottt e 53

MS5803-01BA commercial pressure SENSOTS......ce.vveeeveeerveeriveesesueeennnens 54
Position of sensors attached on the BAUV ... 55
Water tank .........oooiiiiiiii e 56
The BAUV swims along the wall............ccooovieiiiiiniiieieeeee e, 56

RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims along the left side wall...............cccceevviienennne. 59

RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims along the left side wall...............ccccoeeeiirennnnnne. 59

RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims in an open Water ..........cccccvveercveeerveeenveeeneveeennes 60

RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims in an open Water ..........cccccveerieeerveeenveeeseveeennes 60

Ratio of the RMS value of pressure at both side sensors while the BAUV

swims along the wall .........cccoooiiiiiiiiii e 61

Difference of the RMS value of pressure at both side sensors while the BAUV

swims along the wall .........c.ccoooiiiriiiiiii e 61

Ratio of the RMS value of pressure at both side sensors while the BAUV

SWIMS 1N @M OPEN WALET ..evvvieeiiieeiiieeiireeeieeeeireesiaeesaeeesseeessseeessseesnsseens 62



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

4.14

4.15

4.16

4.17

4.18

4.19

4.20

4.21

4.22

4.23

Difference of the RMS value of pressure at both side sensors while the BAUV

SWIMS 1N @0 OPEN WALET .e.uvvieeeiiieeiieeeiiieeeieeesieeesteeesaeeesssesssssaessesaeensseens 62

Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims along the wall ............cccoooiveiiiiiiiiiie, 63

Ratio of the RMS value of pressure between the right side sensors and sensor

A while the BAUV swims along the wall............cccooeiiiiiiiiiiiieeee 63

Difference of the RMS value of pressure between the left side sensors and

sensor A while the BAUV swims along the wall.............c.ccccoeeeniinnnnnn. 64

Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims along the wall.............c.cccooeevniiennenn. 64

Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in an open Water ..........cccccveerveeerveeenveeeneveeennes 65

Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in an open Water ..........cccccveercieeenveeenveeeneveeennes 65

Difference of the RMS value of pressure between the left side sensors and

sensor A while the BAUV swims in an open Water..........cccceevveerveeennnenne 66

Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims in an open water...........ccceevveerveeennnennne 66

Tank layout of the eXperiment ............cccveevieeeciieecie e, 69



Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

4.24

4.25

4.26

4.27

4.28

4.29

4.30

4.31

4.32

4.33

4.34

4.35

4.36

4.37

4.38

Distance-time plot of the BAUV motion..........ccceevvvieeeiieeccieiiiie e 70

The selected features of experimental results (3 features out of 10)........ 71

The selected features of experimental results (another 3 features out of 10)

.................................................................................................................. 71
The selected features of experimental results (4 features out of 10)........ 72
The results of wall detection (case 1) ......cccvveeeviieeiiieeiiie e 74
The results of wall detection (Case 2) ......cevvvveeriieeriiieeriie e 75
The results of wall detection (Case 3) ...c..ceevvveeriieeriiieeciie e 76
The improved results of wall detection (case 1).......ccceevveevcvieeecreeenneeennee. 78
The improved results of wall detection (case 2).......cceeevveevevveercrieerneeennne. 79
The improved results of wall detection (case 3).......ccceevveeeevveeeirieerreeennne. 80
Tail MOLOT POSILION....cceuiireiiieeiiieecieeestee e e et e et eesaeeeereeeereeenereeenenes 81

Selected features of experimental results before the robot turning (3 features

OUL OF 10) 1ottt e e e e sabee e ebeeenaeas 82

Selected features of experimental results before the robot turning (another 3

features OUt OF 10)....cceiiiieiieeiieceeeee e 83

Selected features of experimental results before the robot turning (4 features

OUE OF 10) 1ottt e et e e e e e saaee e abeeenaeas 83

Selected features of experimental results after the robot turning (3 features

Xii



Fig. 4.39

Fig. 4.40

Fig. 4.41

OUE OF 10) 1ottt e e eesea e e eeaa e s A e e e neaeennees 84

Selected features of experimental results after the robot turning (another 3

features OUt OF 10)....cceiiieeiieeiieceeee e e 84

Selected features of experimental results after the robot turning (4 features

OUL OF 10) 1ot et e e s e e sabeeesnbeeeeaeas 85

The extended experiment results of wall detection ............ccceeevveeereennnee. 86

xiii



Table 1

Table 2

Table 3

Table 4

LIST OF TABLES

Index of extracted feature VECTOTS. .....cccueivuieriiiniiniieieeeieete et 57
Manually selected feature.........ccoeevveeeeiieeiiieeiieceeee e 67
Selected feature by IMpPOTtanCe. .........ceeeevieeeciieeiiieeeiie e eevee e e 68
Commercial pressure sensors MS5803-01BA technical data................... 92

X1v



Vi

$i

Yi

sgn

LIST OF SYMBOLS

Input vector

Class labels

The hyperplane
Parameters of the classifier
Parameters of the classifier
Euclidean distance
Lagrange multiplier
Lagrangian

Partial derivative operator
Slack variables

The penalty parameter
Lagrange multiplier

The nonlinear function
Sign function

The number of support vector
The kernel function

The kernel parameter

The kernel parameter

XV



.ua,k

Up

O’B,k

The kernel parameter

Important dimension function

A hyperplane corresponding class a and class 3

Feature dimension

The mean value of the feature dimension k in class a

The mean value of the feature dimension k in class 3

The standard deviation of the feature dimension k in class a

The standard deviation of the feature dimension k in class 3

Xvi



Chapter 1 Introduction

1.1 Motivation

Most fish use the lateral line system as an important sensory organ to make up for
lack of other organs, such as the fish in the harsh underwater environment, they must
rely on the lateral line system to sense the surroundings for obstacle avoidance and
navigation. In this study, we choose the commercial pressure sensors as the lateral line
system to measure the change in near field pressure of water flow.

Machine Learning is very popular in recent years, it can find a lot of seemingly
meaningless signals which implied useful information through machine learning.
Classification is one of the topics discussed in machine learning theory, it analyzes its
signal and then classifies them with known categories, in this way, it will be able to
establish a model represents the relationship between the input and the output category,
then, we classify unknown signals according to the model, finally, the decision results
obtained.

There are a variety of classifiers, such as genetic algorithm(GA),artificial neural
network(ANN), Bayesian classification method, support vector machine(SVM) and so
on. SVM is a machine learning methods for data classification, regression and pattern

recognition. Because SVM classification ability is quite good, it has been widely used in



handling with classification problems in recent years.

The pressure sensors inspired by the lateral line system were developed to mimic

the sensory capabilities evolved in real fish. Fish are able to sense the surroundings by

using the lateral line’s feedback, such as detecting of stationary objects, schooling,

tracking prey, avoiding obstacles and so on. There are lots of existing studies on

artificial lateral lines that measure signals by fixed sensors, In order to implement the

sensory systems, we equipped the array of pressure sensors on the surface of the BAUV,

and dedicate to distinguish the pressure field around the BAUV by SVM in this thesis.

Therefore, our motivation is to find out the different pressure signals by the pressure

sensors between the BAUV swims along the wall and in the open field, and distinguish

the pressure signals in two cases (along the wall and in the open field) by machine

learning theory.



1.2 Literaturereview

In the sight of unclear underwater environment, the lateral line system is an

important sensory organ for fish to sense surroundings [1], The lateral line consists of

arrays of hair cell sensors, it allows an aquatic animal to identify objects of near field

and perform hydrodynamic imaging of the environment, therefore, fish are able to

detect predators/prey [2], school [3] and detection of stationary objects [4] by the lateral

line system.

The biological lateral line system has inspired the effort to engineer artificial lateral

lines for applications in underwater vehicles, It provides a useful supplement to existing

sensing instruments, such as cameras and sonars. In order to mimic this sensing system,

some pressure sensors were employed to measure the hydrodynamics information to

estimate distance detection and location. Coombs [5] develop the flow sensor and used

the gradient of pressure to detect amplitude and distance of a dipole. Fernandez [6]

identified both passive and active objects from pressure signals measured by pressure

S€nsor array.

In Neuro-physiological studies, the distance and amplitude of a dipole source could

be estimated by pressure difference. An analysis of mottled sculpin responding to a

vibrating source also was discussed in his research. And the result is consistent with the

assumption in which fish would detect distance and direction of a vibrating source. To

3



engineer such a biologically inspired sensing system, numbers of artificial lateral line

systems were developed to detect for fish-like underwater sensing [7].

Pressure difference of flow field of swimming fish were provided to study the

behavior of aquatic locomotion, there are various types of model for different purposes

have been demonstrated in discussing different topics, such as fish school, saving

energy, and BAUV designing. Windsor et al attempted to compare the hydrodynamic

imaging in different situation by Blind Mexican cave fish depend on the flow field [8]

[9].

The support vector machine (SVM) is developed based on the idea of structural risk

minimization (SRM) induction principle [10] that aims at minimizing a bound on the

generalization error, rather than minimizing the mean square error.

In many applications, SVM has been shown to provide higher performance than

traditional learning machines and has been introduced as powerful tools for solving

various classification and regression problem [11] [12], for the classification case, SVM

has been used for isolated handwritten digit recognition [13], speaker identification, face

detection in images, knowledge-based classifiers [14], and text categorization [15].

As in traditional pattern-recognition systems, the model consists of three main

modules [16]; a feature extractor that generates feature vectors from the signals; the

feature selection method that choose the important feature vectors for classification, and a

4



feature classifier that outputs the class label based on the selected features.

1.3 Thesisorganization

This thesis is organized as follows. In chapter 2, we introduce the concepts of
SVM classifier, kernel function, and select parameters by the cross-validation method.

In chapter 3, we explain the scheme of pressure signal analysis used in this study,
then we describe the feature extraction and the feature selection methods. In chapter 4,
the system architecture of the BAUV are described, we first briefly introduce hardware
of the BAUV and the product of commercial pressure sensors. The experimental setup
are described, then, we presents two-class (near the wall and in the open field) classified
experiment results of the tested system and discussed. Finally, we conclude this study in

chapter 5.



Chapter 2 Feature Classification by Support Vector

M achine

Support Vector Machine (SVM) is one of the most powerful technique for data
classification, it has proven to provide higher performance than traditional learning
machines and has been introduced as powerful tools for solving intractable
classification and regression problem, so we choose SVM as the classification model

make us classify signals in the underwater environment.

2.1 Support Vector Machine
2.1.1 Linear Classification

Consider the two different kinds of data in a two-dimensional plane, it is shown in
Fig 2.1, the training data from two classes [(xq,¥1), (X2, ¥V2), ..., (X4, ¥p)] with input
vector x; and output data y;, the class labels y; € {+1,—1}. Because these data are
linearly separable, we can use a line to separate the two types of data, this line is

equivalent to a hyperplane and it can be represented by classification function

fx) =wlx+b (2.1)



>

Fig. 2.1 Two different kinds of data in a two-dimensional

Where w and b are the parameters of the classifier, and there exists parameters w and b

such that

T b > 1’ .= 1
{wa +bh>+ y; =+ 2.2)
wix+b< -1, y; =—1
and equivalently
yiwTx; + b) > 1, i=1,..,7¢ (2.3)

Fig. 2.2 depicts the classification problem.



Fig. 2.2 The classification problem

When the data point farther away from the hyperplane, and the confidence of the

classifier is better, therefore, we need to find the gap have maximal margin. Fig. 2.3

shows a simple case of the maximal margin and the small margin in a two-dimensional

input space.

Small Margin Maximal Margin

Fig. 2.3 The case of the optimal separating hyperplane

8



There are two parallel planes H; : wix+b =+1 and H,: wix+b = -1
both side of the separating hyperplane, and the same distance from the hyperplane, they
can be represented as Euclidean distance.

=IWTx+b| IWTx+b|= 2 (2.4)

Where ||w|| = VvwTw is the Euclidean norm of parameter vector w. From (2.4), the

problem of SVM is
2
max —
Iwll (2.5)

subject to yiwTx; +b)>1,i=1,..,1

and is equivalent to
: 1 2
min > lwl 06

subject to yiwTx; +b)=>1,i=1,..,1

Now the objective function is quadratic, each constraint will coupled with a Lagrange

multiplier o¢;> 0 in the Lagrange function let the problem converted to dual variable

optimization problem



l
Lw,b,a) =5 IWIE = Y @[y (o +5) ~ 1 @

i=1

The Lagrangian L must be minimized with respect to the primal variables w and b and
maximized with respect to the dual variables «;, the solution to parameters W and b is
equivalent to determining the saddle point of the Lagrangian. At the saddle point, the

derivatives of L with respect to primal variables will vanish.

oL l
ﬁ =0 - W= Z a;yix; (28)
i=1
l
oL
=0 > > ay=0 (2.9)
i=1

Let (2.8) and (2.9) substituting into Lagrangian (2.7), it eliminates the primal

variables W and b, resulting in the following quadratic programming problem as the dual

problem in the Lagrange multipliers, so the dual problem is solved in a = [aq, a3, ... ;]

instead of wW.

10



(2.10)

The Karush-Kuhn-Tucker theorem plays an important role in the theory of SVM,
owing to the problem of SVM is the convex problem, the Karush-Kuhn-Tucker (KKT)
conditions means that is a non-linear programming problems can have the optimal
solution of necessary and sufficient conditions for w, b, a. Thus solving the SVM
problem is equivalent to finding a solution to the KKT conditions. According to this, the

solution of problem (2.10) has the equality

ailywTx; +b) —1] =0, i=1,..,1 (2.11)

The dual problem (2.10) is solved in o = [@4, @3, ... a;] instead of w, then we can
determine the parameters w and b by (2.8) and (2.11).

About the hyperplane, data classification is a point x substitutes into (2.1)
calculates the results, and according to its sign to the category. From (2.1), the classifier

for binary classification problem can thus be written as

11



n

flx) = z a;y{x; - x)+b (2.12)

i=1

We only need to calculate the inner product for the new point X and the training data
points, in fact, only non-zero Lagrange multipliers «; take part in establishing the final
classifiers. These points that have non-zero corresponding Lagrange multipliers are
called Support \Vectors (SV). Support Vector are the point of the closest hyperplane in
two groups of data, so the hyperplane is to decide which point is Support Vector.
Therefore, where n is the number of Support Vector. Fig. 2.4 demonstrates the support

vectors and non-support vectors in a linearly separable classification case.

Non-support Vectors
(]

Support Vectors

Fig. 2.4 The support vector and the separating hyperplane
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2.1.2 Non-Separable Cases

Previously, we all assume that the classification problem is linearly separable data,
but most data sets are not able to be classified by linear hyperplanes in real world. The
data sets may not be nonlinear but simply because the data sets are noisy and cannot be
linearly classified, when a data point is misclassified, an error will occur and exert an
influence on the decision hyperplane, and these data that left the normal position are

called Outlier, it is shown in Fig. 2.5.

Outlier

Fig. 2.5 The separating hyperplane have data left the normal position
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The soft margin is allowed to tolerate misclassifications in such non-separable case, the

algorithm was introducing non-negative slack variables ¢ >0, i = 1,--+,1 in the

optimization problem [30]. The objective function to be minimized involves a second

term to account for the overlapping data and the constraints need to modified, therefore,

the equation (2.6) will be written as

. 1 2 C l
min SIwl +¢ )
i=1
2.13
subject to yiwTx; +b) = 1§ ( :

§=0 i=1..,1

Where C is a penalty parameter that accounts for the weights between margin

maximization and error minimization. A larger C corresponds to assigning a greater

penalty to errors. Such that the goal tends to put more emphasis on minimizing the

second term (training error) in the objective function (2.13). Simultaneously, this results

in larger weights, i.e. the margin is narrower. For a smaller C, more error can be

tolerated (more data can be misclassified), resulting in a wider margin. Note that for

linearly separable case, the penalty parameter C is equal to infinity.

14



The constraint is added to the objective function in a similar way as that in a
preceding subsection. By introducing Lagrange multipliers « > 0 and y = 0, the new

primal Lagrangian is

l
1
Lw, b€ @) =3 Iwl?+C )
i=1
(2.14)

l l
—z a;[yiwTx; +b) =1+ §] - zyifi

i=1 i=1

Again, the saddle point of the Lagrange function needs to be determined, the

Lagrangian is minimized with respect to w, b and §;, and maximized with respect to «;

and y;. The problem can be solved in the dual space in the same manner as above.

L l
ﬁ =0 - W= Z a;yix; (215)
i=1
l
oL
=0 > > ay=0 (2.16)
i=1
oL
2

15



And the KKT condition is

ailywx; +b) —14+&]=0

2.18
V& =0, i=1] 19

The same, substituting (2.15), (2.16) and (2.17) into (2.14), we can get a same result in
the following dual quadratic programming (QP) problem, and the only difference
between separable case and non-separable case in QP lies in a bound C of the Lagrange

multipliers «;.

(2.19)

The data point that have nonzero Lagrange multipliers are termed support vectors
and involve in constructing the decision hyperplane, among them, the points for which
0 < a; < C can be identified that {; = 0. These support vectors are referred to as
margin support vectors. The points for which a; = C are misclassified and their

corresponding &; > 0. These support vectors are called bounded support vectors. And

16



the decision hyperplane of a soft margin classifier is in the same form as question

(2.12).

2.1.3 Nonlinear Support Vector Classification

In real world problems, many data sets may exhibit nonlinear characteristics and
thus are not able to classified by linear hyperplanes. For the nonlinear case, SVM
approach is to map the data into a high dimensional space to solve the original space
linearly inseparable problem, Fig. 2.6 shows data cannot be classified in

two-dimensional space and thus mapped to the three-dimensional space is classified.

Fig. 2.6 Data of nonlinear classification is mapping into a high dimensional space
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Let an input vector X be mapped into a feature space by a nonlinear function @(x),

and we can use the linear classifier in the feature space. Thus, the nonlinear classifier is

f(x) = sgn[w!@(x) + b] (2.20)

And the separating hyperplane satisfies

yiwTdx)+b) =21, i=1,..,1 (2.21)

The objective function and the constraints become

. 1 2 C :
min ZIwiE+c) &
=1
| (2.22)
subject to yiwT@d(x)+b) =1—F

§>0 i=1..,1

18



The Lagrangian is

l
1
Lw b, §ay) =5 IwIZ+C ) %
i=1
l

=Y a w0k +b) ] -1+ &) (223)

i=1

!
—zyifi
i=1

The solution is solved by the saddle point of the Lagrange function.

oL :
3w =0 > w= Z a;yiD(x;) (2.24)
i=1
!
oL
FT 0o - Z a;y; =0 (2.25)
i=1

oL

l

And the KKT conditions are

aif{ y[w'o(x)+b]—-1+&3=0

2.27
V& =0, i=1] 227
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Substituting (2.24), (2.25) and (2.26) into (2.23), the QP problem becomes
1 T
max 2 a; — 2 aianin¢(xi) ) ¢(xj)

(2.28)

Also, the data points that have nonzero Lagrange multipliers are support vector, the

decision hyperplane of a nonlinear classifier is constructed using support vector as

f(x) =sgn [z a;y;®(x)" - B(x) + b (2.29)
im1

Where n is the number of support vector.
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2.2 Kernel Function

When using the nonlinear algorithms in the preceding subsection, the computation
of inner product < @(x;)" - @(x;) > in the feature space will be very complex and
computationally prohibitive, thus, the computation can be performed in the inner
products in the feature space using a kernel function K (xi,xj) = @(x;)T - ?(x;) to
yield the inner products in the feature space. And the QP problem of nonlinear classifier

with kernels can be formulated as

1
rr}IaX Z a; — > a;q;y;y; K(xl,x])
i=1 i,j=1
l
(2.30)
subject to a;y; =0
i=1
0<eg;<C, i=1,..1
There are four basic kernels:
1. Linear kernel
K(x;,x;) = x! - x; (2.31)
2. Polynomial kernel
d
K(xi, %) = [y (x] - ) + 1] (2.32)
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3. Radial Basis Function (RBF) kernel

K(xi%7) = exp (~vllx — x°) (2.33)

4. Sigmoid kernel

K(x;,x;) = tanh[y(x] - x;) + h] (2.34)

Where y,h and d are kernel parameters.

Since the nonlinear SVM model is employed, a kernel function has to be selected
from the qualified functions. From [17], it suggested the Gaussian RBF kernel, because
it unlike the linear kernel, the RBF can nonlinearly map the data into the feature space
so that it can handle the data with nonlinear attributes. Moreover, the linear kernel is a
special case of RBF kernel [18], and the sigmoid kernel behaves like RBF kernel for
certain parameters [19]. But, the sigmoid kernel is not inner product of two vectors
under some parameters [12]. The polynomial kernel has more parameters than the RBF
kernel, the RBF kernel has only one parameter, and therefore it has less numerical
difficulties. In addition, the values of the polynomial kernel may go to infinity or zero
when the degree is large, while the value of the RBF kernel is between zero and one.
For these reasons, the RBF kernel seems to surpass other commonly used kernels, so we

finally choose the RBF kernel in this study.
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2.3 Parameters of Support Vector Machine

The penalty parameter C controls the flatness or smoothness of the approximation
function. A larger C corresponds to assigning a greater penalty to error, indicates that
the goal tends to put more emphasis on minimizing the second term (training error) in
the objective function in (2.22). This will result in larger weights, which makes the
learning machine more complex. A smaller C may cause the errors too be excessively
tolerated, yielding a learning machine with poor approximation. If the data are noisy,
then smaller C values, which penalize the error less, may be preferred.

The radial basis function (2.33) has only a parameter y, which is related to the
spread of the function around its center. A larger y results in a smaller spread, and a
smaller y causes a wider shape of the radial basis function. Fig. 2.7 shows some

examples of the radial basis function for different y values.
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Fig. 2.7 Radial basis function

2.3.1 Parameter Optimization

The SVM model used in this study has two independent parameters (C,y) to be
determined. These parameters are often obtained by a manual trial and error method in
literature. And the grid search method is a straightforward and exhaustive method, it is
used to calibrate these parameters more effectively and overcome the probable

drawback of the manual trial and error method. Hsu et al [17] suggested the application

of a two-step grid search method. First, a coarser grid search (for example, C
275,273,211 ; y=275,273...,23) are used to determine the best region of grids.

Then, a finer grid search (for example, C =2!,2125 .25 ; y=
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2715 27125 215 is conducted to find the optimal parameters. The optimization

scheme used in this study is based on the above mentioned two-step grid search method.

2.3.2 Cross-validation

As the previous section 2.3.1, the purpose is to identify the best (C,y) that let the
classifier increased accuracy. A common way is to separate database to two parts of
which one is considered unknown in testing the classifier. Then the prediction accuracy
on this set can more precisely reflect the performance on classifying unknown data. And
this procedure is cross-validation.

In k-fold cross-validation, we first divide the dataset into K subsets of equal size.
Sequentially one subset is tested using the classifier trained on the remaining k-1 subsets.
Thus, each instance of the whole database is predicted once so the cross-validation
accuracy is the percentage of data which are correctly classified.

The cross-validation can prevent the overfitting problem. We use Fig. 2.8 which is
a binary classification problem to illustrate this issue. Filled circles and triangles are the
training data while hollow circles and triangles are the testing data. The testing accuracy
the classifier in Fig. 2.8 (a) and (b) is not good since it overfits the training data. If we
think training and testing data in Fig. 2.8(a) and (b) as the training and validation sets in

cross-validation, the accuracy is not good. On the other hand, classifier in Fig. 2.8(c)
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and (d) without overfitting training data gives better cross-validation as well as testing

accuracy.

(a) Training data and an (b) Appling an overfitting
overfitting classifier classifier on testing data

(c) Training data and a better (d) Appling a better classifier

classifier on testing data

Fig. 2.8 An overfitting classifier and a better classifier

(e and A: training data; o and /\: testing data)
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Chapter 3 Pressure Signal Processing

3.1 DataPreprocessing

In the experiments, it’s difficult to distinguish signals in the complex underwater
environments, therefore, signal processing must be done before SVM classification so
that the signal can represent useful information. Figure 3.1 illustrates the pressure data

measured by the commercial sensors attached on the robot fish.

1.024

1.023

1.022

1.021

1.02

1.019

Pressure (Pa)

1018
1.017 1%
1.016 | LA SEERIYIL A

1,015} -

1.014
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Fig. 3.1 Pressure measured by the commercial sensors attached on the robot fish
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We used a band-pass filter to extract the pressure with different frequency from

commercial sensors. Figs. 3.2 3.15 present the filtered data and frequency domain

analysis by Fourier Transformation. Since the robot fish tail fin swing forward for using

the frequency of 0.76Hz, In Fig. 3.3, Fig. 3.5, Fig. 3.7, Fig. 3.9, Fig. 3.11, Fig. 3.13 and

Fig. 3.15, the domain frequency is about 0.76Hz, which is the tail flapping frequency.

Besides, the amplitude of the interval between 0~0.3Hz is caused by the change of

depth during the fish swimming.
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Fig. 3.2 Experimental pressure signal measured from sensor A (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.3 The frequency domain analysis of the experimental pressure signal of sensor

A by means of Fourier transformation
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Fig. 3.4 Experimental pressure signal measured from sensor B (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.5 The frequency domain analysis of the experimental pressure signal of sensor

B by means of Fourier transformation
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Fig. 3.6 Experimental pressure signal measured from sensor C (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.7 The frequency domain analysis of the experimental pressure signal of sensor

C by means of Fourier transformation
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Fig. 3.9 The frequency domain analysis of the experimental pressure signal of sensor
D by means of Fourier transformation
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Fig. 3.10 Experimental pressure signal measured from sensor E (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.11 The frequency domain analysis of the experimental pressure signal of sensor

E by means of Fourier transformation
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Fig. 3.12 Experimental pressure signal measured from sensor F (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.13 The frequency domain analysis of the experimental pressure signal of sensor

F by means of Fourier transformation
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Fig. 3.14 Experimental pressure signal measured from sensor G (upper panel) and the

result filtered after a band-pass filter with 0.5~1.2Hz (lower panel)
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Fig. 3.15 The frequency domain analysis of the experimental pressure signal of sensor

G by means of Fourier transformation
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As we know, swimming along the wall has different magnitude of hydrodynamic
pressure with swimming in the open field, as a result [8] [9], we use root mean square
(RMS) value to obtain the magnitude of hydrodynamic pressure. In order to compare
the measured pressure along the wall and away the wall, we try to observe the
difference RMS values when the BAUV swims in two cases. The RMS values of the
filtered pressure signals measured by the sensors are shown in Fig. 3.16, Fig. 3.17, Fig.

3.18 and Fig. 3.19.
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Fig. 3.16 RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims along the left side wall
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Fig. 3.17 RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims along the left side wall
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Fig. 3.18 RMS values of the filtered pressure signals measured by the left side sensors

while the BAUV swims in open field
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Fig. 3.19 RMS values of the filtered pressure signals measured by the right side sensors

while the BAUV swims in open field
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Compare the RMS values of hydrodynamic pressure in Fig. 3.16 and Fig. 3.18, it seems

the variation increases while the robot fish swims along the wall, one of the possible

reasons is due to the wall effect. However, recognition capacity cannot effectively

improve if we only compared the differences with the single sensor, so we calculate the

ratio and difference of the RMS value of pressure at both side sensors, and they are

shown in Fig. 3.20, Fig. 3.21, Fig. 3.22, Fig. 3.23, Fig. 3.24 and Fig. 3.25.
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Fig. 3.20 Ratio and difference of the RMS value of pressure at point B and G while the

BAUYV swims along the wall
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Fig. 3.21 Ratio and difference of the RMS value of pressure at point B and G while the

BAUYV swims in open field
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Fig. 3.22 Ratio and difference of the RMS value of pressure at point C and F while the

BAUYV swims along the wall
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Fig. 3.23 Ratio and difference of the RMS value of pressure at point C and F while the

BAUYV swims in open field
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Fig. 3.24 Ratio and difference of the RMS value of pressure at point D and E while the

BAUYV swims the wall
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Fig. 3.25 Ratio and difference of the RMS value of pressure at point D and E while the

BAUYV swims in open field
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In Figs. 3.20 to 3.25, we can find out that the ratio and difference of the RMS value

far away the tail has larger difference between two cases, this is because the sensor is

greater impact when the pressure sensor near the tail, that make us cannot observe the

effect of the wall.

Above this reason, the sensor A which location is on the head of the BAUYV is the

farthest away the tail, so it is not affected by the impact of caudal fin swing and also not

affected by the two cases (near the wall and in the open field), thus, we made the RMS

value of pressure of sensor A as a standard value, and calculated the ratio and difference

of the RMS value of pressure between sensor A and each sensors to compare the

difference of the two cases, and they are shown in Fig. 3.26, Fig. 3.27, Fig. 3.28, Fig.

3.29, Fig.3.30, Fig. 3.31, Fig. 3.32 and Fig. 3.33.

43



Ratio of the RMS value at point B and A

Ratio

Time(sec)

Fig. 3.26 Ratio of the RMS value of pressure between the left side sensors and sensor A
while the BAUV swims along the wall
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Fig. 3.27 Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in open field
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Ratio of the RMS value at point G and A
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Fig. 3.28 Ratio of the RMS value of pressure between the right side sensors and sensor
A while the BAUV swims along the wall
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Fig. 3.29 Ratio of the RMS value of pressure between the right side sensors and sensor

A while the BAUV swims in open field
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Fig. 3.30 Difference of the RMS value of pressure between the left side sensors and
sensor A while the BAUV swims along the wall
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Fig. 3.31 Difference of the RMS value of pressure between the left side sensors and
sensor A while the BAUV swims in open field
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Difference of the RMS value at point G and A

Difference
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Fig. 3.32 Difference of the RMS value of pressure between the right side sensors and
sensor A while the BAUV swims along the wall

Difference of the RMS value at point G and A
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Fig. 3.33 Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims in open field
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3.2 FeatureExtraction

The purpose of feature extraction is to effectively describe the pressure signals in
different cases, a representative feature not only can reproduce signals significance but
also increase the efficiency and accuracy of the classification system. Feature extraction
can provide the abilities of event detection and classification for the classification
system, therefore, it is an important step in recognition system design.

In this study, we try to find out useful information to represent our cases, therefore,
according to Figs. 3.16 to 3.19, the RMS values of the filtered pressure measured may
be able to provide an effective information, so we chose all sensors as our seven
features. And in Figs. 3.20 to 3.33, the ratio and difference of the RMS value of pressure
between the sensors are also able to make us to increase the accuracy of classification.

It is shown that the extracted diverse features are different from each other,
therefore, we decided that they can serve as useful parameters in classifying the

underwater pressure signals.
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3.3 Feature Sdection

The extracted feature vectors described in section 3.2, before fed the feature
vectors into support vector machine classifier, we used a feature selection method. The
purpose of feature selection is to select the best features of some of the characteristics
can make recognizable to achieve the best. These features which have better recognition
ability not only simplify the classifier machine of the calculation but also help us
understand the issue of causation in this category.

The feature selection help us to find out the important dimension from extracted
features in two-class classification, however, the dimensions of feature vectors used in
two-class classification are not like the common signal recognition algorithms. We
defined a simple equation to evaluate the importance I(a, 3,k ) of a specific feature

dimension k, 1 <k < x for a hyperplane Qg corresponding class a and class (3.

(Har — K ,k)2
I(a,B k) = ok _[BRZ 3.1)
Oak ~— OBk

Where the pg, denotes the mean value of the feature dimension k for all training
samples in class a, and the o0,; denotes the standard deviation of the feature
dimension k for all training samples in class a.

Equation (3.35) aims at evaluating differentiation capability between the two
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classes as well as the stability in the same class for a given feature dimension k, each

dimension of extracted features is needed to be calculated first for hyperplane of SVM

classifier. It is more important feature when I(a, b, k) values are larger. Finally, we

chose the first 10 dimensions as the input feature vectors of SVM classifier. Fig. 3.34

illustrates the process of feature selection.

Extracted feature vectors

Feature selection method

Selected Sorting by
Feature vector Importanceindex

p

v

High <€ | mportance Low

Fig. 3.34 Process of feature selection
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Chapter 4 Experiments

In our all experiments, we control the amplitude and the frequency of the caudal
fin, tail beating frequency was selected about 0.7 to 0.8 Hz. The BAUV was
programmed to swim forward straightly by controlling the flapping tail to maintain the
BAUYV stably swam.

The lateral line system will record the surrounding pressures while the BAUV is
swimming. We set up two main cases, the first case is letting the BAUV swims in the
open field, and the second case is swimming along the wall, in both cases, we use the

measured values as the training data.

41 Hardwareof theBAUV
4.1.1 Biomimetic Autonomous Underwater Vehicle

The BAUV was used as a tested for our experiment, its body 90cm length, 25cm
width and 50cm high. Taking into account both the appearance and performance of the
robot fish required, the BAUV divided the 45cm length rigid head and 45cm length
flexible tail in two segments, about the tail section, the motor was used to drive two
steel wires to swing the whole tail, and an elastic mechanism on the tail makes the

BAUV swim more like a real fish. The mechanism of the tail is shown in Fig. 4.1(a).
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And the tail of BAUV was covered with a rubber flexible material on its outside and it

is shown in Fig. 4.1(b).

(a) The mechanism of the tail (b) Rubber material on its outside

Fig. 4.1 The tail of the BAUV

In addition, the rigid head part was composed by waterproof container, a buoyancy

engine, a compass and one pair of cameras. Both of the robot’s computer and motor

controller were set up in the waterproof container. The internal view of the BAUV is

shown in Fig. 4.2 (a). Furthermore, the BAUV body was covered with a plastic material,

and it is shown in Fig. 4.2 (b).
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Flexible tail

(a) Internal view of the BAUV (b) Plastic material on its outside

Fig. 4.2 The body of the BAUV

4.1.2 Pressure Sensors

The lateral line system has the ability to sense minor variation of the ambient field,

it is indispensable sensory organs for fish. In this study, we chose commercial pressure

sensors MS5803-01BA to mimic the fish lateral line. It is optimized for underwater

measurement systems with pressure resolution, it module includes a high linear pressure

sensor and an ultra-low power 24 bit AL ADC with internal factory calibrated

coefficients. It provides a precise digital 24 Bit pressure and temperature value and

different operation modes that allow the user to optimize for conversion speed and

current consumption. The MS5803-01BA operating range is 1000 to 1300000 pa and

-40 to +85 °C, its size are 0.5 cm diameter. This new sensor module generation is based
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on leading MEMS technology and latest benefits from MEAS proven experience and

know-how in high volume manufacturing of altimeter modules, which have been widely

used for over a decade. The sensing principle employed leads to very low hysteresis and

high stability of both pressure and temperature signal.

Since commercial pressure sensors MS5803-01BA with high resolution, its

resolution of 1.2 Pa, the pressure sensors were used in the BAUV experiments as shown

in Fig. 4.3. Fig. 4.4 displays the position of the sensors installed on the BAUV. There

are three sensors on left side starting from the sensor closest to the head were sensor B,

sensor C and sensor D, three sensors on right side starting from the sensor closest to the

tail were sensor E, sensor F, sensor G and a sensor A on the head.

Fig. 4.3 MS5803-01BA commercial pressure sensors
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Fig. 4.4 Position of sensors attached on the BAUV

4.2 Experimental Setup

In order to compare the difference of pressure measured by sensors between the
BAUYV swimming along the wall and in the open field, the BAUV is programed to swim
along the wall, the distance between the pressure sensors on the surface of the BAUV
and the wall is about 10~30 cm, since the robot fish is very small compared to the solid
wall in water tank, the pressure sensor in order to sense the wall must be as close as
possible. The BAUV swims in the open field, the distance between the pressure sensors
on the surface of the BAUV and the wall is about 50 cm above. Besides, the pressure
sensors will be below the water level about 40cm.

The experiment is designed to test the classification capability of the SVM, the
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experiments were performed in the water tank belongs to the department of Engineering

Science and Ocean Engineering, National Taiwan University, and it is shown in Fig. 4.5

and Fig. 4.6.

Fig. 4.5 Water tank

Fig. 4.6 The BAUV swims along the wall
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4.3 Experimental Results

In order to test the quality of our training results, we did two experiments (near the
wall and in an open field) to comparison the training results. Besides, a representative
feature is very important to our classification system, so in this study, we propose the
useful feature vectors to represent our case, and the extracted feature vectors described
in section 3.2 and 3.3, we have totally 25 dimensions, we also used the importance
I(a,B, k) to sort feature vectors from extracted feature vectors, the importance value
are established in Table 1, and the features of the experimental result are shown in Fig.

4.7 to Fig. 4.22.

Table 1 Index of extracted feature vectors

Features Importance
1 RMS values of pressure by A sensor 0.391
2 RMS values of pressure by B sensor 0.031
3 RMS values of pressure by C sensor 0.0042
4 RMS values of pressure by D sensor 0.0312
5 RMS values of pressure by E sensor 0.0464
6 RMS values of pressure by F sensor 0.3997
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- Ratio of the RMS value of pressure at point B and G .

Ratio of the RMS value of pressure at point D and E 0.0001

Difference of the RMS value of pressure at point C and F 0.5

Ratio of the RMS value of pressure at point B and A 0.73
Ratio of the RMS value of pressure at point D and A 0.53
Ratio of the RMS value of pressure at point F and A 0.89

Difference of the RMS value of pressure at point B and A 0.771

Difference of the RMS value of pressure at point D and A 0.265

Difference of the RMS value of pressure at point F and A 1.26
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Sensor B
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Fig. 4.7 RMS values of the filtered pressure signals measured by the left side sensors
while the BAUV swims along the left side wall

Sensor G

RMS value (Pa)

Time (sec)

Fig. 4.8 RMS values of the filtered pressure signals measured by the right side sensors
while the BAUV swims along the left side wall
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Sensor B

RMS value (Pa)

Time (sec)

Fig. 4.9 RMS values of the filtered pressure signals measured by the left side sensors
while the BAUV swims in an open water

Sensor G

RMS value (Pa)

Time (sec)

Fig. 4.10 RMS values of the filtered pressure signals measured by the right side sensors
while the BAUV swims in an open water
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Ratio of the RMS value at point B and G

Ratio

Time (sec)

Fig. 4.11 Ratio of the RMS value of pressure at both side sensors while the BAUV

swims along the wall

Difference of the RMS value at point B and G

Difference
o

Time (sec)

Fig. 4.12 Difference of the RMS value of pressure at both side sensors while the BAUV

swims along the wall
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Ratio of the RMS value at point B and G

Ratio

Time (sec)

Fig. 4.13 Ratio of the RMS value of pressure at both side sensors while the BAUV

swims in an open water

Difference of the RMS value at point B and G

Difference
o

Time (sec)

Fig. 4.14 Difference of the RMS value of pressure at both side sensors while the BAUV

swims in an open water
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Ratio of the RMS value at point B and A

Ratio

Time (sec)

Fig. 4.15 Ratio of the RMS value of pressure between the left side sensors and sensor A
while the BAUV swims along the wall

Ratio of the RMS value at point G and A

Ratio

Time(sec)

Fig. 4.16 Ratio of the RMS value of pressure between the right side sensors and sensor
A while the BAUV swims along the wall
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Difference of the RMS value at point B and A

Difference

Time(sec)

Fig. 4.17 Difference of the RMS value of pressure between the left side sensors and
sensor A while the BAUV swims along the wall

Difference of the RMS value at point G and A

Difference
o

Time(sec)

Fig. 4.18 Difference of the RMS value of pressure between the right side sensors and
sensor A while the BAUV swims along the wall
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Ratio of the RMS value at point B and A

Ratio

Time(sec)

Fig. 4.19 Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in an open water

Ratio of the RMS value at point G and A

Ratio

Time(sec)

Fig. 4.20 Ratio of the RMS value of pressure between the left side sensors and sensor A

while the BAUV swims in an open water
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Difference of the RMS value at point B and A

Difference

Time(sec)

Fig. 4.21 Difference of the RMS value of pressure between the left side sensors and
sensor A while the BAUV swims in an open water

Difference of the RMS value at point G and A

Difference

Time(sec)

Fig. 4.22 Difference of the RMS value of pressure between the right side sensors and

sensor A while the BAUV swims in an open water
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4.4  Experimental Results of Classification

Before feeding the feature vectors into SVM classifier, we used the feature

selection method to reduce the dimension of extracted feature vectors, this step can help

us to choose the important features from extracted feature vectors. There are 28

experiments and total 12600 samples for each class (near the wall and in an open water)

were used for training the SVM classifiers, 2 experiments and total 1330 samples for

each class were used for testing the SVM classifiers.

We performed three different feature vectors to compare the results of SVM

classifier. Firstly, we took all the feature vectors to SVM classifier, the classification

accuracy was 85%. Secondly, we choose 10 features based on experience as our feature

vectors, and the 10 features are chosen in Table 2, the classification accuracy was

76.1%.
Table 2 Manually selected feature
Two-class 10 features
Wall vs Open field 2 3 8 9 11 | 12 ] 15 | 16 |21 22
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Finally, the feature selection method selected top 10 features by importance sorted

as feature vectors from extracted feature vectors, they are shown in Table 3. The

classification accuracy was 84%, it had roughly same accuracy as the first test and

greater than the second test, we can say that the feature selection method not only

reduced the dimension and decreased the time of SVM classifier but also can indeed

pick out the more representative characteristics. In Table 3, the elected features mostly

related with the sensor on the forehead, it is found that the ratio and difference of the

RMS values of each sensors on the lateral sides and on forehead sensor are greatly

reduced the effect of water depth and the pitching of the vehicle, it eliminate the

interference of underwater environment such that the classification can accurately

distinguish with along the wall and in open water.

Table 3  Selected feature by importance

Two-class 10 features sorted by importance

Wall vs Open field | 12 14 |15 |16 | 18 | 19 | 20 | 21 | 24 | 25
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45 Environmental Detection

In this section, in order to validate our capability of perception, the BAUV was set
to swim in a straight line by controlling the flapping tail from the open field, and we set
up two man-made walls in the BAUV trip. Two man-made walls area are 80cm length
and 65cm width, they are apart 80cm. Fig. 4.23 depicts the setup of the model for water

tank experiments.

Fig. 4.23 Tank layout of the experiment
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The BAUV forward velocity controlled by the tails amplitude and the frequency, the

recorded times spent and traveled a forward distance are presented in Fig. 4.24, total

travel time is about 34 second.

Distance-time
8 T T

Distance(m)
N

0 ! ! ! ! ! !
0 5 10 15 20 25 30 35

Time(s)

Fig. 4.24 Distance-time plot of the BAUV motion

The selected features of experimental results are shown in Fig. 4.25 to Fig. 4.27,

we can clearly see in 12 seconds and 18 seconds each with a peak from selected features

of experimental results, the reason by causing this peak is the BAUV swam close the

wall.
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Fig. 4.25 The selected features of experimental results (3 features out of 10)
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Fig. 4.26 The selected features of experimental results (another 3 features out of 10)
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Fig. 4.27 The selected features of experimental results (4 features out of 10)
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However, the BAUV passed through the first wall of time is about 14 seconds, and

passed through the second wall of time is about 20 seconds. These peaks appeared

earlier 2 seconds than the actual location of the wall, according to Fig. 4.24, the distance

from the BAUV and the wall are apart about 20 ~ 50cm. In other words, as long as the

BAUYV swims close to the wall less than 50cm range, the lateral line systems will be

able to sense the wall.

Fig. 4.28 to Fig. 4.30 illustrates the results of wall detection and shows the tail’s

motor position of the BAUV. When the BAUV swims close to the wall, it will produce

rebound force because of the relationship between the wall, therefore, we control the

flapping tail to let the BAUV maintain to swim near the wall so that the robot would not

depart too far from the wall.
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Fig. 4.28 The results of wall detection (case 1)
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Fig. 4.29 The results of wall detection (case 2)
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Fig. 4.30 The results of wall detection (case 3)
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As Fig. 4.28 to Fig. 4.30 displayed, if we change the motor position of the tail fin

in the experiment, it will affect the accuracy of our detection. For casel, the BAUV

swam through the first wall and the second wall that the both distance are within

detection range (the BAUV and the wall are apart about 20 ~ 50cm), so we has not

changed the motor position of the tail fin, the result of wall detection showed that we

can indeed sense the both wall.

For case 2 and case 3, we controlled the motor position of the tail fin to revise the

distance from the robot and wall. The BAUV was pushed away the wall by the rebound

force when it swam through the first wall in case 2, and we changed the motor position

of the tail fin to make the robot swim close to the wall, the result of case 2 showed that

it’s not identify the second wall. The case 3 changed the motor position of the tail fin

when it swam through the first wall, and the detection result is not good. The

experiments proved that when the motor changes will affect our recognition rate.

The above experiments are based on the tail fin of the BAUV stable swimming

forward, the results show the motor changes will affect our detection result. Thence, we

try to add the measured pressure signals in training data when the BAUV changes the

caudal fin, and we also make the motor position of the tail fin as a feature in training

data. Fig. 4.31 to Fig. 4.33 show the improve results after adding new training data.
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Fig. 4.31 The improved results of wall detection (case 1)
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Fig. 4.32 The improved results of wall detection (case 2)
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Fig. 4.33 The improved results of wall detection (case 3)
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In Fig. 4.31 to Fig. 4.33, the results of wall detection have significant improvement,

the dynamic pressure signal added to the training data when the BAUV changes the

caudal fin and adds the motor position of the tail fin as a feature, the tail position

effectively reduced the uncertainties in detecting the wall when the robot is turning..

Compare to the previous set of data which does not take account of the changes in the

caudal fin, the detection rate that considers the tail fin motion is higher.

To verify the robustness of wall detection, we extend the experiment by adding one

more task which is to turn and then move along a perpendicular solid wall. Total travel

time of experiment is about 57 seconds. Fig. 4.34 shows the tail’s motor position.
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Fig. 4.34 Tail motor position
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The selected features before the robot turning are shown in Figs. 4.35 to 4.37, the
selected features after the robot turning are shown in Fig. 4.38 to Fig. 4.40. The BAUV

passed through the first wall and the second wall at about 14 seconds and 20 seconds

respectively.

In Figs. 4.35 to 4.37, we can find that data becomes increasing after 18 seconds,
the reason is that the BAUV swam close the wooden wall. Furthermore, Figs. 38 to 40
display data when the BAUV was swimming along the concrete wall. They are

relatively stable compared to the data along the wooden wall.
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Fig. 4.35 Selected features of experimental results before the robot turning (3 features
out of 10)
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Fig. 4.36 Selected features of experimental results before the robot turning (another 3

features out of 10)
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Fig. 4.37 Selected features of experimental results before the robot turning (4 features

out of 10)
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Fig. 4.40 Selected features of experimental results after the robot turning (4 features out
of 10)

Fig. 4.41 illustrates the extended experiment results of wall detection. The total

samples detected from the experiment are 226, and the samples have been classified into

right group are 203, which means the detection rate is 89.8%, and therefore the BAUV

can effectively perceive the appearance of walls. In the above experiment, the correct

detection of the wooden walls was 138 samples out of 154, and the correct detection of

the concrete wall was 65 samples out of 72. Note that, since the BAUV was not trained

with the turning movement, the observation was halted during the cornering.
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Fig. 4.41 The extended experiment results of wall detection
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Chapter 5 Conclusions

This work implements a sensory system to mimic the sensory capabilities of the
lateral line evolved in real fish. The dynamic pressure signals were measured by an
array of pressure sensors embodied on a biomimetic vehicle. The measured pressure
signal was processed to obtain the feature signals, and through the importance
appraisals before feeding the feature vectors into a support vector machine classifier by
the feature selection method. The pressure patterns were then learned to distinguish the
patterns between the ones obtained in open space and in closer proximity to a solid wall.
The results indicate that selected important feature vectors are useful to identify the wall
presence by our pattern-recognition method. The correctness of the wall detection was
further enhanced by including the tail’s motor position changes as a feature. The tail
position effectively reduced the uncertainties in detecting the wall when the robot is
turning. Three sets of feature vectors are compared to find the difference of pressure
statistics while the robot fish swimming along the wall and swimming in open water
without a wall. Finally, 10 features selected by their importance were utilized, and the
classification accuracy was 84%. The results indicate that the selected features are
mostly related with the sensor on the forehead. It is found that the ratio and difference

of the RMS values of each sensors on the lateral sides and on forehead sensor, the effect
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of water depth, the pitching of the vehicle body are greatly reduced, such that the

classification can be accurately performed along the wall and in the open water. It

proves that the feature selection method could pick out the most representative

characteristics of the signals to distinguish the environmental situation. Furthermore, the

correctness of the wall detection was enhanced to nearly 90% by including the tail’s

motor position changes as a feature. The tail position effectively reduces the

uncertainties in detecting the wall when the robot is differentially adjusting its heading

by the wall.

In future applications, dynamic pressure can be used as a new navigational

information for an unmanned underwater vehicle in the proximity to environmental

features. To recognize features’ information, feature selection methods for various kinds

of features, such as circular shaped, rectangular shaped, tubing objects etc., are to be

developed and the important dimensions out of the extracted feature vectors for

classification must be extensively studied.
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Appendix

Table 4 Commercial pressure sensors MS5803-01BA technical data

Sensor Performances

Pressure Min Typ Max Unit
Range 10 1300 mbar
ADC 24 bit
Resolution 0.012 mbar
Accuracy 25°C, 750 to 1100 mbar -1.5 +1.5 mbar
Response time 8.22 ms
Long term stability -1 mbar/yr
Temperature Min Typ Max Unit
Range -40 +85 °C
Resolution <0.01 °C
Accuracy -0.8 +0.8 °C
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