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中文摘要 

 

本研究利用機器學習與分類理論探討仿生型水下載具游動時周圍的壓力場變

化，並藉由實驗來作驗證。本實驗所使用之仿生型載具為長 90 公分、寬 25 公分、

高 50 公分之類魚型水下載具，在載具兩側及頭部分別裝載壓力感測器，共七顆壓

力感測器，用以感測游動時所產生的周圍壓力變化。 

    此論文中我們提出一個架構，將壓力感測器所量測到的信號經由濾波器

及統計理論的分析過程，抽取出待分類的特徵，再利用支持向量機針對特徵向量

來作分類。首先將訊號濾波，將濾波後的訊號作均方根，接著挑選出數種信號特

徵作為特徵向量，爾後我們利用一個特徵選擇的方法，從所挑選的數種特徵向量

適應性地選取較具代表性的特徵向量，最後再利用支持向量機來對不同類別的特

徵向量予以分類。根據本文結論，仿生型載具能在自身游動時，憑藉著裝載的壓

力感測器偵測周圍的壓力場變化，予以達到周圍偵測的效果，期許未來能進一步

達成群游、避障等目的。 

 

關鍵詞: 仿生型自主水下載具、側線系統、游動運動學、環境偵測 
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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, 25cm 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 
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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 
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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. 
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1.2 Literature review 

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 

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

 

1.3 Thesis organization 

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. 
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Chapter 2   Feature Classification by Support Vector 

Machine 
 

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 ሾ(ݔଵ, ,(ଵݕ ,ଶݔ) ,(ଶݕ … , ,ℓݔ)  ℓ)ሿ with inputݕ

vector ݔ௜ and output data ݕ௜, the class labels ݕ௜ ∈ {+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 

 

ƒ(ई) = ݔ்ݓ + ܾ (2.1) 
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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 

 

൜ݔ்ݓ + ܾ ≥ +1, ௜ݕ = ݔ்ݓ1+ + ܾ ≤ −1, ௜ݕ = −1 (2.2) 

 

and equivalently  

 

௜ݔ்ݓ)௜ݕ + ܾ) ≥ 1, ݅ = 1,… , ℓ (2.3) 

 

Fig. 2.2 depicts the classification problem. 
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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.  

 

 

 Fig. 2.3 The case of the optimal separating hyperplane 

ݔ்ݓ + ܾ = +1 

ݔ்ݓ + ܾ = ݔ்ݓ 0 + ܾ = −1 

Maximal Margin Small Margin 
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 There are two parallel planes ܪଵ ∶ ݔ்ݓ	 + ܾ = +1  and ܪଶ ∶ ݔ்ݓ	 + ܾ = −1 

both side of the separating hyperplane, and the same distance from the hyperplane, they 

can be represented as Euclidean distance. 

 

M = ݔ்ݓ| + ‖ݓ‖|ܾ + ݔ்ݓ| + ‖ݓ‖|ܾ =  (2.4) ‖ݓ‖2

 

Where ‖ݓ‖ =  is the Euclidean norm of parameter vector w. From (2.4), the ݓ்ݓ√

problem of SVM is 

 

max																																							 ଶ‖௪‖																																						ݐ݆ܾܿ݁ݑݏ	݋ݐ																ݕ௜(ݔ்ݓ௜ + ܾ) ≥ 1	, ݅ = 1,… , ݈ (2.5) 

 

and is equivalent to  

 min																													 ଵଶ ௜ݔ்ݓ)௜ݕ										݋ݐ	ݐ݆ܾܿ݁ݑݏ																																				ଶ‖ݓ‖ + ܾ) ≥ 1	, ݅ = 1,… , ݈ (2.6) 

 

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

multiplier ∝௜≥ 0 in the Lagrange function let the problem converted to dual variable 

optimization problem 
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Ｌ(ݓ, ܾ, (ߙ = 12 ଶ‖ݓ‖ −෍ߙ௜ሾݕ௜(ݔ்ݓ௜ + ܾ) − 1ሿ௟
௜ୀଵ  (2.7) 

 

The Lagrangian L must be minimized with respect to the primal variables w and b and 

maximized with respect to the dual variables ߙ௜, 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. 

 

ݓ߲ܮ߲				 = 0						 → ݓ		 =෍ߙ௜ݕ௜ݔ௜௟
௜ୀଵ  (2.8) 

ܾ߲ܮ߲ = 0						 → 		෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  (2.9) 

 

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 α = ሾߙଵ, ,ଶߙ  ௟ሿߙ…
instead of w. 
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maxఈ 																	෍ߙ௜௟
௜ୀଵ − 12 ෍ ௜்ݔ௝ݕ௜ݕ௝ߙ௜ߙ ௝௟ݔ

௜,௝ୀଵ  

																								subject	to						෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  

௜ߙ													 ≥ 0,						݅ = 1,… , ݈ 
(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 ݓ, ܾ, α. 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 

 

௜ݔ்ݓ)௜ݕ௜ሾߙ + ܾ) − 1ሿ = 0, ݅ = 1,… , ݈ (2.11) 

 

The dual problem (2.10) is solved in α = ሾߙଵ, ,ଶߙ  then we can ,ݓ ௟ሿ instead ofߙ…

determine the parameters ݓ and ܾ 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  
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݂(ई) =෍ߙ௜ݕ௜〈ݔ௜ ∙ 〈ݔ + ܾ௡
௜ୀଵ  (2.12) 

 

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 ߙ௜ 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. 

 

 

 Fig. 2.4 The support vector and the separating hyperplane 

Support Vectors 

Non-support Vectors 

Non-support Vectors 
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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.  

 

  

 

 Fig. 2.5 The separating hyperplane have data left the normal position 

 

  

 

Outlier 
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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 ߦ௜ ≥ 0, ݅ = 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  

 

min௪,௕ 																										 12 ଶ‖ݓ‖ + ෍ξ௜௟ܥ
௜ୀଵ  

																														subject	to															ݕ௜(ݔ்ݓ௜ + ܾ) ≥ 1 − ξ௜ 																																								ߦ௜ ≥ 0,						݅ = 1,… , ݈ 
(2.13) 

 

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. 
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The constraint is added to the objective function in a similar way as that in a 

preceding subsection. By introducing Lagrange multipliers α ≥ 0 and ߛ ≥ 0, the new 

primal Lagrangian is  

 

														 ,ݓ)ܮ ܾ, ,ߦ ,ߙ (ߛ = 12 ଶ‖ݓ‖ + ෍ξ௜௟ܥ
௜ୀଵ  

																																														−෍ߙ௜௟
௜ୀଵ ሾݕ௜(ݔ்ݓ௜ + ܾ) − 1 + ௜ሿߦ −෍ߛ௜ߦ௜௟

௜ୀଵ  

(2.14) 

 

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

Lagrangian is minimized with respect to w, b and ߦ௜, and maximized with respect to ߙ௜ 
and ߛ௜. The problem can be solved in the dual space in the same manner as above. 

 

ݓ߲ܮ߲				 = 0						 → ݓ		 =෍ߙ௜ݕ௜ݔ௜௟
௜ୀଵ  (2.15) 

ܾ߲ܮ߲ = 0						 → 		෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  (2.16) 

							 ௜ߦ߲ܮ߲ = 0						 → ܥ		 − ௜ߙ − ௜ߛ = 0 (2.17) 
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And the KKT condition is  

௜ݔ்ݓ)௜ݕ௜ሾߙ																	  + ܾ) − 1 + ௜ሿߦ = ௜ߦ௜ߛ0 = 0,			݅ = 1,⋯ , ݈  (2.18) 

 

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 ߙ௜. 
 

maxఈ 																	෍ߙ௜௟
௜ୀଵ − 12 ෍ ௜்ݔ௝ݕ௜ݕ௝ߙ௜ߙ ௝௟ݔ

௜,௝ୀଵ  

																								subject	to						෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  

												0	 ≤ ௜ߙ ≤ ݅						,ܥ = 1,… , ݈ 
(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	 ≤ ௜ߙ ≤ ௜ߦ can be identified that ܥ = 0. These support vectors are referred to as 

margin support vectors. The points for which ߙ௜ = ܥ  are misclassified and their 

corresponding ߦ௜ ൐ 0. These support vectors are called bounded support vectors. And 
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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 ∅(ݔ), 
and we can use the linear classifier in the feature space. Thus, the nonlinear classifier is  

 

ƒ(़) = (࢞)∅ࢀሾ࢝ܖ܏ܛ +  ሿ (2.20)࢈

 

And the separating hyperplane satisfies 

 

(௜ݔ)∅்ݓ)௜ݕ + ܾ) ≥ 1, ݅ = 1,… , ݈ (2.21) 

  

The objective function and the constraints become 

 

min௪,௕,క																										 12 ଶ‖ݓ‖ + ෍ξ௜௟ܥ
௜ୀଵ  

																														subject	to															ݕ௜(்ݓ∅(ݔ௜) + ܾ) ≥ 1 − ξ௜ 																																								ߦ௜ ≥ 0,						݅ = 1,… , ݈ 
(2.22) 
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The Lagrangian is 

 

														 ,ݓ)ܮ ܾ, ,ߦ ,ߙ (ߛ = 12 ଶ‖ݓ‖ + ෍ξ௜௟ܥ
௜ୀଵ  

																																														−෍ߙ௜௟
௜ୀଵ ௜ݔ)∅்ݓ	௜ሾݕ	} + ܾ)	ሿ − 1 +  {	௜ߦ

																																														−෍ߛ௜ߦ௜௟
௜ୀଵ  

(2.23) 

 

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

 

ݓ߲ܮ߲											 = 0						 → ݓ		 =෍ߙ௜ݕ௜∅(ݔ௜)௟
௜ୀଵ  (2.24) 

ܾ߲ܮ߲ = 0						 → 		෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  (2.25) 

							 ௜ߦ߲ܮ߲ = 0						 → ܥ		 − ௜ߙ − ௜ߛ = 0 (2.26) 

 

And the KKT conditions are  

(௜ݔ)∅்ݓ	௜ሾݕ	}௜ߙ																												  + ܾ	ሿ − 1 + {	௜ߦ = ௜ߦ௜ߛ0 = 0,			݅ = 1,⋯ , ݈  (2.27) 
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Substituting (2.24), (2.25) and (2.26) into (2.23), the QP problem becomes 

 

		maxఈ 																	෍ߙ௜௟
௜ୀଵ − 12 ෍ ்(௜ݔ)∅௝ݕ௜ݕ௝ߙ௜ߙ ∙ ௟(௝ݔ)∅

௜,௝ୀଵ  

																subject	to						෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  

							0	 ≤ ௜ߙ ≤ ݅						,ܥ = 1,… , ݈ 
(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 

 

݂(ई) = sgn ൥	෍ߙ௜ݕ௜∅(ݔ௜)் ∙ (ݔ)∅ + ܾ௡
௜ୀଵ 	൩ (2.29) 

 

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 ൏ ்(௜ݔ)∅ ∙ (௝ݔ)∅ ൐ 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 ܭ൫ݔ௜, ௝൯ݔ = ்(௜ݔ)∅ ∙  to (௝ݔ)∅

yield the inner products in the feature space. And the QP problem of nonlinear classifier 

with kernels can be formulated as 

 

	maxఈ 																	෍ߙ௜௟
௜ୀଵ − 12 ෍ ,௜ݔ൫ܭ	௝ݕ௜ݕ௝ߙ௜ߙ ௝൯௟ݔ

௜,௝ୀଵ  

																				subject	to						෍ߙ௜ݕ௜ = 0௟
௜ୀଵ  

																0	 ≤ ௜ߙ ≤ ݅						,ܥ = 1, … , ݈ 
(2.30) 

 

There are four basic kernels: 

1. Linear kernel 

,௜ݔ൫ܭ ௝൯ݔ = ௜்ݔ ∙  ௝ (2.31)ݔ

 

2. Polynomial kernel 

,௜ݔ൫ܭ ௝൯ݔ = ௜்ݔ൫ߛൣ ∙ ௝൯ݔ + ℎ൧ௗ (2.32) 
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3. Radial Basis Function (RBF) kernel  

,௜ݔ൫ܭ				 ௝൯ݔ = exp	ቀ−ߛฮݔ௜ −  ௝ฮଶቁ (2.33)ݔ

 

4. Sigmoid kernel 

,௜ݔ൫ܭ ௝൯ݔ = tanh	ൣ ௜்ݔ൫ߛ ∙ ௝൯ݔ + ℎ൧ (2.34) 
 

 

 

Where ߛ, ℎ and ݀ 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 ߛ, which is related to the 

spread of the function around its center. A larger ߛ results in a smaller spread, and a 

smaller ߛ causes a wider shape of the radial basis function. Fig. 2.7 shows some 

examples of the radial basis function for different ߛ 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,γ) 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 =
2ିହ	, 2ିଷ, … , 2ଵଵ ; ߛ = 2ିହ	, 2ିଷ	, … , 2ଷ	) are used to determine the best region of grids. 

Then, a finer grid search (for example, C = 2ଵ	, 2ଵ.ଶହ, … , 2ହ ߛ ;  =
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2ିଵ.ହ	, 2ିଵ.ଶହ	, … , 2ଵ.ହ	) 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,γ) 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. 

 

 

Fig. 2.8 An overfitting classifier and a better classifier 

 (● and ▲: training data; ○ and △: testing data) 

(a) Training data and an 

overfitting classifier 

(b) Appling an overfitting 

classifier on testing data 

(c) Training data and a better 

classifier 

(d) Appling a better classifier 

on testing data 
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Chapter 3   Pressure Signal Processing 
 

3.1 Data Preprocessing 

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. 

 

 

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) 

 

 

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) 

 

 
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) 

 

 
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. 3.8 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) 

 

 
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) 

 

 

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) 

 

 
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) 

 

 
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 

 

 
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 

 

 
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 

BAUV swims along the wall 

 

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

BAUV 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 

BAUV swims along the wall 

 

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

BAUV 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 

BAUV swims the wall 

 

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

BAUV 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 BAUV 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.  

 



44 
 

 
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 

 

 
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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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 

 

 
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 

 

  
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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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 

 

  
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 Feature Extraction 

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 Selection 

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 ܫ(ܽ, β, ݇	) of a specific feature 

dimension ݇, 1 ≤ ݇ ≤   .for a hyperplane ષ௔,ஒ corresponding class ܽ and class β ݔ

 

,ܽ)ܫ β, ݇) = ௔,௞ߤ) − ௔,௞ଶߪஒ,௞)ଶߤ − ஒ,௞ଶߪ  (3.1) 

 

Where the ߤ௔,௞ denotes the mean value of the feature dimension ݇ for all training 

samples in class ܽ , and the ߪ௔,௞  denotes the standard deviation of the feature 

dimension ݇ for all training samples in class ܽ.  

 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 ݇, each 

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

classifier. It is more important feature when ܫ(ܽ, ܾ, ݇) 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. 

 

 

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 

BAUV 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.  

 

4.1 Hardware of the BAUV 

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).  

 

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). 

 

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

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

BAUV 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 

Sensor E Sensor F Sensor G  

Sensor A 

Sensor B Sensor C Sensor D  



56 
 

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 

,ܽ)ܫ β, ݇	) 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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7 RMS values of pressure by G sensor 0.35 

8 Ratio of the RMS value of pressure at point B and G 0.19 

9 Ratio of the RMS value of pressure at point C and F 0.3636 

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

11 Difference of the RMS value of pressure at point B and G 0.182 

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

13 Difference of the RMS value of pressure at point D and E 0.0006 

14 Ratio of the RMS value of pressure at point B and A 0.73 

15 Ratio of the RMS value of pressure at point C and A 0.661 

16 Ratio of the RMS value of pressure at point D and A 0.53 

17 Ratio of the RMS value of pressure at point E and A 0.357 

18 Ratio of the RMS value of pressure at point F and A 0.89 

19 Ratio of the RMS value of pressure at point G and A 1.017 

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

21 Difference of the RMS value of pressure at point C and A 0.567 

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

23 Difference of the RMS value of pressure at point E and A 0.266 

24 Difference of the RMS value of pressure at point F and A 1.26 

25 Difference of the RMS value of pressure at point G and A 1.63 
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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 

 

 
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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Fig. 4.9 RMS values of the filtered pressure signals measured by the left side sensors 

while the BAUV swims in an open water 

 

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

swims along the wall 

 

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

swims in an open water 

 

 
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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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 

 

 
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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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 

 

 
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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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 

 

 
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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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 

 

 
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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4.5 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. 

 

 

Fig. 4.24 Distance-time plot of the BAUV motion 
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Fig. 4.25 The selected features of experimental results (3 features out of 10) 

 

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 

BAUV 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 case1, 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)   

 

 

 

 

2 2.5 3 3.5 4 4.5 5 5.5 6 6.5
1

2

3

4

5

meter

m
et

er

2 2.5 3 3.5 4 4.5 5 5.5 6 6.5
1

2

3

4

5

meter

m
et

er

5 10 15 20 25 30

-500

0

500

Time (sec)

T
he

 t
ai

l’s
 m

ot
or

 p
os

iti
on

 o
f 

th
e 

B
A

U
V

 (
de

g)

Motor position

 Actual    

 Detect  Wall detection 



80 
 

 

 

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. 

 

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.   

 

 
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) 

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

out of 10) 
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Fig. 4.38 Selected features of experimental results after the robot turning (3 features out 

of 10) 

 

 
Fig. 4.39 Selected features of experimental results after the robot turning (another 3 

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) 
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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℃, 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 ℃ 
Resolution  <0.01  ℃	
Accuracy -0.8  +0.8 ℃	

 


