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The autonomous underwater vehicle (AUV) and the problems associated with its safe navigation have been studied for the last two
decades. The real-time underwater obstacle recognition procedure still has many complications associated with it and the issue
becomes worse with vague sensor data. These problems can be coped with the merger of a robust classification mechanism and a
domain knowledge acquisition technique. In this paper, we introduce a hybrid mechanism to recognize underwater obstacles for
AUV based on fuzzy domain ontology and support vector machine (SVM). SVM is an efficient algorithm that was developed for
recognizing 3D object in recent years and is a new generation learning system based on recent advances in statistical learning theory.
The amalgamation of fuzzy domain ontology with SVM boosts the performance of the obstacle recognition module by providing
the timely semantic domain information of the surrounding circumstances. Also the reasoning ability of the fuzzy domain ontology
can expedite the obstacle avoidance process. In order to evaluate the performance of the system, we developed a prototype simulator
based on OpenGL and VC++. We compared the outcomes of our proposed technique with backpropagation algorithm and classic
SVM based techniques.

1. Introduction and Background
Currently, the underwater obstacle recognition issue has
received a lot of attention and, due to its significance, has
become one of the hot research topics of machine learning
and computer vision. It has been observed that appearancebased object recognition methods can perform better in a
variety of ongoing problems. On the other hand, many of
these methods either require good whole-object segmentation, which severely limits their performance in the presence
of clutter, occlusion, or background changes, or utilize simple
conjunctions of low-level features, which cause crosstalk
problems as the number of objects is increased [1]. In
this research, we investigated an appearance-based obstacle
recognition mechanism using fuzzy ontology and SVM that
solves many of these problems for AUVs navigation safety.
SVM is a new generation learning system based on
recent advances in statistical learning theory. SVMs deliver

state-of-the-art performance in real-world applications such
text categorization, hand-written character recognition, and
image classification. Their first introduction in the early 1990s
led to a recent explosion of applications and the deepening
of theoretical analysis has now established support vector
machines along with neural networks as one of the standard
tools for machine learning and data mining. It is considered
as a very effective method of learning and classification [2–4].
Because of their commercial and military potential
and the technological challenges in developing them,
autonomous underwater vehicles (AUVs) have become
a hot topic of research in ocean sciences. There are two
main reasons to keep navigation security for AUVs. First,
safe AUVs can search, rescue, and facilitate exploration
in the scientific field. Second, it can save a lot of money
because of the expensive cost of AUVs. Therefore, the AUVs
safety problem has become an exciting hotspot research
topic. Nevertheless, the multifarious nature of underwater
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environments makes the research work a difficult task to
handle. Thereby, development of an intelligent 3D obstacle
recognition system becomes necessary for AUVs safe
navigation. Some notable researches recently have been
executed for obstacle detection of AUVs using SVM and
other techniques [5–9].
In a normal situation, the AUVs use sonar instead of
a good quality camera to recognize obstacles. AUV cannot
see even several meters ahead since underwater situation
is very dark in the deep ocean or the water is usually not
clear in shallow water. However, in some special cases high
definition cameras are used to achieve the desired results.
For instance, when a vessel needs to be cleaned or repaired
for some malfunction, a good quality camera is a very high
priority choice to solve such kind of problems. There are a
lot of applications for taking some valuable pictures using
cameras including underwater resource exploration, bridge
survey, and commercial diving.
In this research, we introduce a fast underwater obstacle
recognition system for AUV based on fuzzy ontology and
SVM [3, 10, 11]. The aim of this paper is to prove that the
merger of fuzzy ontology and SVM demonstrates better performance in comparison with BP algorithm and simple SVM
technique. The dynamic 3D obstacle simulation designed by
OpenGL will provide some test data for getting the better
experiment results. Therefore, the SVM will help underwater obstacle recognition, mission planning, and intelligent
control of the AUV in a variety of ways [12–14]. At present,
ontology has proved itself as an effective technology for
relevant information extraction and knowledge sharing. We
used the ontology to store and exploit the domain knowledge
of the underwater water domain. This unique power of the
ontology can be exploited to design an accurate knowledge
representation system.
During the past few years, researchers are using ontology
widely in different domains for knowledge representation and
information extraction. It is another fact that most of the
information resides in offline and online resources and is in
imprecise format. The ontology only deals with crisp data
and cannot find desired results from vague sources of data
[15, 16]. To address this issue, researchers have incorporated
fuzzy logic theory into classic ontology. Fuzzy theory is widely
known among the research community due to its ability to
deal with blur information [17, 18]. The rest of the paper
is organized as follows. Section 2 describes the concepts
and working of SVM; however, Section 3 highlights the
importance of fuzzy ontology and its integration with SVM.
The fourth part of this paper presents the proposed scheme.
Sections 5 and 6 belong to experiments and conclusions,
respectively.

2. The Support Vector Machine
The foundation of support vector machine (SVM) was developed by Vapnik in 1995 [12]. SVM is a powerful classification
methodology that can create specialized functions from a set
of labeled training data. These functions can be a classification
function or a general regression function. For classification,
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SVM operates by finding a hypersurface in the space of
possible inputs. This hypersurface will attempt to split the
positive examples from the negative examples. The split will
be chosen to have the largest distance from the hypersurface
to the nearest of the positive and negative examples. Intuitively, this makes the classification correct for testing data
that is near, but not identical to, the training data. The goal of
SVM is to find out an optimally separable hyperplane to solve
the classification task. The optimal hyperplane has maximal
distance between the two classes and the hyperplane.
2.1. Linear Separable Case. Consider the problem of separating the set of training vectors belonging to two linearly
separable classes:
(𝑥𝑖 , 𝑦𝑖 ) ,

𝑥 ∈ 𝑅𝑑 ,

𝑦 ∈ {+1, −1} ,

𝑖 = 1, . . . , 𝑛,

(1)

with a hyperplane
𝑤 ⋅ 𝑥 + 𝑏 = 0,

(2)

where the parameters 𝑤, 𝑏 are constrained by


min 𝑤 ⋅ 𝑥𝑖 + 𝑏 = 1.
𝑖

(3)

The set of vectors is said to be optimally separated by
a hyperplane if it is separated without error. The distance
between the closest vector and the hyperplane is maximal.
Hence, a separating hyperplane in canonical form must
satisfy the following constraints:
𝑦𝑖 ⋅ (𝑤 ⋅ 𝑥𝑖 + 𝑏) ≥ 1,

𝑖 = 1, 2, . . . , 𝑛.

(4)

Suppose that the following bound holds:
‖𝑤‖2 ≤ 𝑐.

(5)

The VC dimension ℎ of the set of canonical hyperplanes
in 𝑛 dimensional space is bounded by
ℎ ≤ min ([𝑅2 , 𝑐] , 𝑑) + 1,

(6)

where 𝑅 is the radius of a hypersphere enclosing all training
vectors. Hence the hyperplane that optimally separates the
data is the one that minimizes (4):
𝜙 (𝑤) =

1
(𝑤 ⋅ 𝑤) .
2

(7)

This is equivalent to minimizing an upper bound on the
VC dimension. In practice, such a hyperplane does not exist.
So we need to relax the constraints of (4) by introducing slack
variables 𝜉 ≥ 0; 𝑖 = 1, 2, . . . , 𝑛:
𝑦𝑖 ⋅ (𝑤 ⋅ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉,

𝑖 = 1, 2, . . . , 𝑛.

(8)

In this case, the optimization problem becomes
𝜙 (𝑤, 𝜉) =

𝑛
1
(𝑤 ⋅ 𝑤) + 𝐶∑𝜉𝑖 ,
2
𝑖=1

(9)

Mathematical Problems in Engineering

3

with a user defined positive finite constant 𝐶. The solution to
optimization problem (9), under the constraints of (8), could
be obtained in the saddle point of Lagrangian function:
𝐿 (𝑤, 𝑏, 𝛼, 𝜉, 𝛾) =

In this case, optimal function (8) becomes (18) with the
same constraints:

𝑛

1
(𝑤 ⋅ 𝑤) + 𝐶∑𝜉𝑖
2
𝑖=1
𝑛

𝑛

𝑖=1

𝑖=1



− ∑𝛼𝑖 𝑦𝑖 (𝑤 ⋅ 𝑥𝑖 + 𝑏) − 1 + 𝜉𝑖  − ∑𝛾𝑖 𝜉𝑖 ,

𝑛
1 𝑛
max [∑𝛼𝑖 − ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝐾 (𝑥𝑖 , 𝑥𝑗 )] ,
𝛼
2 𝑖,𝑗=1
]
[𝑖=1

(18)

𝐾 (𝑥𝑖 , 𝑥𝑗 ) = 𝜙 (𝑥𝑖 ) ⋅ 𝜙 (𝑥𝑗 )

(19)

where

(10)
where 𝛼𝑖 ≥ 0, 𝛾 ≥ 0, and 𝑖 = 1, 2, . . . , 𝑛 are the Lagrange
multipliers.
The Lagrangian function has to be minimized with
respect to 𝑤, 𝑏, and 𝜉𝑖 . Classical Lagrangian duality enables
the primal problem, (10), to be transformed to its dual
problem, which is easier to solve. The dual problem is given
by
1 𝑛
max [∑𝛼𝑖 − ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 (𝑥𝑖 , 𝑥𝑗 )] ,
𝛼
2 𝑖,𝑗=1
]
[𝑖=1

(11)

with constraints

𝑞 > 0.

(20)

2

{ 𝑥𝑖 − 𝑥𝑗  }
𝐾 (𝑥𝑖 , 𝑥𝑗 ) = exp {−
}.
𝜎2
}
{

(21)

(3) Sigmoid function:

𝑛

∑𝛼𝑖 𝑦𝑖 = 0,

(12)

𝑖=1

𝑖 = 1, 2, . . . , 𝑛.

𝑖 = 1, 2, . . . 𝑛.

(14)

Equation (14) has nonzero Lagrange multipliers when and
only when the points 𝑥 satisfy
𝑦𝑖 ⋅ (𝑤 ⋅ 𝑥𝑖 + 𝑏) = 1.

(15)

These points are termed support vectors (SV). The hyperplane is determined by the SV, which is a small subset of the
training vectors. Hence if 𝛼𝑖∗ is the nonzero optimal solution,
the classifier function can be expressed as
𝑛

𝑓 (𝑥) = sgn {∑𝛼𝑖∗ 𝑦𝑖 (𝑥𝑖 ⋅ 𝑥) + 𝑏∗ } ,

(16)

𝑖=1

where 𝑏∗ is the solution of (14) for any the nonzero 𝛼𝑖∗ .
2.2. Nonlinear Case. When a linear boundary is inappropriate, SVM can map the input vector into a high dimensional
feature space. By defining a nonlinear mapping, the SVM
constructs an optimal separating hyperplane in this higher
dimensional space. Usually nonlinear mapping is defined as
following the function:
𝜙 (⋅) : 𝑅𝑑 → 𝑅𝑑ℎ .

𝐾 (𝑥𝑖 , 𝑥𝑗 ) = tanh (𝛽 ⋅ (𝑥𝑖 ⋅ 𝑥𝑗 ) + 𝑐) .

(22)

(13)

This is a classic quadratic optimization problem. There
exists a unique solution. According to the Kuhn-Tucker
theorem of optimization theory [8], the optimal solution
satisfies
𝛼𝑖 [𝑦𝑖 (𝑤 ⋅ 𝑥𝑖 + 𝑏) − 1] = 0,

𝑞

𝐾 (𝑥𝑖 , 𝑥𝑗 ) = (𝑥𝑖 ⋅ 𝑥𝑗 + 1) ,
(2) Radial basis function:

𝑛

0 ≤ 𝛼𝑖 ≤ 𝐶,

is the kernel function performing the nonlinear mapping into
feature space. It may be any of the symmetric functions that
satisfy the Mercer conditions [14]. The following functions are
commonly used kernel functions.
(1) Polynomial function:

(17)

The classifier function can be defined as
𝑛

𝑓 (𝑥) = sgn {∑𝛼𝑖∗ 𝑦𝑖 𝐾 (𝑥𝑖 , 𝑥) + 𝑏∗ } ,

(23)

𝑖=1

where 𝑏∗ is the solution of the following equation for any of
the nonzero 𝛼𝑖∗ :
𝑛

𝛼𝑖 [𝑦𝑖 ∑ 𝛼𝑗 𝑦𝑗 𝐾 (𝑥𝑗 , 𝑥𝑖 ) + 𝑏 − 1] = 0.
]
[ 𝑗=1

(24)

3. The Fuzzy Domain Ontology
Ontology is a branch of metaphysics which focuses on the
study of existence. Ontology is an explicit formal specification of a shared conceptualization of any domain which is
machine readable and human understandable format [15].
In ontology, we basically focus on concepts (classes) of the
domain, their values, and their properties. Ontology arranges
the classes in a hierarchical structure, in the form of subclasses and superclasses hierarchies, and also defines which
property has constraints on its values. Basically, ontology is
developed to share a common understanding of the domain
knowledge among people and software, in order to reuse the
classes of a domain instead of remodelling them. Ontology
is written in a specific language called OWL (Web Ontology
Language) [16, 17] which is developed by W3C. OWL is
specially designed for ontology modelling. Figure 1 depicts
the graphical model fuzzy underwater ontology generated by
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Figure 1: Graphical model of fuzzy underwater environment ontology.

a Protégé OnToGraf tool. OWL-2 is the extended version of
OWL which holds new features and rationale. In order to
increase the expressivity level of OWL, several new constructs
were introduced along with their unique modelling features
such as extended annotations and complex data representations. Ontology can be expressed in equation format as
Ontology
= (Concepts C, Properties P, Relationalships R,

(25)

Values V, Constraints of property value VC ) .
In the above expression notations C, P, R, V, and
VC represent concepts, properties of concepts, relationship
among concepts, values of the concepts, and constraints on
property values, respectively. The Ontology can be classified
into metaontology, domain ontology, and application level
ontology. Usually, we use domain ontology which is used to
represent the information about a specific domain. On the
other hand, there is no exactly one way to define ontology
[15, 17]. Researchers used different ways to define the ontology
according to their needs and demands. The values of concepts
and properties in the classical domain ontology are crisp
but as mentioned earlier most real-time systems nowadays
are based on complex structure which is based on fuzzy set
theory.
3.1. Development of Fuzzy Domain Ontology. In order to
make the paper self-contained, we first define the concept
definitions and terminologies before moving towards the
formal development of underwater fuzzy ontology. Fuzzy set
theory was introduced by Lotfi Zadeh in 1965 [15, 18] to deal
with vague and imprecise concepts. In classical set theory,
elements either belong to a particular set or do not. There
is no concept of partial membership in classical set theory.

However, in fuzzy set theory the association of an element
with a particular set lies between 0 and 1, which is called its
degree of association or membership degree. Fuzzy set theory
adds generalization concept in to classical set theory and
makes it diverse enough to represent imprecise boundaries
like hot, tall, low speed, and so forth. A fuzzy set “FS” over the
universe of discourse “𝑧” can be defined by its membership
function 𝜇FS which maps element “𝑧” to values between [0, 1]
𝜇FS (𝑧) : 𝑧 → [0, 1] .

(26)

Here 𝑧 ∈ 𝑍 and 𝜇FS (𝑧) provide the degree of membership
by which 𝑧 belongs to 𝑍. 𝑧 is considered as full member of 𝑍 if
𝜇FS (𝑦) = 1 and is considered partial if 𝜇FS (𝑦) is between 0 and
1; say 0.57. The strength of our proposed system is the fuzzy
enriched domain ontology which not only is able to present
the associated domain knowledge of any obstacle but can
also assist obstacle avoidance and intelligent path planning
by providing timely information about obstacles.
To achieve perfection in the results and to expedite
the process of fuzzy based domain ontology, we employed
the service of the domain experts. The domain experts do
not have knowledge about SVM and ontology schemes but
they can best describe the underwater environment and
obstacles. The domain experts monitored all the phases of
the ontology development. Furthermore, we followed the
ontology development steps which are defined in [19] to
develop the underwater domain ontology. The steps can be
described as follows.
(1) Determine the domain and scope of the ontology.
(2) Consider reusing existing ontologies.
(3) Enumerate important terms in the ontology.
(4) Define the classes and the class hierarchy.
(5) Define the properties of classes.
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Figure 2: Structure of fuzzy underwater domain ontology.

data. All the selected color image data are according to COIL
image standard. Figures 1 and 4 show a selection of the objects
in the database and one every three views of a specific object,
respectively [20].
Figure 3: Images of 3 objects of the COIL database.

(6) Define the facets of the slots.
(7) Create instances.
To author the fuzzy based domain ontology we chose the
Protégé 4.1 and OWL-2 due to their technical soundness in
information engineering circle. Figure 2 displays the architecture of fuzzy domain ontology.

4.1. Processing Based on OpenGL Simulation. In real research,
the underwater environment is hazy and surrounding information is not known. However, it is easy to understand the
simulation using OpenGL and we placed some obstacles
randomly and created the virtual environment according to
the real system. For the experimental purpose, we designed
a 3D virtual testbed using OpenGL to get some test data
to prove the effectiveness of our proposed algorithm. Each
image I = (R, G, B) was first transformed into a gray-level
image through the conversion formula:
Gray = Red ∗ 30 + Green ∗ 59 + Blue ∗ 11,

4. The Proposed 3D Obstacle
Recognition System
The SVM in a linear separable case categorizes the same class
of data on one side of the optimal hyperplane and the opposite
class on the other side. We illustrate an example to explain this
problem; see Figure 1. We took a set of data from the COIL
image database for virtual experiment purposes. The COIL
(Columbia Object Image Library) database consists of 7,200
images of 100 objects. We selected some simple and typical
images like simulation obstacles by way of example test data
(e.g., Figure 3). The images are color images (24 bits for each
of the RGB channels) of 128 × 128 pixels. For each object, the
turntable is rotated 5 degrees per image. The tester can design
and adjust the rotation degree to get an optimal test image

(27)

rescaling the obtained gray-level from 0 to 255. The obstacles
images spatial resolution was reduced to 32 × 32 by averaging
the gray levels over 4 × 4 pixel patches. The purpose of this
preprocessing is to identify the selected data for the image
containing obstacles and standardize the obstacles images
[20, 21].
4.2. Training and Testing the SVM with Semantic Domain
Data. It is a very common problem to select kernel functions
in the SVM training phase. In our experiments, the three
kernel parameters, 𝜎, 𝑐, and 𝑞, determine the dynamics
of an SVM network. We selected the optimal parameters
for optimizing and adjusting the SVM parameters. The
radial basis function (RBF) kernel function nonlinearly maps
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Figure 4: 36 images of all the 72 images of one COIL object.

Object

Nonobject

Figure 5: SVM feature space for object recognition based on fuzzy domain ontology.

samples into a higher dimensional space. The RBF kernel has
less numerical difficulties; its computation is not as complex
as the other kernels. Thus the RBF kernel is a better choice
for training and testing. We used semantically annotated
images to train our SVM classifier. In the SVM recognition
system, we adjusted the kernel parameters by training, until
the optimal kernel parameters were found. To reduce the
computational quantity, we used the principal component
analysis method to generate 128-dimensional feature vectors
which can represent the characteristics of the image [12].
In one case, 20 objects, total 720 images are selected as
samples in the training phase. All the 1440 images for 20
objects are the test data. Given a subset of the 20 objects and
the associated training set of 36 images for each object, the
test set consists of the remaining 36 images for each object.
First, we tested the recognition system on sets of 20 of the
100 COIL objects. The training sets consisted of 36 images

(every 10 degrees for each of the 20 objects) and the test sets
consisted of the remaining 36 images. For all the 12 random
choices of 20 of the 100 objects, the system got a perfect score.
So we decided to select by hand the 20 objects that were
more difficult to recognize. To gain a better understanding
of how an SVM actually performs recognition, it may be
useful to look at the relative weights of the components of 𝑤.
A gray-values encoded representation of the absolute value
of the components of 𝑤 relative to the optimal separating
hyperplane [20]. Note that the background is essentially
irrelevant, while larger components can be found in the
central portion of the image [12, 20]. Figure 5 shows the SVM
feature space based on fuzzy domain ontology.
4.3. Proposed System Overview. The proposed system consists of five functional phases named as the detection and
acquisition phase, obstacle analysis phase, initial recognition
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Data
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Data
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Ontology
feature
mapping

Ontology
reasoning

Hierarchical
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categorization

Decision taking phase

Obstacle avoidance

Path planning

Figure 6: The SVM and fuzzy ontology supported obstacle recognition system architecture.

phase, categorical recognition phase, and decision making
phase. While maneuvering, the AUV continuously takes
images of its surroundings and sends them back to the
coastal station for analysis. The sophisticated analysis phase
applies the predefined algorithms against the image data to
get results. Subsequently, these analysis results are forwarded
to the decision making module which is specially designed to
make intelligent decisions and sends the instructions back to
the AUV for safe navigation. In the subheadings, we elaborate
the system in detail.

4.3.2. Obstacle Analysis Phase. Similar to the previous phase,
this phase can also be divided into a series of subactivities. In
the preprocessing stage, the system acquires the image data
and performs the initial screening. The initially processed
images are automatically sent to the image processing phase
which is the core module. The job of this module is to deeply
analyze the images after sharpening and noise removing.
Further, from an image, it can extract the features such as
color, width, height, diameter, shape, texture, and orientation
towards the AUV.

4.3.1. Detection and Acquisition Phase. This phase can be
further divided into three phases which are data capturing,
data acquisition, and data transmitting. To accomplish the
underwater mission, an AUV has to acquire optimal path
information from the onboard system or from the surface
control station. To the get the advice for safe maneuvering, the
AUV repeatedly captures the images with an onboard high
definition camera. Usually, the AUV has internal memory
which stores the current situation and the transmission
function of the detection and acquisition phase assists in
sending the image data back to the surface station for the
analysis.

4.3.3. Initial Recognition Phase. This phase is considered
the most important phase of the entire system. In fact,
the efficiency of the entire system is dependent upon this
phase. This phase performs two main tasks. It calls the SVM
classifier and starts the training and testing activities. Before
the testing, we have to train the classifier with sample data. In
our technique, we introduced a fuzzy ontology based trainer,
which trains the SVM classical algorithm with semantically
annotated image data. This allows the classifier to be aware of
the color, texture, geometry, and orientation of the image. As
the SVM is a binary classifier at initial phase, it segregates the
obstacle from nonobstacle data as shown in Figure 6.
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4.3.4. Categorical Recognition Phase. The categorical recognition phase is based on the fuzzy ontology scheme. The
main purpose of this phase is to categorize the detected
obstacles into classes and subclasses. We introduced several
fuzzy classes and subclasses in our ontology as the following:
underwater animals, rock, icebergs, long obstacle, short
obstacle, dangerous obstacle, very dangerous obstacle, soft
obstacle, and hard obstacle. Each class has its own properties
and values. The image processing phase extracts the obstacle
features and categorical recognition phase compares their
properties with semantically defined properties and segregates the obstacles according to their matching classes. This
categorical recognition is essential to expedite the process
of decision making. For instance, if the fuzzy ontological
classifier finds an obstacle as soft or nondangerous, it simply
advises the AUV not to change the route. We use a Pellet
reasoner in Protégé to reason against the supplied data [15,
16].
4.3.5. Decision Making Phase. Last but not least, all the
analysis results are forwarded to the decision making phase.
The underlying algorithm performs the computations and
finds an appropriate decision. Lastly, the commands are
transmitted to the AUV. Obstacle avoidance and path planning do not fall in the scope of our paper. Figure 6 describes
the proposed system architecture.

5. Experiments and Results
To evaluate the efficiency of our proposed system, we developed a virtual testbed which holds all the components of the
real-world environment. In Figure 7, we considered the small
black ball as a starting point and the right red ball as an end
point. In our algorithm, we added underwater survey as a task
for the AUV. When we play the simulation, the AUV starts
grabbing the surroundings information and takes the high
definition images with the help of the mounted camera. After
capturing the images from the virtual environment, the AUV
sends those to the base station for further processing [21].
The base station computer gets the random images as test
data each second. The simulation generates different kinds of
obstacles around AUVs and facilitates the evaluator to get the
3D obstacle images data directly from the experiment. One
of the experiments is tested by a MATLAB tool based on the
OpenGL test images [22]. In our experiment, the OpenGL
test images contain 720 images of 20 objects. For each object,
we can generate 36 images from OpenGL simulation, and
the simulation is powerful enough to produce a new image
of the same obstacle for every 10 degrees of rotation. We
used the same training and testing data sets for SVM and
BP algorithms; therefore, we can get a clear analysis based on
both algorithms.
We performed a series of experiments using different
training sets to evaluate the performance of the whole system
[22, 23]. For the BP algorithm experiment, we selected the
optimal parameters in the experiments while optimizing the
neural network architectures. To train the artificial neural
networks, we used the back propagation algorithm. We used

Figure 7: The virtual testbed to evaluate the proposed system.

Table 1: SVM optimal parameters.
Arg.
1
1
2
2

𝐶
100
200
400
500

Training error
0.0106
0.0127
0.0171
0.0062

Training time
48.09 s
41.45 s
39.52 s
63.15 s

Table 2: Adjusting BP network.
Neurons in hidden layer
6
7
8
9

Training error
0.0148
0.0136
0.0127
0.0112

Training time
631.17 s
683.52 s
495.76 s
451.23 s

the tensing function in the hidden layer and logsig function
in the output layer. It was trained to find out the optimal
neurons, which can generate the best output results [4, 24].
Tables 1 and 2 have the optimal SVM parameters and
adjusted BP network, respectively. Table 3 shows the performance results of classic SVM, BP, and fuzzy ontology based
SVM schemes. Figure 8 depicts the average performance of
all three schemes in graphical format. We can easily understand from the graph that high accuracy rate can be achieved
by applying the proposed hybrid approach. By applying the
proposed scheme, not only can we reduce training and testing
time but we can also improve the efficiency of the system
overall.

6. Conclusion
In this research, we introduced a hybrid mechanism based on
fuzzy domain ontology and support vector machine to expedite the process of underwater obstacle recognition. Several
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Table 3: The performance result of SVMs, BP algorithm, and the proposed scheme.
Obstacles classifier BP training
(object sample)
time (s)
5–24
10–24
20–24
5–36
10–36

72.86
153.76
217.91
141.26
248.26

SVM
training
time (s)

Proposed
Proposed
BP testing SVM testing
BP
SVM
system
system
time (s)
time (s)
accuracy accuracy
training time
testing time

15.29
19.93
67.35
47.82
78.11

10.43
9.47
33.52
26.51
50.09

0.28
3.91
12.83
2.93
11.96

0.19
2.28
6.12
1.06
7.18

0.09
0.14
1.26
0.07
2.33

86.17%
85.12%
84.94%
87.95%
86.21%

90.87%
86.73%
89.90%
91.78%
92.99%

Proposed
system
accuracy
97.91%
98.17%
95.77%
98.31%
97.47%
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