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ABSTRACT 

Space-based imaging is the only renowned source for surveillance over oceans especially for 

maritime monitoring which is escalating in near-real-time. The main crisis and the challenge of 
the above relevance is the increase in targets across the ocean environment. This paper presents a 

fast learning approach towards classification of ship targets for target monitoring using a 
combination of data mining and artificial intelligence (AI) based techniques, emphasizing 
Extreme learning machine and evolutionary algorithm. The main motivation of this research is to 

obtain much more compact network architecture to have high learning speed and higher testing 
accuracy. The intelligent system developed in this study essence the need of ELM for target 

classification to face dispute like trivial human intervene and poor computational scalability. 
This approach provides a method of fast learning, which involves learning algorithm and 
optimization method for classification purpose in ship target data. The ELM technique applied in 

this research uses ship information in order to expose target features that are known to be highly 
correlated with maritime activities. The Evolutionary Algorithm is employed as a global 

searching method for optimization, which uses knowledge of human expertise combined with the 
results from the ELM, in order to classify targets potentially. The proposed ELM with EA model 
is trained using live ships map data which is recorded with one of the highest rates of maritime 

services. With the implementation of this new combination, the experimental results show that 
this approach achieve good generalization performance.  
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INTRODUCTION 
 
Classification of ship targets is initially intended to help ships from collisions, as well as 
assisting port authorities to better control sea traffic [8]. AIS transponders on board vessels 
include a GPS (Global Positioning System) receiver, which collects position, movement details 
and vessel structural information [9]. Various attributes can be provided with the detected vessels 
such as estimate for vessel length, some for width or heading and few for speed. Speed is to be 
derived from analysis of ship wakes but this still presents some challenges. Here the research 
work is carried on to derive a vessel’s type (tanker, fishing boat, etc.) that is beyond today’s 
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capabilities. Vessel classification therefore essentially comes down to vessel size estimation 
which shows considerably more variation in their classification performance than in their 
detection performance. The data collection for the considered research work is collected from the 
live marine traffic website in which data received are uploaded in the database in real time and 
therefore they are immediately available on the map and on other pages. Static Information, such 
as vessel’ name, length breadth, area, draught, IMO number, MMSI number and dimensions are 
considered as the attributes for the generated database. There are several classification 
algorithms that are widely used in these applications[8]. Out of numerous computational 
intelligence techniques, neural networks have been playing the dominant roles. However to 
overcome the poor computational scalability especially with the growing ship database extreme 
learning machine with evolutionary algorithm is proposed as a hybrid approach. This work has 
lead to improved classification functionality for the generated vessel database.  
 

 

CONVENTIONAL EXTREME LEARNING MACHINE  

     

ELM Feedforward neural networks have been extensively [5] used for the ability  
(1) to approximate complex nonlinear mappings [2] directly from the input samples  
(2) to provide models for a large class of dataset that are difficult to handle using classical 

parametric  techniques. 
 

The main drawback of NN is lack of faster learning algorithms [7]. Gradient descent-based 
method has been used as the learning algorithms for the feedforward neural network in this 
system. The finding says that many iterative learning steps are required by such learning 

algorithms in order to obtain better learning performance and also when ISL dataset grow. So 
ELM is proposed to avoid problem like local minima, improper learning rate and over fitting. 

Traditionally, all the parameters of the feedforward networks need to be tuned and thus there 
exists the dependency between different layers of parameters (weights and biases)[5]. During 
past decades, gradient descent-based methods have mainly been used in various learning 

algorithms of feedforward neural networks. However, it is clear that gradient descent-based 
learning methods are generally very slow due to improper learning steps or may easily converge 

to local minima. And many iterative learning steps may be required by such learning algorithms 
in order to obtain better learning performance.  
 

Thus, a simple learning method for SLFNs called extreme learning machine (ELM) can be 
summarized as follows: 

Algorithm ELM : Given a training set  

activation function g(x),a and hidden node number  , 
 

Step 1 : Randomly assign input weight wi and bias bi , i=1.,...  
Step 2 : Calculate the hidden layer output matrix H 

Step 3 : Calculate the output weight  

..................................................................................(1) 

Where  
This algorithm works for any infinitely differential activation function g(x). Such activation 
functions include the sigmoidal functions as well as the radial basis, sine, cosine, exponential, 

and many nonregular functions. 
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OPTIMIZING ELM USING EVOLUTIONARY ALGORITHM 

 

Problems which involve global optimization over continuous spaces are ubiquitous throughout 
the scientific community[6]. In general, the task is to optimize certain properties of a system by 

pertinently choosing the system parameters. For convenience, a system's parameters are usually 
represented as a vector. The standard approach to an optimization problem begins by designing 
an objective function that can model the problem's objectives while incorporating any 

constraints. It is clear that the learning speed of feedforward neural networks is in general far 
slower than required and it has been a major bottleneck in their applications during past decades. 

Two key reasons behind may be: (1) the slow gradient-based learning algorithms are extensively 
used to train neural networks, and (2) all the parameters of the networks are tuned iteratively by 
using such learning algorithms. Extreme learning machine (ELM) for single-hidden layer 

feedforward neural networks (SLFNs) which randomly chooses hidden nodes and analytically 
determines the output weights of SLFNs[3]. In theory, this algorithm tends to provide good 

generalization performance at extremely fast learning speed. The experimental result for the 
vessel database produces good generalization performance in classification but tends to lead 
huge network architecture. Though ELM has shown significant performance in large dataset 

classification applications, this research work further studies ELM for classification in the 
aspects of optimization. The need for novel approach is that (i) for determining the input weights 

and hidden biases and (ii) to reduce the number of hidden neurons and form compact 
architecture.  
 

Selection of differential evolution algorithm 

 
DE is a very simple population based stochastic function minimizer which is very powerful at 

the same   time. Differential Evolution (DE) is an evolutionary optimization technique, which is 
faster and robust at numerical optimization and likely chances of finding true global optimum 

[1]. It seems to be an improved version of genetic algorithms for faster optimization. The 
principal difference between GA and DE is that GA algorithms rely on crossover, a mechanism 
of probabilistic and useful exchange of information among solutions to locate better solutions, 

while evolutionary strategies use mutation as the primary search mechanism [1]. DE also uses a 
non uniform crossover that can take child vector parameters from one parent more often than it 

does from others [4]. The basic strategy is as follows  
Given a set of parameter vectors  

                                     },.....,2,1|{ , NPiGi as a population at each generation G,  

Following steps are  

Mutation: For each target vector  ,,.....,2,1,1, NPiGi  a mutant vector is generated 

according to  

                ).( ,3,2,11, GrGrGrGi FV  …………………………..(2)    

       

With random and mutually different indices r1, r2 , r3  є {1,2….NP}  and F є [0,2]. The constant 
factor F is used to control the amplification of the differential variation.  

                                           
).( ,3,2 GrGr
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Cross over : In this step ,the D-dimensional trial vector : 

  )...........,( 1,1,21,11, GDiGiGiGi  ………………………………….(3) 

Selection: If vector 1,1 Gi  is better than 1,, , GiGi then  is set to 1,1 Gi .Otherwise the old value 

Gi ,  is retained as 1,Gi . 

The basic mechanism of DE is  

Initialization of the DE says that parameter limits should be defined. If not, parameter ranges 
should cover the suspected optimum. 

Two arrays which represent current and the next generation NP or the number of solutions each 
generation 
Real valued vectors of parameters 

Fitness or Cost of each vector of parameters 
 

Proposed hybrid approach for Classification  

 
The combinational model has the following steps  

1. The population from the sample dataset is generated randomly. The random selection of 
vectors is performed by shuffling the population array.  

2. Every individual has its own input weights and hidden biases. 
3. Evaluate the best member after initialization.  
4. DE-Minimization is done. 

5. Select which vectors are allowed to enter the new population.  
6. Testing the performance of the best population.  

7. Calculate training & testing classification accuracy. 

The determination of new population 1Gi can be described as follows: 

 

                      

,)(

,,,

)()()(,

),()()(,

,

,,

,,

1,

else

GGand

fffif

ffGiff

Gi

GiiGii

GiiGii

Gi
ii  ……………………..…(4) 

Where f(.) is the fitness function (validation error ) and is a preset tolerance rate. Once the new 

population is generated, the same DE process is repeated until the goal reaches the maximum 

learning epochs. 
 
EXPERIMENTAL RESULTS  

 

The experimentation is carried out exclusively based on the information received from live 

marine traffic maps. This service provides free real- time information to the public, about ship 
movements and ports, mainly across the coast-lines of many countries around the world. 'Static 
Information' which are recorded and collected includes. These include: Vessel's Name, Vessel's 

Type and Vessel's Dimensions. A simple and efficient learning algorithm for single-hidden layer 
feedforward neural networks (SLFNs) called extreme learning machine (ELM) is compared with 
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hybrid ELM is proposed which has several motivating and significant features different from 
traditional popular gradient-based learning algorithms for feedforward neural networks. Training 

and testing files are text files, each raw consisting of information of one instance. First column 
are the expected output (target) for ship classification, the rest columns consist of different 

attributes information of each instance such as length, breath, draught and area.  

 
 

Fig 1: Accuracy measures for Comparison 

 

 
Fig2: Comparison of methods based on time metric 

 

For example, the following shows a 5-class application dataset which have 4 input attributes. 
Since the ELM and the proposed hybrid model can automatically detect and propose multi-class 

labels, one column indicates the multi-class labels in their training and testing data files. 10 runs 
is been calculated for testing time, training time, testing accuracy and training accuracy. For 

training data 80 samples are been taken and for testing data 25 samples are been taken.Fig 1 and 
2 depicts performance of the proposed method and the time metrics seems to be high for the 
hybrid model as the combination is based on iteration process. Evaluating the classifier, 

performance is done based on certain properties and table 1 depecits the same. The validation 
parameters used are sensitivity, specificity, error rate, predictive value, likelihood value 

according to the sample datasets. 
Table 1: Performance evaluation 
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S.No Performance Measurers ELM Hybrid ELM 

1. Classified rate 1 1 

2. Sensitivity 1 1 

3. Specificity 0.9 0.7273 

4. Error rate 0.8571 0.333 

5. Inconclusive rate 0 0 

6. Prevalence 0.2867 0.2867 

 

CONCLUSION  

 

A hybrid model is been experimented for classification of ship vessel based on time and 
accuracy metrics. The non linear system has been converted to a linear system by this specific 
combination effort. This paper studies ELM with evolutionary algorithm with the standard 

optimization method. The experimental results explores that it minimize the required number of 
hidden neurons by optimizing the input weights and biases values.  The results also indicate that 

the hybrid model achieves higher generalization performance than ELM. Other combination with 
ELM can be tried to obtain much more compact network architecture which is helpful for high 
speed in classification applications. 
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