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ABSTRACT

        Brain tumor pathologies are the most common fatality in the current scenario of health care society. 
Hence, accurate detection of the type of the brain abnormality is highly essential for treatment planning 
which can minimize the fatal results. Accurate results can be obtained only through computer aided 
automated systems. Besides being accurate, these techniques must converge quickly in order to apply them 
for real time applications. Even though several automated methods are available with these desirable 
performance measures, there is no clear differentiation between these techniques about the suitability for 
various applications. Many reports claim its work to be superior but a complete comparative analysis is 
lacking in these works. In this survey paper, an extensive comparative analysis is performed to illustrate the 
merits and demerits of various available techniques. This work also explores the applicability of the 
techniques in brain disorder diagnosis in MR images. The main objective of this work is to highlight the 
position of various automated techniques which can indirectly aid in developing novel techniques for 
solving the health care problem of the current society. 
 
Key words: Accuracy, Brain tumor images, Convergence, Diagnosis techniques, Magnetic Resonance and 

Survey 
 
1. INTRODUCTION 
 
          Computational applications are gaining 
significant importance in the day-to-day life. 
Specifically, the usage of the computer aided 
systems for computational biomedical applications 
has been explored to a higher extent. Medical 
image analysis is an important biomedical 
application which is highly computational in 
nature and requires the aid of the automated 
systems. These image analysis techniques are 
often used to detect the abnormalities in the 
human bodies through scan images. Automated 
brain disorder diagnosis with MR images is one of 
the specific medical image analysis 
methodologies. The automated diagnosis involves 
two major steps: (a) Image classification & (b) 
Image segmentation. Image classification is the 
technique of categorizing the abnormal input 
images into different tumor groups (brain tumors 

are of many types) based on some similarity 
measures. The accuracy of this abnormality 
detection technique must be significantly high 
since the treatment planning is based on this 
identification. The second step is image 
segmentation which is used to extract the 
abnormal tumor portion which is essential for 
volumetric analysis. This volumetric analysis 
determines the effect of the treatment on the 
patient which can be judged from the extracted 
size and shape of the abnormal portion. Many 
research papers with different approaches for 
image classification and segmentation are reported 
in the literature. The outline of methods used for 
image classification and segmentation are shown 
in Figure 1. The rest of this paper is segmented 
into many sub-divisions which deals with the 
various computing techniques for image analysis. 
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Figure 1. Framework of the automated identification system 

 
 
2. LITERATURE SURVEY ON IMAGE PRE-

PROCESSING 
          Image pre-processing is one of the 
preliminary steps which are highly required to 
ensure the high accuracy of the subsequent steps. 

The raw MR images normally consist of many 
artefacts such as intensity in-homogeneities, extra 
cranial tissues, etc. which reduces the overall 
accuracy. Several researches are reported in the 
literature to minimize the effects of artefacts in the 
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MR images. An analysis on filtering techniques 
such as Gabor & QMF filters for noise reduction 
is performed by [1]. These primitive methods 
along with reducing the noise blur the important 
and detailed structures necessary for subsequent 
steps.  The colour ray casting method to 
differentiate the region of interest from the 
background is implemented by [2]. But this 
technique is image dependent and not applicable 
for gray level images.  Expectation maximization 
segmentation (EMS) software package is also used 
for image pre-processing [3]. The main advantage 
of this technique is that it is a fully automatic 
technique. Diffusion filtering combined with 
simple non-adaptive intensity thresholding is used 
to enhance the region of interest [4]. The main 
drawback of this technique is the non-adaptive 
nature of the threshold value. Fuzzy connectedness 
based intensity non uniformity correction has been 
implemented by [5]. A sequential approach with 
fuzzy connectedness, atlas registration and bias 
field correction is used in this approach. The 
conclusions revealed that the proposed technique 
can be used only if the intensity variations 
between the images are of a limited range.  
 
           The effect of inter-slice intensity variation 
is minimized with the weighted least square 
estimation method [6]. The selection of weights 
for the least square method is the major 
disadvantage of this approach. The noise removal 
technique using wavelets and curve lets is 
implemented in [7]. Hybrid approaches involving 
Variance Stabilizing Transform (VST) are also 
used in this work. But this technique is applicable 
for images with Poisson noise. Tracking algorithm 
based de-noising technique is performed by [8]. 
Since the seed point for tracking is random in 
nature, this technique is not much efficient. A 
contrast agent accumulation model based contrast 
enhancement is implemented by [9]. This 
improves only the contrast of the image and the 
unwanted tissues are not eliminated. The wiener 
filtering technique for noise removal in MR brain 
images is used in [10]. Apart from noise removal, 
several other pre-processing steps are also 
reported in the literature. This includes image 
format conversion, image type conversion etc. The 
combination of three modalities of MR images for 
further processing is proposed in [11]. All the 
above mentioned techniques remove only specific 
artefacts which is not sufficient for high 
classification accuracy and segmentation 
efficiency. Apart from eliminating the noises, 
techniques for the removal of unwanted tissues 

such as the skull tissues in MR images are highly 
essential for accurate identification of the diseases. 
 
3. LITERATURE SURVEY ON FEATURE 

EXTRACTION 
 
      The next step in the automated diagnosis 
process is feature extraction. Feature extraction is 
the technique of extracting specific features from 
the pre-processed images of different abnormal 
categories in such a way that the within - class 
similarity is maximized and between - class 
similarity is minimized. Earlier research works 
report many feature extraction techniques 
employed for medical image processing. 2D 
wavelet transform based textural features for 
classification is used by [12]. In this report, 
initially basic statistical features are used and then 
co-occurrence based textural features are used to 
improve the accuracy. But the effects of usage of 
different wavelets are not dealt in the report.  A 
comparison of 2D wavelet transform based 
textural features and 3D wavelet transform based 
textural features is performed by [13]. This work 
concluded that the combination of 2D and 3D 
wavelet based textural features yield better results 
than the 2D wavelet features. Feature extraction 
technique using the complimentary wavelet 
transformed image is implemented by [14]. The 
report claimed that the features extracted from all 
the four sub-bands are more efficient than the 
features from the only the approximation sub-
band. All these techniques used the basic Discrete 
Wavelet Transform (DWT) which does not yield 
superior results.  
 
         An improved version based on wavelet 
packet decomposition is implemented by [15]. The 
results revealed that the packet decomposition 
technique is more efficient than the DWT 
technique. Apart from extracting the features from 
the whole image, features are also extracted from 
local regions which are used for image 
segmentation applications. One such work is 
reported by [16]. A novel feature set which 
comprises the features such as short run emphasis, 
run length non-uniformity, etc. which are based on 
run length matrices are described by [17]. The 
drawback of this work is the low classification 
accuracy which shows that these features do not 
guarantee superior results. The merits of wavelet 
features for image classification are explored by 
[18]. The technique of dimensionality reduction 
based on sub band grouping and selection have 
also been implemented in this work.  
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        A comparative analysis with the conventional 
algorithms is presented in this report. First and 
second order statistical features are also extracted 
from each training points and used for 
segmentation applications. These types of features 
are used by [19]. This report suggested that the 
combination of histogram based statistical features 
is more effective than the intensity based features. 
The effects of usage of moment based features are 
analyzed by [20]. Though this approach yields 
considerable improvement in the accuracy, the 
lack of generalization capability of these features 
is a drawback of this methodology. Feature 
extraction based on block processing technique is 
reported by [21]. Several other researchers 
analyzed the efficiency of each texture features 
individually. The entropy is the most dependable 
feature among the textural features. This 
information is revealed by [22]. These earlier 
works on feature extraction techniques clearly lay 
an emphasis on the necessity for high quality for 
successful image classification and segmentation 
techniques. 
 
4. LITERATURE SURVEY ON FEATURE 

SELECTION 
 
          All the extracted features do not guarantee 
high accuracy. The presence of insignificant 
features reduces the output accuracy besides 
increasing the computational time period. Since 
both these parameters are highly essential, a 
methodology must be framed to eliminate the 
insignificant features. This technique of selecting 
an optimal feature set is called as feature selection. 
Though it is an optional step, many earlier works 
reported the usage of feature selection techniques 
to enhance the quality of the output. The 
applicability of Genetic Algorithm (GA) for 
pattern classification is explored by [23]. The 
samples belonging to the same class are accepted 
by this GA approach and the other samples are 
rejected based on the strength of association 
measure. A comparative analysis is also performed 
with the maximum likelihood classifier. The 
selection of optimal fuzzy rules for a complex 
model using Genetic Algorithm (GA) is illustrated 
by [24].  A comparative analysis with the un-
optimized model suggested that the learning time 
has been reduced significantly because of genetic 
based optimization. Optimal fuzzy rule selection 
for classification is also implemented by [25]. A 
hybrid neuro fuzzy approach is used in this work 
with the architecture performing the selection 

procedure. But this technique is highly sensitive to 
change in the parameters of the membership 
functions. A hybrid approach involving MLP and 
GA for pattern recognition is proposed by [26]. 
GA is used for optimizing several parameters of 
the neural network to improve the performance in 
terms of accuracy and convergence time period.  
 
            Maximum output information based 
optimal feature set selection is performed by [27]. 
This feature selection is performed for improving 
the performance of Multi layer Perceptron (MLP) 
classifiers. The features for which the classifier 
outputs are high are selected as the optimal feature 
set. The output of the classifiers is estimated with 
mutual information and entropy.  A quantization 
based feature reduction technique for MR image 
classification techniques is used by [28]. This 
technique is quite faster but the major drawback is 
the loss of information which leads to inferior 
accuracy results. A Support Vector Machine 
(SVM) based feature selection technique is 
implemented by [29]. This technique is based on 
backward sequential algorithm which removes one 
feature at a time. The main disadvantages of this 
technique is that the time period required for 
convergence is more besides suffering from local 
optima. The application of Genetic Algorithm 
(GA) for dimensionality reduction is proposed by 
[30]. They also performed a comparative analysis 
among various optimization techniques. GA for 
feature selection is employed by [31]. This 
technique repeats the GA algorithm for several 
iterations till the specified classification accuracy 
is reached. This makes the system user dependent 
and it also depend on the target classification 
accuracy. A modified version of GA for 
performance enhancement is proposed by [32]. 
The effects of variable population size on the 
results are also analyzed in this work. The results 
are insensitive to parameter variations which 
suggested the robustness of this technique. The 
structural difficulty of tree based genetic approach 
is explained by [33]. The solution for the above 
problem is also reported in the work. The system 
used different structural modification operators for 
improving the performance of conventional GA. A 
modified GA for improved performance measures 
is proposed by [34]. This approach is based on 
graph based Cartesian approach. A comparative 
analysis is also performed with conventional GA 
to show the superior nature of the proposed 
approach. The performance measures used in this 
work are minimizing the redundancy and 
improving the computational efficiency.  
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             Another evolutionary approach namely, 
Particle Swarm Optimization (PSO) is used by 
[35]. This method is used for optimizing the 
weights of Artifical Neural Networks for image 
classification applications. Since PSO involves 
many random parameter initializations, the 
weights obtained using this approach may not be a 
stabilized set of weights.  An enhanced version of 
PSO is implemented by [36]. The premature 
convergence of the conventional PSO is 
eliminated in this approach by performing 
modifications in the velocity update equations. 
The results concluded that the proposed approach 
is simple and easy for implementation. A survey 
on the applications of GA for image classification 
and segmentation is conducted by [37]. The basic 
theory behind GA is covered in this report. Even 
though applications are mentioned in the report, 
no practical implementation is carried out to 
justify the hypothesis. An extensive analysis on 
comparison of GA and PSO algorithms for feature 
selection is performed by [38]. The results 
concluded that PSO is better than GA in terms of 
accurate results. Feature selection using PSO for 
SVM based classification is performed by [39]. 
The conclusion of this work is that PSO converges 
to the optimal solution quickly than the other 
optimization algorithms. Weight based feature 
quality assessment is reported by [40]. RELIEF 
algorithm has been used in this work for feature 
selection.  Experiments are also conducted on 
various datasets to show the applicability of this 
approach for feature selection. A comparative 
study between the various optimal search based 
techniques for cancer classification is done by 
[41]. The various techniques are analyzed in terms 
of convergence rate and accuracy. These 
techniques are also implemented using the real 
time datasets to highlight the best technique.  
 
               The combined rough set theory and the 
PSO technique for knowledge extraction from 
fMRI data is used by [42]. They concluded that 
the PSO requires less time to obtain better results 
than GA. Unstable nature of the optimal feature 
set is the major drawback of this approach.  PSO 
technique is also used to obtain an optimal rule set 
for fuzzy image segmentation. One such work is 
reported by [43]. Different membership functions 
are used for experimental analysis in this work. 
An improved PSO algorithm is reported by [44]. 
This methodology claims that the modified PSO 
reduces the convergence time period to a higher 
extent. A comparison with Ant Colony 

Optimzation (ACO) technique is also analyzed in 
this work.  A combination of fuzzy approach and 
GA is used by [45]. Though this approach yields 
high accuracy because of fuzzy theory, the time 
taken by the GA is significantly high which makes 
the system practically non-feasible. PSO technique 
for ultrasound applications are dealt by [46].  The 
hybrid techniques of wavelets and Principal 
Component Analysis (PCA) are used by [47]. But 
this technique requires fresh training whenever a 
new image is encountered. Thus, this survey 
reveals the merits and demerits of the various 
optimization techniques used for feature selection. 
Though these techniques are rarely used for 
abnormality detection in MR brain images, the 
results are highly promising in terms of 
classification accuracy and convergence time 
period. Hence, the applicability of evolutionary 
algorithms for feature selection will be explored in 
this work for accurate classification and 
segmentation. 
 
5. LITERATURE SURVEY ON BRAIN 

IMAGE CLASSIFICATION 
TECHNIQUES 

 
             The important process in the automated 
system is brain image classification. The main 
objective of this step is to differentiate the 
different abnormal brain images based on the 
optimal feature set. Several conventional 
classifiers are available for categorization but most 
of the earlier works depend on Artificial 
Intelligence (AI) techniques which yield highly 
accurate results than the conventional classifiers. 
The usage of Artificial Neural Networks (ANN) to 
improve the accuracy of the classifiers is 
illustrated by [48]. This report was based on head 
and neck carcinoma detection and a comparative 
analysis was performed with the Linear 
Discriminant Classifier (LDA) to show the 
superior nature of neural networks. An interactive 
tool to classify the healthy and the tumorous MR 
brain images is proposed by [49]. But the accuracy 
proposed in this system is very low compared to 
the AI techniques. Though this approach claimed a 
faster convergence rate, it may not be much useful 
because of its low accuracy. This report mainly 
concentrated on improving the convergence rate 
only. The application of various ANN for image 
classification is analyzed by [50]. The lack of 
faster convergence rate of the conventional neural 
networks is also explained in the report. This lay 
an emphasis on the requirement of modified 
neural networks with superior convergence rate 
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for image classification applications. The four 
different types of tumor is classified using LDA 
technique by [51]. But the classification accuracy 
reported in the paper is in the order of 80% which 
is relatively low. This work also suggested the 
various reasons for misclassifications.  
          Support Vector Machine based 
classification of various levels of MR glioma 
images is performed by [52]. This method claimed 
to be better than rule based systems but the 
accuracy reported in the paper is low. This work 
dealt with only glioma images and thus the lack of 
generalizing capability of this work is another 
drawback of this sytem. The application of 
Kohonen neural networks for image classification 
is explored by [53]. Some modifications of the 
conventional Kohonen neural network are also 
implemented in this work which proved to be 
much superior to the conventional neural 
networks. A hybrid approach such as combination 
of wavelets and Support Vector Machine (SVM) 
for classifying the abnormal and the normal 
images is used by [54]. This report revealed that 
the hybrid SVM is better than the Kohonen neural 
networks in terms of performance measures. But 
the major drawback of this system is the small size 
of the dataset used for implementation. The 
classification accuracy results may reduce when 
the size of the dataset is increased. A modification 
of conventional SVM such as Least Square SVM 
(LS-SVM) for brain tumor recognition is proposed 
by [55]. Both bi-level classification and multiclass 
classification are performed in this work to show 
the superior nature of the proposed method over 
the conventional classifiers. This report also 
specified an important note that the differences 
between various algorithms increase when the 
number of classes increase. Thus, this work 
suggested the necessity for multiclass 
classification techniques than bi-level 
classification techniques. Another version of LS-
SVM is proposed and successfully implemented 
by [56]. An extensive comparative analysis is 
performed between the SVM, neural classifier and 
the statistical classifiers. Results suggested the 
advantages of SVM in terms of classification 
accuracy. Only bi-level classification is performed 
in this work which is inadequate for judging the 
nature of the automated system. The modified 
Probabilistic Neural Network for tumor image 
classification is used by [57]. Abnormal images 
such as metastase, glioma and meningioma are 
differentiated using the least square feature 
transformation based PNN. A comparative 
analysis is also performed with SVM. This work 

inferred that the transform based PNN is superior 
to the SVM in terms of classification accuracy. 
  
               The different grades of abnormal images 
are categorized using artificial neural networks by 
[58]. This report suggested a practical method for 
selection of database. The training of ANN is 
dependent on input data and hence a wide variety 
of pattern is desirable for high accuracy. This 
report also highlighted the difficulty in collecting 
a large dataset of different uncommon patterns and 
hence concluded that the automated system can be 
tested with the images of common abnormalities. 
A time efficient neural network such as PNN is 
used by for pattern classification problems [59]. 
Emphasis was given for convergence time than the 
classification accuracy. The results concluded that 
the PNN is superior over conventional neural 
networks in terms of training time period. A 
computer aided system for discriminating the 
primary and secondary tumors is developed by 
[60]. Probabilistic Neural classifier is used in this 
work. Though the report records high 
classification accuracy, the size of the dataset is 
significantly small. Statistical classifiers are used 
for classifying different tumor types and one such 
work is reported by [61]. This classification is 
performed on proton Magnetic Resonance 
Spectroscopy images. A comparative analysis with 
neural classifier is also reported in this work. This 
report concluded that a combined statistical and 
neural classifier increased the accuracy to higher 
extent. An enhanced ART neural network for 
classification applications is implemented by [62]. 
This employed the GA approach to select the 
order of training patterns to enhance the 
classification performance. This experiment is 
conducted on various datasets. But the 
classification accuracy results are different for 
different datasets which is one of the drawbacks of 
this approach. A self organizing neural network 
based automated system for glioma detection is 
implemented by [63]. The main disadvantages of 
this system are the low classification accuracy and 
the lack of multiclass analysis. RBF kernel based 
SVM for brain tumor detection is used by [64]. 
The results of SVM are compared with AdaBoost, 
a machine learning algorithm. Experimental 
results illustrated the superior nature of SVM over 
the other classifiers. Image classification based on 
fuzzy approach using the pattern discovery 
algorithm is demonstrated by [65]. Experiments 
are conducted on various real-world datasets and 
the results concluded that the proposed algorithm 
yield good results when compared with the other 
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classifiers. A hybrid approach for pattern 
classification is reported by [66]. The combination 
of SVM and fuzzy rules is experimented in this 
work. The results revealed that the proposed 
hybrid approach is accurate, fast and robust. 
 
 
6. LITERATURE SURVEY ON BRAIN 

IMAGE SEGMENTATION 
TECHNIQUES 

 
          Pathology identification is performed by the 
image classification technique and then the 
treatment is planned based on the nature of 
abnormality. After treatment, it is highly essential 
to estimate the response of the patient to the 
treatment. In case of brain tumor abnormalities, 
the size of the tumor may decrease which indicates 
a positive effect and sometimes it may increase 
which shows a negative effect. In any case, it is 
important to perform a volumetric analysis on MR 
brain tumor images. Image segmentation covers 
this objective by extracting the abnormal portion 
from the image which is useful for analyzing the 
size and shape of the abnormal region. This 
method is also called as “pixel based 
classification” since the individual pixels are 
clustered unlike the classification techniques 
which categorizes the whole image. Several 
research works are reported in the area of medical 
image segmentation. All the research works 
performed on image segmentation can be 
classified into two broad categories: (a) Non-AI 
techniques and (b) AI techniques. Initially, a 
survey is performed on Non-AI techniques 
followed by the report on AI techniques.  
 
6.1. Image Segmentation Based on Non- AI 
Techniques 
 
         The maximum likelihood approach to 
segment the pathological tissues from the normal 
tissues is used by [67]. The drawback of this 
approach is that the proposed system is dependent 
on class probabilities and threshold values. A 
model based tumor segmentation technique was 
implemented by [68]. This approach uses a 
modified Expectation Maximization (EM) 
algorithm to differentiate the healthy and the 
timorous tissues. A set of tumor characteristics are 
presented in this paper which is highly essential 
for accurate segmentation. But the drawback of 
this work is the lack of quantitative analysis on the 
extracted tumor region. Level set method based 
tumor segmentation technique is developed by 

[69]. This method involves the method of 
boundary detection with the seed point. Watershed 
algorithm is also used to capture the weak edges. 
The main problem of this approach is the selection 
of seed point. Random selection of seed point may 
lead to inappropriate results and also consumes 
large convergence time period. A complete 
analysis of various types of brain tumors and the 
effect of MR image segmentation techniques on 
the treatment is studied by [70]. The report 
concluded that the enhanced MR image 
segmentation techniques play a major role for 
brain tumor treatment. This study shows the 
requirement for an accurate and quick image 
segmentation technique. The merits and demerits 
of various statistical segmentation techniques is 
elaborated by [71]. This work analyzed the 
performance measures of histogram based method, 
EM technique and the statistical parameter 
mapping (SPM2) package in detail. This report 
aimed at differentiating four different types of 
brain tissues. Experiments are carried out on 
simulated brain images. But the statistical 
techniques fail in the case of large deformations. 
  
            An enhanced version of symmetry analysis 
which also incorporates the deformable models is 
reported by [72]. The segmentation efficiencies 
reported in this approach is very low and the 
report also concluded that the proposed approach 
is a failure in case of symmetrical tumor across the 
mid-sagittal plane. Mathematical morphology 
based segmentation is implemented by [73]. The 
experimental results suggested the usage of 
skeleton by influence zones detection (SKIZ) for 
brain image segmentation. This technique involves 
the initialization of several parameters which is 
one of the demerits of this approach. Various 
softwares available for medical image 
segmentation are highlighted by [74]. This work 
also suggested appropriate techniques for various 
types of segmentation methods. An analysis on 
evaluation procedure for segmented images is 
performed by [75]. Few conventional algorithms 
such as EM algorithm mean shift filtering 
algorithm, etc. are experimented in this work. But 
the comparative analysis between various 
performance measures is not reported in this work.  
A topology preserving tissue classification on MR 
brain images is implemented by [76].  The 
advantages of statistical techniques and image 
registration are combined in this technique which 
is also suitable for noisy images. But the 
requirement for high computational time period is 
the major drawback of this approach. Symmetry 
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based brain tumor extraction is performed by [77]. 
The ability of this approach is limited since it can 
detect only the densely packed tumor tissues. The 
application of pseudo-conditional random fields 
for brain tumor segmentation is demonstrated by 
[78]. This technique is implemented on images of 
different tumor size. This system also claimed to 
be highly accurate and much faster than other 
conventional techniques. The mode of training 
used in this approach is patient - specific training 
which is one of the limitations of this technique. 
Bayesian model based tissue segmentation 
technique for tumor detection is implemented by 
[79]. This method proved to be computationally 
efficient besides yielding improved results over 
the conventional techniques. K-Nearest Neighbour 
technique based MR brain image classification is 
performed by [80]. An extensive comparative 
analysis is performed with other techniques. The 
dependency on threshold values for accurate 
output is the drawback of this approach. A 
volumetric image analysis based on mesh and 
level set method is illustrated by [81]. This work 
concentrated on 3D image processing and 
employed on different tumor types. But the results 
yielded by this approach are inferior and not 
comparable to the other pixel based classifiers. A 
survey on various medical image segmentation 
algorithms is performed by [82]. The drawbacks 
of several techniques are clearly illustrated in this 
report and also suggested suitable techniques for 
tumor segmentation. 
 
6.2. Image Segmentation Based on Artificial 
Neural Networks 
 
               Another group of researchers depend on 
AI techniques for brain image segmentation. 
Among the AI techniques, ANN and Fuzzy theory 
are the predominantly used methodologies for 
segmentation. ANN is preferred by the researchers 
because of its adaptive nature, accuracy, etc. The 
application of Linear Vector Quantization (LVQ) 
for brain image segmentation is deomonstrated by 
[83]. A comparative analysis is performed with the 
Back Propagation neural network (BPN) and the 
experimental results proved the superior nature of 
LVQ. The report also concluded that the ANN is 
faster than the conventional classifiers. Self 
Organizing Map based segmentation technique on 
MR brain images is implemented by [84]. Though 
the proposed system is faster, the segmentation 
efficiency is comparatively low since it employs 
unsupervised mode of training. Automate brain 
image segmentation using conventional LVQ is 

proposed by [85]. The convergence rate of this 
approach is high but this system failed to 
distinguish the outer layers of brain which is 
normally seen in MR brain images. Also the 
results are not quantitatively analyzed in this 
report.  
 
               A combined radial basis function neural 
network (RBF) and contour model based MR 
image segmentation technique is used by [86]. The 
contour model is used as a pre-segmentation step 
by developing the clear boundaries between the 
different tissues. RBF neural network is then used 
to segment the various brain tissues into different 
groups. A modified version of SOM with Markov 
random field model is suggested by [87]. Extra 
spatial constraints are added in this algorithm for 
weight adjustment between the input layer and the 
output layer. But this method is highly prone to 
noise and applicable for only noise-free images. 
Back propagation neural network based tumor 
segmentation is performed by Martin [88]. A 
comparative analysis is done with the Inverse 
Laplace Transform based technique. The report 
concluded that BPN is superior in terms of 
processing time and accuracy over the 
conventional algorithm. A modified Bidirectional 
associative memory for gray level pattern 
classification is developed by [89]. A self-
convergent iterative learning is performed in this 
approach with a non-linear function. This 
technique is more applicable for noisy images. But 
this approach suffers from the drawback of 
handling non linear separable problems. A fast 
neural network suitable for real time applications 
is implemented by [90]. An iterative-free training 
approach is followed in this network using the 
Huang’s neural network. The convergence time 
period is considerably reduced since the weights 
are determined analytically rather than through 
conventional weight adjustment procedure. A 
comparative study between the neural classifiers 
and another AI technique such as fuzzy classifier 
is presented by [91]. SOM is used as a neural 
representative and fuzzy n-means algorithm is 
used as the fuzzy representative. Experimental 
results revealed the inability of SOM to detect 
small tumor areas. A modified neural network 
with neighbourhood information is proposed by 
[92]. This work aimed at minimizing the false 
classifications of the images. The efficiency of this 
approach is revealed through experimental results 
and the report also revealed the applicability of 
this method for binary, multilevel and colour 
intensity images. The analysis of fMRI data using 
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the SOM architecture is done by [93]. Hierrarchial 
clustering technique has been incorporated in this 
approach to yield better results. An enhanced 
version of LVQ neural network is implemented by 
[94]. The concept of GA is incorporated in this 
technique to improve the performance of 
conventional LVQ. An analysis in terms of 
segmentation efficiency and convergence time 
period is provided in the report. A hybrid expert 
system based SOM for interpretation of MR brain 
images is developed by [95]. This system proved 
to be much superior than the individual ANN 
since the accuracy is increased to a higher extent. 
This work also highlighted the application of 
neuro-fuzzy approach for high quality results. But 
the lack of availability of an expert knowledge 
database for all the applications is the major 
drawback of this system. A novel neural network 
such as Incremental Supervised Neural Network 
(ISNN) is proposed by [96]. This method depends 
on Continuous Wavelet Transform (CWT) and 
Zernike moments for the analysis of six different 
types of brain tissues. The architecture of the 
proposed neural network is adaptive in nature and 
the number of neurons is added incrementally. 
Experimental results suggested the applicability of 
this network for noisy environment. 
 
6.3. Image Segmentation Based on Fuzzy 
Techniques 
 
             Several earlier works based on fuzzy logic 
theory are also reported in the literature. A 
modified Fuzzy C-Means (FCM) algorithm for 
brain image segmentation is implemented by [97]. 
This method is shown to provide significant time 
saving when compared with the conventional 
FCM algorithm. Lack of quantitative analysis on 
segmentation efficiency is the drawback of this 
approach. A more accurate FCM algorithm is 
proposed by [98]. The outlined approach in this 
paper is applicable for MR images with intensity 
inhomogeneties. But the execution time of this 
approach is directly proportional to the amount of 
inhomogeneties present in the images. This leads 
to slower convergence rate which makes the 
system practically non-feasible. A complete 
survey of various segmentation algorithms is 
presented by [99]. The merits and the demerits of 
various techniques are analyzed in detail. 
Appropriate techniques for different applications 
are also suggested in this review paper. The 
applicability of conventional FCM algorithm for 
3-D image processing is reported by [100]. This 
work highlighted the methodology for the 

selection of number of clusters in FCM algorithm. 
Expert knowledge is also required for this 
automated approach. Lack of availability of 
accurate expert knowledge is the drawback of this 
approach. The significance of weights for fuzzy 
rules in image processing applications is revealed 
in [101]. The necessity of weights for fuzzy rules 
is proven through computer simulations on real 
time data sets. The report also has provided an 
efficient method for framing fuzzy IF-THEN 
rules. A robust fuzzy clustering algorithms 
proposed by [102]. This approach has eliminated 
the dependency of FCM algorithm on similarity 
measures such as distance measures. The proposed 
approach is highly generalized in terms of the 
parameters used in the algorithm. Time efficient 
FCM for real time applications is proposed by 
[103]. The requirement of two updates equations 
have reduced to a single update equation in this 
approach. This approach has solved the high 
memory requirement problem of conventional 
FCM.  
 
                A descriptive fuzzy classifier is 
implemented by [104]. In this approach the 
approximate rules derived from the inputs are 
converted into descriptive rules. The report has 
concluded that the proposed translation yield high 
accuracy at a comparable time period. A modified 
FCM algorithm based on spatial model is 
developed by [105]. Qualitative results highlighted 
the improvement in the segmentation efficiency of 
the spatial model based FCM over the 
conventional FCM. The lack of volumetric 
analysis of the segmented tissues is the major 
drawback of this system. A linguistic FCM 
algorithm is proposed by [106]. This technique is 
based on extension principle and the results are 
compared with the conventional FCM. The 
computational complexity of conventional FCM is 
also tackled in this technique. A fast and accurate 
FCM algorithm for image segmentation 
applications is implemented by [107]. A data 
reduction method based on quantization is 
involved in this approach for high speed 
clustering. A comparative analysis with the 
conventional FCM algorithm is also provided in 
this report. An adaptive spatial clustering 
algorithm is implemented by [108]. The usage of 
this approach for non-uniform intensity MR 
images is demonstrated in this work. Suitable 
modifications are performed in the FCM algorithm 
to incorporate the spatial constraints and to 
eliminate the artefacts. A comparative analysis 
with other techniques is also presented in the 
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paper. Iterative watersheds based fuzzy tumor 
segmentation is reported by [109]. This approach 
claimed to be fast and accurate but the 
segmentation efficiency is comparatively low. The 
report also suggested the usage of prior knowledge 
to improve the efficiency. An image segmentation 
technique using fuzzy connectedness is proposed 
by [110]. The requirement for initialization of 
several initial parameters including the seed pixel 
is one of the disadvantages of this system. A FCM 
algorithm to achieve high accuracy for MR brain 
images is developed by [111]. Several methods for 
initializing the cluster centres such as Silhoutte 
method are highlighted in this work.  
              Only qualitative analysis is reported in 
the paper which is not sufficient for judging the 
effectiveness of the system. A possiblistic fuzzy 
clustering approach is reported by [112]. This 
approach is experimented on brain image 
segmentation and promising results are obtained 
by this technique.  
 
                An improved FCM algorithm is also 
proposed by [113]. This technique is based on 
block processing where each block is processed by 
a parallel processor. Though this approach is 
faster, the requirement for additional hardware is 
the major drawback of this system. An extensive 
survey on tissue segmentation algorithms for MR 
brain images is conducted by [114]. A technique 
to minimize the intensity nonuniformity artifact is 
also proposed in this paper. Several suggestions on 
pixel based approaches, region based approaches, 
model based approaches are provided in this work. 
The merits of incorporating the fuzzy information 
in MR brain image segmentation techniques are 
illustrated by [115]. Several fuzzy models are 
created and the fuzzy features are extracted from 
these models. Experimental results have suggested 
the usage of fused fuzzy features for improving 
the accuracy of the techniques. Even though 
performance measures are specified, an extensive 
analysis in terms of the measures is not done in 
this work. Diffusion model based segmentation 
technique is reported by [116]. K-means clustering 
is used in this work for tumor extraction. Lack of 
the fuzzy knowledge is clearly visible in the 
segmented results which are of low quality. No 
quantitative analysis is performed in this work 
which is another drawback of this method. 
Sriparna etal.  have mixed the GA concept with 
the fuzzy theory to achieve more efficient results 
[117]. The experimental results are compared with 
the EM algorithm. Results have revealed the 
applicability of GA for cluster centre selection in 

the FCM algorithm. This methodology has 
significantly increased the accuracy. The report 
also suggested that the proposed work is more 
appropriate for noise free MR images.  
 
               A modified FCM algorithm for MR brain 
image segmentation is implemented in [118]. The 
method of initial selection of membership values 
are highlighted in this report. This work has not 
conducted significant experiments which is 
evident from the lack of quantitative analysis. The 
usage of fuzzy localization map for structure 
identification in MR brain images is discovered by 
[119]. The experiments conducted on MR images 
revealed the efficient and the robust nature of the 
proposed system. An adaptive Mean-Shift 
clustering based tissue segmentation is performed 
by [120]. Spatial information is also incorporated 
in this approach to minimize the effect of artefacts. 
In this work, experiments are conducted to cluster 
the normal brain images. This technique can be 
extended to extract abnormal tissues. A new 
kernelised weighted C-means algorithm is 
developed by [121]. High quality results are 
reported in this work but the experiments are 
conducted on a small size dataset which is highly 
insufficient to estimate the quality of the proposed 
system. Lack of generalization is another 
drawback of the approach since the analysis is 
performed only on glioma tumour images. 
Gaussian smoothing based FCM algorithm to 
achieve improved performance measures is 
reported by [122]. This approach has incorporated 
a feature selection algorithm for improved 
accuracy. Experimental analysis has revealed the 
suitability of this approach for noisy MR images. 
But the computational complexity of this approach 
is significantly high due to the bootstrap based 
feature selection techniques. 
 
6.4. Image Segmentation Based on Hybrid 
(Neural + Fuzzy) Techniques 
 
              Several hybrid neuro-fuzzy approaches 
for image analysis are also reported in the 
literature. The theory behind ANFIS is explained 
by [123]. The report also illustrated the effects of 
various membership functions on the ANFIS 
training and testing process. The foundation for 
the ANFIS based research is provided in this 
work.   A hybrid neuro-fuzzy approach is used for 
image segmentation by [124]. The conventional 
fuzzy clustering algorithm combined with the 
MLP neural network is used for segmentation. 
Selection of appropriate convergence criterion is 
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the major drawback of this approach. An optimal 
neuro-fuzzy possiblistic C-means algorithm is 
proposed by [125]. A comparative analysis 
between the conventional techniques is also 
performed in this work. This work mainly aimed 
at improving the segmentation efficiency of noisy 
MR images. The drawback is the slow 
convergence rate due to the fact that many 
complex steps are involved in this algorithm.  
 
               A combinational approach of SOM, 
SVM and fuzzy theory is implemented by [126]. 
An extensive analysis is performed with the other 
segmentation techniques to show the superior 
nature of the proposed approach. A reflex fuzzy 
min-max neural network for clustering techniques 
is developed by [127]. The reflex mechanism of 
brain together with fuzzy rules has been used to 
reduce the misclassification rate. The results are 
also compared with the conventional techniques 
and found to be useful for improving the 
segmentation efficiency. No specific application is 
reported in this work. Wavelet based neuro fuzzy 
segmentation is proposed by [129]. A neural 
architecture with fuzzy rules is used for 
implementation in this work. This work is not 
experimented on brain images. The combination 
of SOM and FCM algorithm for brain image 
segmentation is experimented by [129]. But the 
drawback of this technique is that it is not suitable 
for tumors of varying size. The convergence rate 
reported in this work is also very low which 
another drawback of this technique. A fuzzy 
kohonen neural network is implemented by [130]. 
This technique is completely dependent on the 
input features which are the drawback of this 
system. The qualitative and quantitative analysis 
results are inadequate when compared with the 
other techniques. 
 
7. CONCLUSION 
 
In this work, the merits and demerits of various 
automated techniques for brain tumor 
identification is analyzed in detail. The suitability 
of the techniques for various applications is also 
illustrated in this survey. Several novel hybrid 
approaches may be developed through the ideas 
conveyed in this report. This report also aid in 
highlighting the significant contributions of 
engineering theory to the medical field. 
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