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Abstract
Brain tumors are amongst the top death-leading health conditions worldwide. Biopsy is the most accurate procedure that
determines the brain tumor type whether it is malignant or benign. However, biopsy may not be applicable for some patients
with brain cancer (BCa) and could be life-threatening. In this paper, an intelligent diagnosticimage-based systems are
implemented to assist physicians in making diagnostic decisions about the BCa type without biopsy procedures. A combined
method of artificial intelligent systems and MRI image segmentation is proposed as a tumor classification tool. This study
employs image filtration and segmentation on a region of interest (ROI) of an MRI image. Then, extract accurate statistical
features are fed into four artificial intelligent (AI) systems: Adaptive neuro-fuzzy inference system(ANFIS), Elamn Neural
Network (Elman NN), Nonlinear AutoRegressive with exogenous neural networks (NARXNN), and feedforward NN. The
four AI classifiers are investigated and tested on 107 patients with brain tumors. The data base of the brain tumor images
used in this study contains both malignant and benign cancers. The performance of the four intelligent tumor classifiers is
evaluated. It is found that the NARX NN shows best performance with a classification accuracy of 99.1%. The achieved
accuracy level is superior and could be very helpful in clinical purposes.
© 2014 Jordan Journal of Mechanical and Industrial Engineering. All rights reserved
Keywords: : Adaptive Neuro-Fuzzy Inference Systems (ANFIS); Neural Networks; Brain Cancer; Image Segmentation; Nonlinear Auto
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1. Introduction
Brain tumors are the most complicated cancer diseases
that are globally recognized by different organizations of
cancer registry. It has been shown that brain tumors are
fatal especially for children and they are listed among the
highest causes of cancer among young adults [1]. In
Jordan, 154 cases of malignant brain tumor were reported
in 2008. The Age Specific Incidence Rates of brain tumors
for males and females were reported in [2] as 8.1 and 4.8
per 100,000 populations for the age group (0-20 years),
respectively, 5.1 and 10.3 per 100,000 populations for the
age group (20-40years), and 33.9 and 19.1 per 100,000
populations for the age group (40-60 years).
There are varieties of cancer treatment techniques, such
as:
chemotherapy,
radiotherapy,
surgery,
and
amalgamation. However, the early determination the type
of brain tumor is one of the most important factors for
curing [1]. Therefore, tumor type and nature must be
diagnosed before starting the treatment procedures.
*
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Advanced medical imaging modalities followed by a
histological test known as biopsy are usually used in
diagnosing. However, biopsy is still not applicable for
some patients with brain cancer and could be lifethreatening, and can cause a significant damage to the
healthy brain tissues.
Thus, the objective of the proposed adaptive neural
fuzzy system was to give primary information about the
cancer existence in form of Classification Accuracy (CA)
and the higher classification accuracy percentage, the
greater the options for treatment. For under these
circumstances, artificial intelligence, like fuzzy logic,
neural networks and hybrid fuzzy logic and neural
networks are implemented in image-based diagnostic
systems. Such system serves to assist physicians in making
diagnostic decisions based on database analysis and
pattern recognition and without any risk. Also such system
will be helpful in monitoring patients with low cancer risk
without resorting to the frequent painful biopsy
procedures. In [3], the fuzzy logic has been successfully
implemented in breast cancer classification. Hybrid
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particle swarm optimized fuzzy logic system was used in
the modeling and design of a hypoglycemia monitor for
patients with diabetes [4]. A complementary learning
fuzzy neural network was proposed in [5] for Ovarian
cancer diagnosis. In [6], a modified fuzzy cellular neural
network was proposed to effectively segment CT liver
images, which will help in early diagnosis of lever cancer.
Adaptive Neuro-Fuzzy Inference System (ANFIS) is one
of the intelligent systems that showed a promising
performance in different aspects of our life, and more
widely in medical applications. ANFIS has been
implemented in many medical diagnoses such as: human
action recognition [7] and epilepsy seizure [8-9]. Contentbased image retrieval system, as a tool for discrimination
between the normal and abnormal medical images, was
developed in [10], heart valve diseases [11], rheumated
arthritis [12], prostate cancer [13], and breast cancer [14].
ANFIS showed an overall accuracy in detecting glaucoma
of 90.0% as reported in [15]. ANFIS illustrated a better
performance in detecting four types of brain tumor when
compared with the performance of probabilistic neural
network classifiers [16].
Another promising intelligent cancer classification tool
is based on Artificial Neural Networks (ANN). Karabatak
in [17] presented an automatic diagnosis system for
detecting breast cancer based on Association Rules (AR)
and Neural Network (NN). The proposed AR with NN
classifier showed an accuracy of 95.6%. In [18], a
classification system was developed to detect tumor blocks
or lesions, where the classification step was determined by
ANN to discriminate between normal and abnormal MRIs
for different patients with Astrocytoma type of brain
tumors. An ANN automated diagnosis system was
proposed for prostate cancer detection in [19]. Data taken
by biopsy for 121 patients were used to train and tests the
ANN classifier. The system showed an accuracy of
94.11%. In [19], An ANN discrete wavelet transformation
hybrid technique was presented for brain cancer
classification. A very adequate performance was obtained
via a modified Probabilistic Neural Network (PNN) brain
tumors classifier that was proposed in [20]. Their approach
incorporated a non-linear Least Squares Features
Transformation (LSFT) into the PNN classifier. The
achieved classification accuracy was 95.24%.
In this study, a simple MRI tumor segmentation
technique combined with artificial intelligent system to
assist physicians in determining the brain tumor type is
proposed. This proposed brain cancer classification
approach will help in minimizing the examination time,
cost and avoiding the unnecessary biopsy procedure. The
key steps of the proposed method, technically, are
illustrated in Figure (1). Step 1 of the approach is to obtain
MRI investigated cases; step 2 is a preprocessing step, all
images are filtered using the smoothing spatial low pass
filter (averaging filter) and enhanced by the equalizing
histogram. In step 3, the ROI is performed to segment the
tumor part using threshold transformation function. Then
the technique of feature extraction from each ROI is
implemented to convert the original data set into minimum
output features. This process is accomplished by
measuring certain properties of the image, or features, that
distinguish one input pattern from another pattern. In this
Step, three textural features based on ROI of each gray

level for each MRI tumor type are extracted; as: the mean,
maximum, and standard deviation of pixel values for both.
In Step 4, the extracted features are fed into ANFIS and
three ANN systems that classify the tumor type into
Malignant or Benign. Three types of ANN are
investigated: Elman Network, NARX Network, and
Feedforward Network.
This paper is organized as follows: In section 2, a
detailed description of image preprocessing and extraction
parameters from the ROI, and data collection are
presented. Also, ANFIS theory and brief description about
Elman NN, NARXNN, and Feedforward NN are reviewed.
Section 3 addresses the obtained experimental results and
discusses the performance of each classifier (ANFIS,
Elman NN, NARXNN, and Feedforward NN) in BCa
detection. Finally, section 4 is devoted for the conclusion
of the presented work with relevance to BCa classification.

Figure 1. Flow chart of the proposed method

2. Materials and methods
2.1. Image Database
A total of 107 real brain MRIs that contain tumors were
used in this study. The MRI data set contains (41) benign
and (66) malignant MRIs that were collected from
Jordanian hospitals. The MRIs were taken for different
patients with several transverse slices. It is important to
mention that all used MRIs were diagnosed and classified
as benign or malignant by experts in the field. It was
noticed that the tumors locations were in the middle, the
right, and in the left half of the brain.
2.2. Enhancement and Segmentation
After converting all images to the gray scale, the
histogram equalization was applied to improve the MRI
quality. In this work, enhancement can be performed using
the transformation function ( T (r ) ), where r represents
the gray levels of the MR image. This image was already
normalized to the interval [0, 1], with r =0 representing
black and r =1 representing white [21]. The
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transformations ( T (r ) ) produces a level s for every pixel
value r in the original MRI as shown Eq. 1:

s = T (r )

0 ≤ r ≤1

(1)

On the other hand, the probability of occurrence of gray
level rk in an image is calculated by Eq. 2:

Pr (rk ) =

nk
n

k = 0, 1, 2, ..., L - 1

(2)

where n was the total number of pixels in the image,
nk was the number of pixels that have a gray level, and L
is the total number of possible gray levels in the image
[21]. Therefore, the histogram equalization was calculated
by Eq. 3:
k

k

nj

j =0

j =0

n

sk = T (rk ) = ∑ Pr (rj ) = ∑

(3)

k = 0, 1, 2,..., L - 1.
Thus, the processed tumor image was obtained by
mapping each pixel with level rk in the input image into a
corresponding pixel with level s k in the output image via
Eq. 3.
The BCa MRI was filtered using the smoothing spatial
low pass filter (averaging filter) as a preprocessing step to
remove insignificant details from a brain image before the
object of tumor was extracted by the ROI histogram for the
segmented region. Averaging filter was chosen with
3× 3 pixels containing equal weights of value "1" is
applied to the original image ( Ri ), where i ∈1 to 3 × 3 .
In this case, the small objects with low intensity variations
was blinded into the background, while leaving the objects
of interest relatively (tumor) unchanged. The average filter
is calculated by Eq. 4 [22] as follows:

1 m×n
X=
∑ Ri
m × n i =1

(4)

Where m=3 and n=3. Resultant image X after applying
the average filter in Eq. 4 is shown in Figures 2 and 3. As
seen in both figures, each original image passes through an
averaging filter (Figures 2(b) and 3(b)), where the majority
of low intensity is eliminated by merging it within the
background, while the last high intensity was appeared
within tumor's region. In order to find ROI (region
growing), threshold transformation function was applied to
get the tumor segmented. To produce the ROI, it has to
start with a set of "seed" points. Then from these points,
the regions grow by appending to each seed those
neighboring pixels that have properties similar to the seed
[21]. A threshold value (T) is chosen by trial and error to
produce a binary image which cut off the bright parts from
the background [22]. Implementing the threshold results in
two groups of pixels, G1 ( x, y ) and G2 ( x, y ) as
illustrated in Eq. 5:

 1 if G1 ( x, y ) ≥ T
G ( x, y ) = 
0 if G1 ( x, y ) < T

Figure 2. Original image of benign tumor (a), the result of
averaging filter (b), segmented image by threshold operator (c),
and the histogram for the tumor-ROI (d)

(5)

Figures 2(c) and 3(c) show the MRI after implementing
the threshold. At the end of segmentation, the histogram
for brain tumor was drawn as shown in Figures 2(d) and
3(d).

Figure 3. Original image of malignant tumor (a), the result of
averaging filter (b), segmented image by threshold operator (c),
and the histogram for the tumor-ROI (d)

2.3. Feature Extraction
To select an adequate set of features, we focused on the
images characteristics of segmented ROI that physicians
use to visually distinguish cancerous tumor from normal
tissue. Hence, three features were extracted from the ROI
for each of the 107 images, namely: (1) mean of the gray
level values, (2) maximum gray level values, and (3)
standard deviation of the gray level values. Table 1 shows
the range of values for the three extracted features from the
107 MRI. The extracted features will be used as inputs to
the intelligent systems tumor classifier as will be explained
in next section.
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Table 1.Range of extracted features values from all investigated
MRI

Benign

163.11

± 38.15

58.41

± 28.12

22.12

± 12.34

tune its membership functions, but it only needs pairs of
input and output data similar to NN. Thus, ANFIS has the
ability to tune the membership functions of inputs and
outputs in simpler way. As shown in Figure 4(b), ANFIS
has five layers Feedforward neural network in which each
node performs a particular function on the inputs, for
example a bell shape function with maximum equal to 1
and minimum equal to 0, represented as:

Malignant

214.96

± 28.18

78.92

± 30.36

31.26

± 10.14

σ i1 ( x) =

Tumor
Type

Extracted features from the segmented tumor by ROI
in Pixels
Maximum value

Mean value

Standard
deviation

2.4. Adaptive Neuro Fuzzy Inference System
ANFIS is a novel architecture, initially proposed by
Jang in 1993, in which a Sugeno fuzzy logic (FL) system
is embedded in the framework of NN[23]. This
combination of FL and NN produces an intelligent system
that can learn and act similar to humans. Figure 4(a) shows
a typical FL system. It is well known that constructing the
rules and membership functions of a FL are the most
difficult parts in designing and building a FL system.
Rules and membership function are usually set by experts
in the field. However, this drawback in FL design was
solved in the ANFIS architecture shown in Figure 4(b). In
addition, ANFIS does not need experts to set the rules and

1
x − ci 2 oi
1 + [(
) ]
ai
where {ai , oi , ci } is the parameter set S1 .

(6)

Parameters

in this layer are referred to as premise parameters. This
layer corresponds to the fuzzification step of the FL
system, for more details on ANFIS structure refer to [2325].A hybrid learning algorithm that combines a gradient
descent and least squares are used to identify the adaptive
network’s premise parameters ( S1 ) and consequent
parameters( S 2 ). A back propagation method is used in
the backward pass and the least squares method is used in
the forward pass.

Figure 4. (a) Sugeno’s FL system and (b) equivalent ANFIS [23]
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2.5. Nueral Networks System
2.5.1. Elman Network
The Elman neural network, which was introduced in
1990, is a recurrent one [26]. As indicated in Figure 5, the
main components of this network are input, hidden and
output layers. In addition to these three layers, this NN
also has an additional layer called context, which receives
the output from the hidden layer without being weighted
and then send them again to the hidden layer using
trainable weighted connection. This enables the network to
remember these values and used them as inputs to the
network for the next run which helps in sequence
prediction.
.
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2.5.2. NARX Network
The Nonlinear AutoRegressive with Exogenous
(NARX) NN is shown Figure 6. It has exogenous input,
which represents the feedback of the network output. This
network usually used to model nonlinear system and time
series [27, 28].
2.5.3. Feedforward Network
This network consists of an input layer of source
neurons, at least one hidden layer of computational
neurons, and an output layer of computational neurons. As
shown in Figure 7, the input signals are propagated in a
forward direction on a layer-by-layer basis

Figure 5. Elman Network

Figure 6. A typical neural network auto-regressive with exogenous inputs

Figure 7.Multilayer feed forward network[29]
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3. Results and Discussion

delivering the classifier to real clinic for application. After
the training stage the ANFIS classifier was tested using the
testing data, which were not used in the training stage.

3.1. ANFIS Tumor classifier
An ANFIS brain tumor classifier is designed with the
ANFIS library function available in the Matlab fuzzy logic
toolbox. The tuning parameters of ANFIS are number and
type of inputs, number and type of membership functions.
As shown in Figure 8, the ANFIS tumor classifier has two
inputs and one output. The two inputs to the ANFIS are the
maximum and mean values and the output is the type of
tumor (0 for benign and 1 for malignant).
These two inputs were found to be the most effective in
determining the tumor type, where the third input
(standard deviation) was excluded due to its similarity for
the majority of MR images from statistical aspect.
Different types of membership functions were tested, such
as triangular, trapezoidal, Gaussian, sigmoidal and bellshape function; the best results were obtained with bell
shape function. In order to achieve good generalization
capability of the ANFIS, it is important to have the number
of training data set to be larger than the number of the
modified parameters. Two bell shape node functions were
selected for each input. As shown in Eq. 6, each node
function has 3 parameters to be tuned. Thus, the total
number premise parameters ( S1 ) is 12.
The ANFIS classifier has 4 rules and a total of 12
consequent parameters ( S 2 ). Thus, the total tuning
parameters are 24. The 107 data were divided randomly
into three sets: 70% (75 data points) of the data were used
for training, 15% of the data (16 data points) used for
checking, and 15% of the data (16 data points) used for
testing. The training data are actually used to update the
ANFIS parameters, the checking and testing data were not
used in updating the ANFIS parameters. The checking data
are used to determine when to stop the training process
while the testing data are used to test the performance of
the ANFIS on data that have not been used in training.
The ratio of number of data to number of ANFIS
modifiable parameters is 75/24. The training, checking and
testing data consist of both benign and malignant tumor
data, where zero output is assigned for benign and one for
malignant. The training method used is a combination of
traditional back propagation and a least squares technique.
The training is done offline, usually once and before

3.2. NN Tumor Classifiers
The neural network library function available in the
Matlab neural network toolbox is used to design the three
NN Tumor classifiers (Elman, NARX and feedforward).
The NN tumor classifiers have two inputs and one output.
Ten neurons in the hidden layer are used. The selection of
number of hidden neurons is made based on a trial-anderror procedure. Similar to the ANFIS, the two inputs to
the NN are the maximum and mean values and the output
is the type of tumor (0 for benign and 1 for malignant).
The same data used in building the ANFIS are used in
building the three NN. The 107 data were divided
randomly into three sets. 70% (75 data points) of the data
were used for training, 15% of the data (16 data points)
used for checking and 15% of the data (16 data points)
used for testing. Figures 9, 10 and 11 show the aftertraining performance responses for Elman, NARX and
Feedforward networks, respectively.
Table 2 lists the performance of the ANFIS, Elman,
NARX and Feedforward tumor classifiers in terms of
sensitivity, specificity and classification accuracy.
Sensitivity (Se), Specificity (Sp), and Classification
accuracy (Ca) are important measures to validate the
performance of the proposed method and calculated using
Eqs. 7, 8 and 9, respectively [30].

Sensitivity (%) =
Specificity(%) =

TP

× 100

(7)

× 100

(8)

TP + FN
TN
FP + TN

Classification accuracy (%) =
TP + TN
TP + FP + FN + TN

× 100

(9)

where TP, TN, FP, and FN denotes true positives, true
negatives, false positives, and false negatives, respectively.

Figure 8. The designed ANFIS tumor classifier
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ANFIS classifier performance in terms of sensitivity,
specificity and accuracy are 95.6%, 79.5% and 89.7%,
respectively. The performance of Elman classifier shows
better results than those of the ANFIS, where sensitivity,
specificity and accuracy values are100%, 95% and 98.1%,
respectively. The best performance is achieved by NARX
classifier with values of 100%, 97.4% and 99.1% for
sensitivity, specificity and accuracy, respectively.
Feedforward classifier has the worst performance in terms
of sensitivity and accuracy with values of 90.9% and
86.9%, respectively, while the specificity is 80.5%.
4. Conclusion
In this study, four artificial intelligent MRI imagebased systems were developed for brain tumor
classification. The developed systems consist of three
stages. The first stage includes image filtration and
enhancement. In the second stage, the ROI is employed for
features extraction and the histogram is constructed for
each case. In the third stage, the extracted features (mean
and maximum values of ROI pixels) are fed into an
artificial intelligent brain tumor classifier. Four artificial
intelligent systems are investigated: ANFIS, Elman NN,
NARX NN and feedforward NN. The best performance, in
terms of classification accuracy, was obtained with the
NARX NN with a value of 99.1% that is better than
ANFIS, Elman and feedforward classifiers by 89.7%,
98.1%, and 86.9%, respectively.
The classification results show that the proposed
method is effective in detecting BCa and it could be
considered as an alternative approach for the previous
approach in [31]. Moreover, development of this
diagnostic approach will provide assistance to physicians
in determining the tumor type without the need of
performing biopsy or any other invasive procedures.

Figure 9. Performance responses for Elman NN

Figure 10. Performance responses for NARX NN

References

Figure 11. Performance responses for Feedforward NN
Table 2. Performance results of ANFIS with other neural
networks.
Model

TP

FN

TN

FP

Se
%

Sp
%

Ca
%

ANFIS

65

3

31

8

95.6

79.5

89.7

Elman

66

0

38

2

100

95

98.1

NARX

67

0

38

1

100

97.4

99.1

FeedForward

60

6

33

8

90.9

80.5

86.9

[1] O.C.Andronesi, K.D.Blekas, D.Mintzopoulos, L.Astrakas,
P.M. Black, A.A.Tzika, "Molecular Classification of Brain
Tumor Biopsies using Solid-State Magic Angle Spinning
Proton Magnetic Resonance Spectroscopy and Robust
Classifiers". International Journal of Oncology, Vol. 33
(2008) 1017–1025.
[2] M. Tarawneh, O. Nimri, K. Arqoub, M. Zaghal ,"Cancer
Incidence
in
Jordan".
2009.
Available
at:
http://www.moh.gov.jo.
[3] D. Soriaa, J.M. Garibaldi, A.R. Green, D.G. Powe, C.C.
Nolan, C. Lemetre, G.R. Ball and I.O. Ellis,"A quantifierbased fuzzy classification system for breast cancer patients".
Artificial Intelligence in Medicine, Vol. 58 (2013) 175–184.
[4] S.H. Ling and H.T. Nguyen, "Natural occurrence of
nocturnal
hypoglycemia
detection
using
hybrid
particleswarm optimized fuzzy reasoning model". Artificial
Intelligence in Medicine, Vol.55 (2012) 177–184.
[5] T.Z. Tan, C. Queka, G.S. Ng, and K. Razvi, "Ovarian cancer
diagnosis with complementary learning fuzzy neural
network". Artificial Intelligence in Medicine, Vol. 43 (2008)
207–222.
[6] W. Shitong, F. Duan, X. Min, and H. Dewen, "Advanced
fuzzy cellular neural network: Application to CT liver
images". Artificial Intelligence in Medicine, Vol. 39 (2007)
65–77.

312

© 2014 Jordan Journal of Mechanical and Industrial Engineering. All rights reserved - Volume 8, Number 5 (ISSN 1995-6665)

[7] K. Subramanian and S. Suresh ,"Human action recognition
using meta-cognitive neuro-fuzzy inference system".
International Journal of Neural Systems, Vol. 22 (2012) 2135.
[8] U.R. Acharya, R. Yanti, J.W. Zheng, M.R. Krishnan, J.H.
Tan, R.J. Martis, and C.M. Lim, "Automated diagnosis of
epilepsy using cwt, hos and texture parameters". International
Journal of Neural Systems, Vol. 23 (2013) DOI:
10.1142/S0129065713500093.
[9] Subasi, "Application of adaptive neuro-fuzzy inference
system for epileptic seizure detection using wavelet feature
extraction". Computers in Biology and Medicine, Vol. 37
(2007) 227-44.
[10] M. Tarjoman, E. Fatemizadeh, and K. Badie, "An interactive
cbir system based on anfis learning scheme for human brain
magnetic resonance images retrieval". Biomedical
Engineering: Applications, Basis and Communications, Vol.
24 (2012) 27-36.
[11] E. Avci, I. Turkoglu, "An intelligent diagnosis system based
on principle component analysis and ANFIS for the heart
valve diseases". Expert Systems with Applications, Vol. 36
(2009) 2873-8.
[12] O. Özkan, S. Kara, A. Salli, M. E. Sakarya, S. Güneş,
"Medical diagnosis of rheumatoid arthritis disease from right
and left hand Ulnar artery Doppler signals using adaptive
network based fuzzy inference system (ANFIS) and MUSIC
method". Advances in Engineering Software, Vol. 41(2010),
1295-301.
[13] Keles, S. Hasiloglu, A. Keles, and Y. Aksoy, "Neuro-fuzzy
Classification of Prostate Cancer using NEFCLASS".
Journal of Computers in Biology and Medicine, Vol. 37
(2007) 1617-1628.
[14] E. D. Übeyli, "Adaptive neuro-fuzzy inference systems for
automatic detection of breast cancer". Journal of Medical
Systems, Vol. 33 (2009) 353-358.
[15] M. L. Huang, H. Y. Chen,J. J. Huang, "Glaucoma detection
using adaptive neuro-fuzzy inference system". Expert
Systems with Applications, Vol. 32 (2007) 458-68.
[16] D. J. Hemanth, C. K. Vijila, J. Anitha, "Application of
Neuro-Fuzzy Model for MR Brain tumor image
classification". International Journal of Biomedical Imaging,
Vol. 16 (2009) 95-102.
[17] M. Karabatak, M. C. Ince, "An expert system for detection of
breast cancer based on association rules and neural network".
Expert Systems with Applications, Vol. 36 (2009) 3465–
3469.
[18] D. M. Joshi, N. K. Rana, and V. M. Misra,"Classification of
Brain Cancer Using Artificial Neural Network". IEEEInternational Conference on Electronic Computer
Technology (ICECT), Kuala Lumpur, 2010.
1T

1T

[19] Saritas, I. A. Ozkan, and I. U. Sert, "Prognosis of prostate
cancer by artificial neural networks". Expert Systems with
Applications, Vol. 37 (2010) 6646–6650.
[20] P. Georgiadis, D. Cavouras, I. Kalatzis, A. Daskalakis, G. C.
Kagadis, K. Sifaki, M. Malamas, G. Nikiforidis, and E.
Solomou, "Improving brain tumor characterization on MRI
by probabilistic neural networks and non-linear
transformation of textural features". Computer methods and
programs in biomedicine, Vol. 89 (2008) 24–32.
[21] R. C. Gonzalez, R. E. Woods, S.L Eddins, "Digital Image
Processing,"2nd Ed., New Jersey. Prentice Hall; 2004.
[22] Reza, C. Swaran, and S. Hati, "Automatic Tracing of Optic
Disc and Exudates from Color Fundus Images using Fixed
and Variable Thresholds". Journal of Medical System, Vol.
33 (2009)73–80.
[23] R. Jang, "ANFIS: Adaptive-network-based fuzzy inference
system". IEEE Transactions on System, Man and
Cybernetics, Vol. 23 ( 1993) 181–198.
[24] Al-Naami, M. Abu mallouh, and A.A. Kheshman,
"Automated intelligent diagnostic of Alzheimer disease based
on neuro-fuzzy system and discrete wavelet transform".
Biomedical Engineering: Applications, Basis and
Communications, Vol. 26 (2014) No. 3, 1450035.
[25] M. Samhouri , A. Al-Ghandoor, S. Alhaj Ali, I. Hinti, W.
Massad, " An Intelligent Machine Condition Monitoring
System Using Time-Based Analysis: Neuro-Fuzzy Versus
Neural Network". Jordan Journal of Mechanical and
Industrial Engineering, Vol. 3 (2009) 294 – 305.
[26] J. Elman, "Finding structure in time". Cognitive Science,
Vol. 14 (1990) 179–211.
[27] M.I.P. Hidayat, P.S.M.M. Yusoff, and W. Berata, "Neural
networks with NARX structure for material lifetime
assessment application". IEEE Symposium on Computers &
Informatics, Kuala Lumpur, 2011.
[28] L. B. Mohammed, M.A. Hamdan, E. A. Abdelhafez And W.
Shaheen." Hourly Solar Radiation Prediction Based on
Nonlinear Autoregressive Exogenous (Narx) Neural
Network". Jordan Journal of Mechanical and Industrial
Engineering Vol. 7 (2013) 11 – 18.
[29] Dorvlo, J. Jervase, and A. Al-Lawati, “Solar radiation
estimation using artificial neural networks”, Applied Energy,
Vol. 71 (2002) 307–319.
[30] B. Al-Naami, J. Al-Nabulsi, H. Amasha, and J. Torry,
"Utilizing wavelet transform and support vector machine for
detection of the paradoxical splitting in the second heart
sound". Medical & Biological Engineering & Computing,
Vol. 48 (2010) 177-184.
[31] B. Al-Naami, A. Bashir, H. Amasha, J. Al-Nabulsi, and A.
Almalty," Statistical Approach for Brain Cancer
Classification Using a Region Growing Threshold". Journal
of Medical Systems, Vol. 35 (2011) No. 4, 463–471.

