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Abstract . In this paper we present the results of tumor detection in MRI imag-
es using image processing techniques. The data is obtained from MRI scans of
patients. The scans are manually divided based on the region of the brain that is
scanned. We use several image descriptors and SVM classifier to create the
models for positive regions and negative regions (regions that contain tumor
and regions that do not contain tumors). A separate SVM is for each descriptor
type with and without the region information is trained and the performance of
each classifier is analyzed.
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1 Introduction

The Computer Aided Diagnosis (CAD) is getting increased attention in recent years.
The reason for this is that doctors often need to analyze data from multiple sources in
order to correctly diagnose the patients’ condition. CAD tends to improve the effi-
ciency of the doctors by aiding them in their work. One of the areas that have in-
creased scientific attention in recent years is the image processing as a tool to increase
the efficiency and precision of diagnostics that uses data from medical images. Such
medical images are the Magnetic Resonance Imaging (MRI). MRI Images of the brain
tissue are used to diagnose wide variety of medical conditions. One of the most im-
portant uses is the brain tumor diagnostics. Several examples exist in the literature
that use image processing techniques for detection and segmentation of tumors in
medical images [1][2]. Also one of the more addressed problems is the Content Based
Image Retrieval (CBIR) that is the problem of finding the similar images to one or
multiple query images from a large database [3][7]. Another widely addressed prob-
lem is the automated tumor detection from medical images [4]. The problem of auto-
mated tumor detection required a set of medical images to generate a model for the
images that contain positive tumor findings and images that contain negative tumor
findings. This can be done using image descriptors that can be extracted from the
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medical images. The image descriptors give the information about the content of the
images and in the same time, make the data more compact by reducing its size. Many
image descriptors exist and they can be classified in several groups such as: texture
descriptors [6], edge histogram descriptors, color descriptors [5], shape descriptors
etc. These descriptors can be local descriptors that describe parts of the image or
global descriptors that describe the whole image. After extracting, a histogram of the
descriptors can be generated so multiple local descriptors can be used to generate a
global descriptor for the image. These descriptors are than used to generate the model
for the images. This model can be generated using machine learning techniques to
train a classifier that would be able to recognize if an input image is similar to the
images that belong to the model. One of the most widely used classifier is the Support
Vector Machines (SVM) classifier [8].

In this paper we use several image descriptors to train a SVM classifier from a da-
taset of real MRI scans from a local hospital in Skopje, Macedonia. The MRI scans
are separated in two groups that contain manually labeled positive and negative imag-
es. All images are obtained from various patients by the same MRI scanner. There are
multiple images for each patient from different slices of the brain. The positive imag-
es are images that have positive tumor findings and the negative images are images
that do not contain tumor findings. This work was done to find out which of the de-
scriptors gives the best result for brain tumor detection on the provided dataset of
MRI images and to evaluate the significance of the region information for the tumor
detection task.

2 Experimental setup

The MRI images were first divided in 28 groups based on the region the MRI scan
belongs to. The MRI scans are a sequence of images taken from top to bottom, axial-
ly. In this way each image is tagged so the region that it represents is known. This tag
is used as additional information for the training of the classifier. Next, the images are
separated in two groups as positive and negative images. For each image a global
histogram descriptor is generated. For this experiment we use Completed Local Bina-
ry Pattern (CLBP) texture descriptor [9], the Histogram of Oriented Gradients (HOG)
descriptor [8], The MPEG-7 Edge Orientation Histogram [11] and the Brightness and
Texture Directionality Histogram (BTDH) [12].

The CLBP descriptor implementation used is based on the implementation of LBP
descriptor [13]. The CLBP is used by taking 8 sampling points around each pixel of
the image with distance of 2 pixels. The histogram of CLBP descriptors for each point
is calculated for each image. The CLBP histogram improves the LBP by adding addi-
tional sign information for each pixel in compare to its neighboring pixels thus form-
ing sign part and magnitude part for each neighboring pixel. The CLBP histogram
generates a feature vector containing 118 values for each image.

The HOG descriptor uses a histogram of the orientation of pixel gradients calculat-
ed from the intensity images. The HOG implementation used in this paper divides the
image in 5 X 5 overlapping parts and generates a histogram for each part. These his-
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tograms are then combined in a global histogram for the image. The HOG descriptor
is not rotation invariant. The combined HOG histogram descriptor has length of 225
for each image.

The Edge Orientation Histogram is part of the MPEG-7 image descriptors stand-
ard. This descriptor gives the orientations of the edges extracted from the image. To
generate this descriptor, an edge image is generated from the intensity image. This
edge image is generated using the canny edge detector [14]. The histogram is generat-
ed for a part of the image contains the count of the 5 possible orientations for each
pixel that contains an edge (horizontal, vertical, two diagonal and one non-
directional). The image is divided in 4 X 4 regions and the histogram is generated for
each region. The image is represented by descriptor with length of 80.

The last descriptor that we have used is the BTDH descriptor. For this descriptor
the image is divided in 16 texture areas and 8 brightness areas. The total length of this
descriptor is 128. The details of this descriptor extraction are described in [12]. This
descriptor is chosen since it has already been used for image retrieval tasks for radiol-
ogy images.

For each extracted descriptor set from all images, we add the tag for the image to
represent the slice that the image belongs to. Some of the slices from one MRI scan
are given in Fig 1.

Fig. 1. Part of axial sequence of MRI brain scan

The tag information is included for each image to represent the slice area from
where the image was taken. Slices with the same tag usually belong to the same part
of the brain in the scans.

A separate classifier is trained for each separate descriptor with and without the tag
information. The classifier is trained using the WEKA tool [15]. The SVM implemen-
tation that is used with WEKA is the WLSVM wrapper (WEKA libSVM) that can be
found at [16]. A SVM with Radial based function kernel is used with its parameter
Gamma set to 1.0. The same SVM parameters are used for each descriptor.

The classifier performance is evaluated using 10-fold cross validation. The dataset
is separated randomly in WEKA such that 9 parts are used for training and 1 part is
used for testing. The dataset contains 803 images of which 622 are without tumors
and 181 are with positive tumor findings.

The dataflow of the experiment is given in Fig 2:
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Training of SVM classifier using WEKA

Fig. 2. Data flow of the experiment

3 Results

After the 10-fold cross-validation using the WEKA tool, we obtained the classifi-
cation results for each descriptors SVM classifier. Each classifier was trained with
and without the region information.

The CLBP descriptor based classifier results are given in Table 1 and Table 2:

Table 1. CLBP descriptor classifier results with region
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information
Total values
Correctly classified 83.06%
instances
RMSE 0.3451
ROC Area 0.846
Per class results
Class Negative Positive
Precision 0.846 0.723
Recall 0.955 0.403
Confusion Matrix
Classified as -> Negative Positive
Negative 594 28
Positive 108 73

Table 2. CLBP descriptor classifier results without region information

Total values
Correctly classified 83.188%

instances

RMSE 0.3501
ROC Area 0.833

Per class results

Class Negative Positive
Precision 0.844 0.74

Recall 0.96 0.392

Confusion Matrix
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Classified as -> Negative Positive
Negative 597 25
Positive 110 71

The BTDH descriptor classifier results are given in Tables 3 and Table 4:

Table 3. BTDH descriptor classifier results with region information

Total values
Correctly classified 79.328%
instances
RMSE 0.3812
ROC Area 0.765
Per class results
Class Negative Positive
Precision 0.807 0.623
Recall 0.963 0.21
Confusion Matrix
Classified as -> Negative Positive
Negative 599 23
Positive 143 38

Table 4. BTDH descriptor classifier results without region information

Total values
Correctly classified 78.705%
instances
RMSE 0.3842
ROC Area 0.846
Per class results
Class Negative Positive
Precision 0.801 0.593
Recall 0.965 0.177
Confusion Matrix
Classified as -> Negative Positive
Negative 600 22
Positive 149 32

The Edge Orientation Histogram results are given in Table 5 and Table 6:

Table 5. Edge Orientation Histogram descriptor classifier results with region information

Total values
Correctly classified 84.308 %
instances
RMSE 0.3364
ROC Area 0.852
Per class results
Class Negative Positive
Precision 0.856 0.757
Recall 0.958 0.448
Confusion Matrix
Classifiedas > | Negative [ Positive

A. Madevska Bogdanova, D. Gjorgjevikj (Editors): ICT Innovations 2014, Web Proceedings, ISSN 1857-7288
© ICT ACT -http:/fictinnovations.org/2014, 2014



ICT Innovations 2014 Web Proceedings ISSN 1857-7288

Negative

596

26

Positive

100

81

Table 6. Edge Orientation Histogram descriptor classifier results with region information

Total values
Correctly classified 84.433 %
instances
RMSE 0.3426
ROC Area 0.832
Per class results
Class Negative Positive
Precision 0.856 0.769
Recall 0.961 0.442
Confusion Matrix
Classified as -> Negative Positive
Negative 598 24
Positive 101 80

Table 7. HOG descriptor classifier results with region information

The results from the HOG descriptor are given in Table 7 and Table 8:

Total values
Correctly classified | 88.418 %
instances
RMSE 0.2951
ROC Area 0.925
Per class results
Class Negative Positive
Precision 0.899 0.814
Recall 0.958 0.63
Confusion Matrix
Classified as -> Negative Positive
Negative 596 26
Positive 67 114

Table 8. HOG descriptor classifier results without region information

Total values
Correctly classified | 88.418 %
instances
RMSE 0.2958
ROC Area 0.925
Per class results
Class Negative Positive
Precision 0.899 0.814
Recall 0.958 0.63
Confusion Matrix
Classified as -> Negative Positive
Negative 596 26
Positive 67 114
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4 Conclusion and future work

The obtained results from the experiments show that HOG descriptor based SVM
classifier outperforms the other models. The BTDH descriptor gave the lowest scores.
BTDH descriptor is more suitable as a local descriptor to be used for description of
local patches inside an image instead for the whole image. This might be the reason
for its lowest scores. Both Edge orientation histogram descriptor and CLBP based
models give similar scores but Edge orientation histogram gives better scores for the
Positive instances. It is more successful in extracting the information that an image
contains a tumor region. The most successful for this purpose remains the HOG based
model which gives the best Precision and Recall for positive instances.

Next, when we added region information in the classification model it seems that
the overall result improves in terms of successfully identifying positive images. This
applies for all models except the HOG based model where there is only a slight in-
crease in the Root Mean Squared Error (RMSE) when the model is trained without
the region information. This means that the region information does not influence the
model training or its influence is insignificant. The overall influence of the region
seems too small for the given descriptors on this dataset.

The experiment can be enriched if we train separate classifier for each region that
has positive and negative examples so that each of the 28 regions could have their
own classifier. The influence of the region information could be inspected for differ-
ent descriptor based models or for combination of the descriptors by merging the
descriptors together to train a classifier. Furthermore, the dataset can be improved by
adding even more positive and negative examples. The experiment can also be repeat-
ed for other types of classifiers such as Decision trees, Artificial Neural Networks etc.
and also it can be tried for different SVM parameters for each descriptor.
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