
 

A. Elmoataz et al. (Eds.): ICISP 2014, LNCS 8509, pp. 629–637, 2014. 
© Springer International Publishing Switzerland 2014 

Brain Tumor Classification in MRI Scans  
Using Sparse Representation 

Muhammad Nasir1, Asim Baig2, and Aasia Khanum1 
1Department of Computer Engineering, College of E&ME,  

National University of Sciences and Technology (NUST), Islamabad, Pakistan 
nasir12@ce.ceme.edu.pk; aasia@ceme.nust.edu.pk 

2 SciFacterz. Islamabad, Pakistan 
asim.baig@scifacterz.com 

Abstract. Recent advancement in biomedical image processing using Magnetic 
Resonance Imaging (MRI) makes it possible to detect and localize brain tumors 
with ease. However, reliable classification of brain tumor types using MRI still 
remains a challenging problem. In this paper we propose a sparse representation 
based approach to successfully classify tumors in brain MRI. We aim to classify 
brain scans into eight (8) different categories with seven (7) indicating different 
tumor types and one for normal brain. This allows the proposed approach to not 
only classify brain tumors but also to detect their existence. The proposed clas-
sification approach is validated using Leave 2-Out cross-validation technique. 
The result obtained from the proposed approach is then compared with a recent 
technique presented in literature. The comparison clearly shows that the pro-
posed approach outperforms the existing technique both in terms of accuracy 
and number of classes being employed.    
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1 Introduction 

Brain tumor is a pathology appearing in the intracranial anatomy due to abnormal and 
unstructured augmentation of cells. It is a very aggressive and life-threatening condi-
tion, which must be promptly diagnosed and cured to prevent mortality. With the 
advent of   Computer Aided Diagnoses (CAD) technologies for medical images such 
as Magnetic Resonance Imaging (MRI), tumor size and location are generally marked 
accurately but still classifying it into different types and grade remains an unresolved 
problem [1]. This is due to fact that tumors depict non-homogeneous image descrip-
tion not only at interclass but at intra-class level as well.  Currently, biopsy and simi-
lar invasive techniques are the only diagnostic processes capable of classifying tumor 
based on type and grade [2].  

The aim of this research is to present an automated non-invasive CAD approach 
that can categorize brain tumors MRI scans into multiple categories. We categorize 
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them not only based on their types such as Glioma, Sarcoma, Metastases, Meningi-
oma etc. but also according to their grade like Glioma Grades I, III and IV. The pro-
posed approach can not only be applied as an aid to minimize the risks of human er-
rors but also to avoid the invasive techniques altogether. 

Early research in image based biomedical data using CAD technologies has em-
phasized mostly on detecting and extracting the abnormalities in human brain. MRI 
has proven itself to be one of the most effective imaging technologies for diagnosing 
brain tumor. The major advantage of using MRI is that it tends to provide the best 
visualization of the brain tumors amongst all the image based techniques.  Moreover, 
it is comparatively harmless to the patient due to use of non-ionizing radiation [3].  

Recent research studies have proposed a number of very accurate automatic and 
semi-automatic techniques for detection and segmentation of brain tumors [4]. Once 
the tumor is detected and extracted the next phase is the classification of the tumor as 
either benign or malignant. The most notable work in this regard was presented by 
Kharrat et al. in [5]. Their work provides fairly accurate classification of the tumor as 
either malignant or benign but for a physician to decide and start the treatment; brain 
tumors classification based on the type and grade of the tumor is also required [2]. 
Therefore, the most logical next research direction would be to carry out this multi-
class classification. The aim of this paper is to present an approach to tumors classifi-
cation that can not only categorize the tumors into a large number of classes but can 
also accommodate additional classes easily when required.  

In this regard some recent researchers have attempted multi class tumor categoriza-
tion [6-8]. The authors in these papers employed training based classification  
approaches such as SVM (Support Vector Machine), ANN (Artificial Neural Net-
work) and Weighted Fuzzy Logic to perform multi class classification. In addition, 
Zacharaki et al. in [9] have used a non learning based approach i.e. K-Nearest Neigh-
bor (KNN) to combine the conventional and advanced MRI modalities for classifica-
tion into multiple types [9]. It is important to note that all these attempts at multi  
class classification focus on categorization into a small number of classes. With only 
Patil and Udupi  [8] attempting to classify the tumor into the most classes to date  
(5 classes).   

Classification approaches can also be differentiated based on the type of classifier 
used. The most commonly employed approaches either use training based classifiers 
such as the ones presented in [6-8] or non-training based approaches like KNN [9] 
and Normalized Cross Correlation (NCC) [10]. The biggest limitation of training 
based approaches is that they are prone to over-fitting when substantial amount of 
training data is not available. This is the case for any research that focuses on MRI 
scans as only a limited number of publicly available and labeled databases of MRI 
scans exist. In presence of such a small quantity of data these training based ap-
proaches show a tendency to overfit as discussed in [11]. The use of non-learning 
based approaches sufficiently handles this core issue of the training based methods. 
Other important advantage of using non-learning based techniques includes ease of 
implementation and a natural capability of handling a large number of classes. In 
addition, since no training is required, these approaches are easier to scale as new 
classes are added [11].  
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In light of the above discussion we have developed a novel approach for multi 
class classification that uses sparse image representation based classification ap-

proach. The proposed approach uses 2-reglarized minimization as a generalized clas-

sifier for multi class classification of brain tumor. The proposed approach has been 
inspired by the one presented by Wright et al. [12] for face recognition. The research 
presented in this paper aims to classify brain MR images into multiple classes by ex-
ploring and exploiting similarities between this and facial recognition scenarios. The 
complete rationale regarding the advantage of using sparse representation based ap-
proach for brain tumor classification is provided in the next section where the pro-
posed approach is discussed in details. However, to summarize briefly, this paper uses 
an optimization basis classifier i.e. Least Square Regularized Minimization to solve 
the multiclass classification problem of tumors in brain MRI by exploiting the discri-
minating characteristics of sparse representation. To the best of our knowledge no 
previous research has used this sort of methodology to detect and classify brain tu-
mors into eight (8) different categories.  We show that applying Least Square minimi-
zation using sparse representation and compressive sensing along with regular updates 
of MRI database play a significant role in minimizing over-fitting issue and improve 
the accuracy of results. 

The rest of the paper is organized as follows. Section 2 outlines the proposed ap-
proach and provides the rationale for using sparse representation with optimization 
technique for tumor classification. Section 3 outlines the experimental setup and the 
dataset utilized to validate the proposed technique. Results and discussion is provided 
in section 4 while conclusions with future work suggestions are in section 5. 

2 Proposed Approach  

The heterogeneity of brain tumors not only possesses diverse effects from person to 
person but also from one session to another since tumors tend to grow and deform 
with time. Tumors have the capability to be appearing in numerous shapes and sizes 
and may emerge anywhere [5]. On the other hand many tumors hold similarities 
among different classes. The whole scenario presents a difficult situation to choose 
the right classification approach. This is where the concept of sparse representation 
and compressed sensing comes to rescue. As mentioned above the biggest problem 
here is the immense heterogeneity of the data and according to [12] solution to such a 
complex and heterogeneous problem can be efficiently obtained via the use of convex 
optimization. Sparse representation based approaches tend to perform this inherently 
as they are very discriminative in nature and the use of regularized optimization tech-
niques allow us to perform classification into multiple classes efficiently. We used 

this very idea with slight change to [12] as instead of using 1-normalization, we have 

opted for2-regularized minimization. One obvious reason of using this regulariza-

tion technique over 1- minimization is that it is very easy to implement 2-

regularization such as Least Squares while getting sufficiently accurate results. The 
complete approach is depicted in Fig. 1. 
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To maintain the sparsity of the whole system the input image of size 256x256 is 
sub-sampled to 25x25 through bilinear re-sampling and vectorized before being sub-
mitted to the system for classification as discussed in [12]. The images should be 
reduced to such a size so as to maintain enough features that allow for interclass dis-
crimination while reducing intra class differences. Authors in [12] discussed that im-
age size between 12x12 to 30x30 should work for most cases. In the proposed system 
we experimentally evaluated that the optimum size was 25x25. It should be noted that 
the database images are also processed similarly. The similarity between processed 

input and database feature sets is evaluated using 2-normalization.  The match scores 

for every class are evaluated and classification is performed on the basis of the highest 
score. Once the input is classified correctly and with a very high score then that image 
is stored in the database as part of the appropriate class. This exercise increases the 
size of the database even after deployment and allows for more images to be available 
for future classifications. The aim of increasing the database in this manner is to keep 
improving the chances of correct classification after every accurate result.   
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Fig. 1. The Proposed Approach 

In [12] 1-normalization is used and it is argued that its performance is better than 2-

regularization and it is 1-normalization that provides more accuracy. However, later stu-

dies proved that it’s not really the 1-normalization that significantly improves accuracy 

rather this high accuracy is based on the inherent working of the complete sparse mechan-

ism as discussed in [13]. In our research we have got promising results with 2-

minimization and bilinear re-sampling. This makes the implementation of sparse imple-

mentation easier in our case as 1-normalization is a very expensive to implement and 

execute. 
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3 Experimental Setup 

To evaluate and validate the performance of proposed approach, it is tested on a com-
puter with 64-bit, core i5 2.53 GHz processor, 4 GB RAM and Windows 7 operating 

system. The codes are developed using MATLAB 8.0 and 2-regularization using 

least square minimization problem by LSQR function available in MATLAB. It is 
important to note that the implementation of LSQR using the default values of the 
tolerance and iteration parameters was not converging to a solution in our case. We, 
therefore, set the values of tolerance at 1e-09 and number of iterations to a significant-
ly large value such as 500 to make sure that the function converges to a solution. The 
total working time of this approach is quite fast and takes less than 0.289 seconds to 
evaluate results for each query image. In this work we have categorized 7 different 
types of tumor classes namely Glioma Grade I, Glioma Grade III, Glioma Class IV, 
Meningioma, Metastatic Adenocarcinoma(Met_Aden), Metastatic Bronchogenic Car-
cinoma (Met_Bron), Sarcoma and one class representing normal brain image as 
shown in Fig. 2. The images used in this research paper are taken from data available 
at Website of Harvard Medical School’s whole brain Atlas [14] except where men-
tioned otherwise. This allows for the implicit detection for the existence of a brain 
tumor in addition to its classification/grading within an MRI image. 

 

 
Fig. 2. The different types of MRI scans used in Experiments 
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4 Results and Discussion 

A series of experiments were performed to evaluate performance of the proposed 
approach. As mentioned above, the images are subsamples to 25x25 and vectorized 

into vector 625x1 pixels and used as the feature set. Sparse coding is applied with 2-

normalization as a classifier. The complete database of images consists of 10 images 
per class totaling at 80 images altogether. 

It becomes very difficult to provide a reliable performance measure for any ap-
proach with such a small dataset. In order to rectify this situation we have tested and 
verified the proposed approach using multiple iterations of leave-N-out cross valida-
tion. In our case we applied 5 iterations of leave-2-out cross validation, as it appeared 
to be an optimal option of such a small dataset. In leave- 2-out cross validation we 
extracted two images from each class and kept them as unseen input images. These 16 
images were then used as input for testing and validation of the proposed approach 
during each iteration. In next iteration two images other than previously selected were 
used to repeat the same process. This iterative approach allowed us to use each image 
as both testing and training image thus providing a rigorous testing criterion. Table 1 
shows the confusion matrix generated by our experiments. It should be noted that  
we are able to evaluate 10 images for each class due to the iterative nature of our  
experiments. 

An important issue highlighted by the confusion matrix is the mismatch of MRI 
scan containing tumor with MRI scan of a normal brain. This is crucial mismatch in 
sense that it can cause a tumor to go undetected. Our future research will focus on 
extending and improving this approach to handle this situation robustly. 

Table 1.  Confusion Matrix 

Classified  as 
Glioma 
Grade I 

Glioma 
Grade III 

Glioma 
Grade IV 

Menin-
gioma 

Met_
Aden 

Met_
Bron 

Normal Sar-
coma 

Glioma 
Grade I 

10 0 0 0 0 0 0 0 

Glioma 
Grade III 

0 10 0 0 0 0 0 0 

Glioma 
Grade IV 

0 0 10 0 0 0 0 0 

Meningioma 
0 0 0 10 0 0 0 0 

Met_Aden 
0 0 0 0 10 0 0 0 

Met_Bron 
0 0 0 0 0 09 01 0 

Normal 
0 0 0 0 0 0 10 0 

Sarcoma 
0 0 0 0 0 0 01 09 
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Table 2 shows results of tumor classification on the available dataset using Leave 2 
out Cross Validation. The results are shown in both cases in terms of number of accu-
rately classified samples and percentage of accuracy. In every case the decision was 
made on highest score as unknown input labeled images shows highest score to the 
correct class of image in training database, it is considered as correct match otherwise 
wrong class is selected.  

Table 2. Test Results of Tumor Classification and comparison with existing approach 

Type of Tumor 
Proposed Approach Results in [8] 

Total No. of Test 
samples 

Accurately Clas-
sified Samples 

Percentage 
Accuracy 

Percentage 
Accuracy 

Glioma Grade I 10 10 100% 100% 

Glioma Grade II Not Performed 100% 

Glioma Grade III 10 10 100% 91.66% 

Glioma Grade IV 10 10 100% 100% 

Meningioma 10 10 100% Not performed 

Met_Aden 10 10 100% Not performed 

Met_Bron 10 09 90% Not performed 

Normal 10 10 100% 80% 

Sarcoma 10 09 90% Not performed 

Overall 80 78 97.5% 94.33% 

 
The results clearly show that the proposed approach is highly accurate and stable. 

We have seen that the classification results turn out to be 100% except in Metastatic 
Bronchogenic Carcinoma (Met_Bron) and Sarcoma. The drop in accuracy is due the 
intra-class heterogeneity present in both cases that may require sufficiently more da-
tabase samples to overcome this issue. However in those cases also accuracy is very 
high as 90%.  

We have also compared our results with a recent approach presented by Patil and 
Udupi (2013) [8] as shown in Table 2. These authors have attempted to classify more 
tumor types than any other to-date.  The results presented by these authors are very 
promising. They show 100% classification accuracy for Glioma Grade I, II and IV.  In 
addition, they are also one of the few to have worked with Glioma Grade II. However, 
it is interesting to note that the authors have trained neural networks for classification 
which, as discussed earlier, are prone to over fitting when sufficient training data is 
not available. In addition, they don’t comment on whether the training samples were 
unseen or if any type of validation was also performed, yet the proposed approach 
performs significantly better. 



636 M. Nasir, A. Baig, and A. Khanum 

 

5 Conclusions and Future Work 

In this research we presented a novel approach to classify MRI images of brain scans 
into eight different categories based on the types and grades of tumors. The proposed 
approach uses sparse representation based system and Least Square optimization to 
achieve categorization. The classification in such a large number of categories has not 
been attempted to date. We also compare the results of the proposed approach with 
another similar approach and show that it performs comparably while classifying 
addition tumor types. We also present the justification behind selecting the sparse 
representation based system and Least Square optimization. In order to provide a 
more reliable performance measure for the proposed approach, it has to be evaluated 
through other validation techniques as well and compared with more approaches that 
classify brain tumors in multiple classes. In future we aim to reduce the mismatch 
error between tumor MRI and normal MRI scans by enhancing the proposed approach 
either with a weighting criterion or by using it in a cascade.  
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