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Abstract. Accurate segmentation of brain tumor is a critical component for diagnosis of cancer, treatment and evaluation of outcome. It consist of identification of different types of tumor tissues from normal
brain MRI images. Recently, pathway CNNs have been used for semantic segmentation, however are computationally expensive. Build upon success of SegNet, in this paper, we presented different architectures
of SegNeT encoder and decoder based on pixel-wise classification. Nonlinear up sampling are performed
by the model. The end to end training and small number of parameters used for the training makes the
computational process more higher than other deep learning architectures. We performed the semantic
segmentation on the MRI brain tumor Figshare - dataset and achieved the state of the arts results (99.93%
global accuracy) in comparison to traditional CNN models.

1

Introduction

One of the core and complex organ of human body is brain that comprises nerve cells and tissues to control
the foremost activities of the entire body like breathing, movement of muscles and our senses. Every cells have
their own capabilities, some cell grows with their own functionality and some lose their capability, resist and
grow aberrant. These mass collections of the cells form the tissue is known as “tumor”. Cancerous brain tumors
are uncontrolled and unnatural growth of brain cells that cause the damage of nervous system severely results
painful death of patient. Although, it is not very common disease, however, is one of the most life threatening
and lethal cancers. For example, in 2015, approximately 23,000 patients were diagnosed brain tumor only in
United States. According to 2017 cancer statistics [15], brain tumor is measured as one of the foremost cause of
cancer-related indisposition, morbidity, and mortality around the world both in children and in adults [18, 24].
The goal of brain tumor segmentation is to identify the brain tumor and extract the patient specifically
clinical information to help later interventions that exist in multidimensional Magnetic Resonance Imaging
(MRI) images. Gliomas are infiltrative in nature and one of the most common tissues in brain. They are difficult
to identify and segment as can spread to any part of brain. High-grade gliomas is the one of the aggressive brain
tumors with a median survival of almost two years. Brian tumor surgery is one of the commonly applied
treatment, however, chemotherapy and radiation can also be used to reduce the growth of tumors that are
complex to remove through surgery [20]. Thus, accurate identification and segmentation of brain tumor has
great impact on improving the treatment and its planning i.e. detection and segmentation of tumor cells not
only help to identify the existence of cancerous cells only but also provide valuable information of their location,
shape, size, and difference between tissues i.e. necrotic tissue, edema (swelling near the tumor) and tumorous
tissue (vascularized or not). Although some of the brain tumors (i.e. meningiomas) are easy to segment, however,
there are some that are difficult to identity (i.e. gliomas) due to their complex properties i.e. tumor edges are
often ambiguous and can not be differentiated from healthy tissues due to their fuzzy nature [17]. Thus, there
is a need to sensitive and accurate methods to identify the tumors in order to increase the survival rate.
Manual segmentation from high dimensional large MRI data is challenging, time-consuming, tedious, prone to
error and affected by inter-observer variability [19]. Hence, physicians often use qualitative or visual inspection of
tumor only, or maximum they use the crude measures like approximating the tumor volume and their quantity.
Automated analysis and quantitative assessment of tumor cells provides valuable information for the early
diagnosis and help to plan the early treatment strategies. Existing approaches can be classified into generative
models or discriminative models. Generative model identify the cancerous cell by differentiating healthy cells
from tumors based on their appearance. Thus, requires knowledge of the anatomical structure of brain that can
be computed by aligning healthy tissues and affected image i.e. contour-based segmentation requires alignmentbased features or left-right brain symmetry features in order to align the image. It is one of the affecting
technique and does not require label data to train.
Unlike generative models, the discriminative segmentation methods require extensive size of label data as
they use prior knowledge of brain i.e. segmentation based on low-level image features such as raw pixels and Gabor filter banks [22, 23]. Traditional discriminative methods for brain tumor segmentation include conventional
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machine learning approaches such as neural networks and support vector machines etc [16]. that requires handcrafted features consisting of high discriminative power. Automatic features learned by deep neural networks
outperformed as compare to handcrafted features [21, 23, 6]. The model based features are more abstractive and
discriminative extracted automatically through the deep learning models.
Automated cancer detection from MRI images is a well studied task in the computer vision community;
however, little work exists in differentiating the segmented tumor region using pixel-wise semantic segmenation.
Pre-invasive segmentation presents a more difficult classification scenario than the binary classification task of
invasive cancer detection. It necessitates careful analysis of epithelial and fuzzy structures in the MRI brain
images. This paper presents the semantic segmentation using well-known model SegNet to produce a tissue
label image for the MRI brain images that can lead to an automated diagnostic system. Features maps are
generated by the encoder depth-4 and VGG in the SegNet architecture. Evaluation is on two classes tumor and
non-tumor for the segmentation. Motivation of the work is to gain the more efficient performance for the brain
tumor detection with less memory usage and the improved computational time. The proposed approach is the
best fit for the segmentation of the objects and resulted into the high performance rate. The SegNet architecture
is explained in detail, and set of experiments are conducted to compare its segmentation performance to other
models.
Rest of the paper is organized as, Section II provides the related work, followed by the section III about
architecture of the proposed approach. In section IV, comprehensive evaluation on brain tumor dataset - Figshare
is explained in the light of experiments conducted. Finally Section V draws the conclusion with future direction.

2

Related Work

Initial work of semantic segmentation have focused on designing a robust feature representation, e.g. TextonForest [26] TextonBoost [27], as well as Random Forest-based classifiers [25]. Recently, deep convolutional learning
models have observed extensive success in many domains and successfully employed for semantic segmentation.
In particular, a number of CNN architectures like DeepLab [7], RefineNet [11], Fully Convolutional Networks
(FCN) [12] and SegNet [5] have shown significant progress in performance and accuracy by adapting the deep
Convolutional Neural Networks (CNN) based image classifiers to semantic segmentation [14]. Among the various CNN models, SegNet has been employed on outdoor road scene and indoor scene images. Mehta et al. [13]
enhanced the SegNet architecture for the segmentation of breast biopsy whole slide images. The SegNet architecture also yielded best accuracy for segmentation of blood cells (white blood and red blood cells) and the
background in the blood smear images using ALL-IDB1 dataset in [29]. Inspired from these best performance
achieved in [5, 13, 29], we are going to deploy the SegNet architecture on MRI brain images for the segmentation
of brain tumor. The proposed system relay on the MRI images of Brain Tumor Dataset - Figshare thus, we
here present the related work of figshare dataset. The used techniques on the same dataset is the key to the
equitable comparison between the different methods.
Rehman et al[22] performed deep transfer learning techniques using three CNN models: AlexNet, GoogLeNet,
and VGGNet. They conducted experiment on augmented dataset and achieved 98.69% accuracy on VGG16.
Cheng et al. [8] first conducted experiment on Brain Tumor Dataset - Figshare. They used augmented
tumor region as region of interest and split these regions into sub regions by employing adaptive spatial division
method. Authors have extracted the intensity histogram, bag-of-words (BoW), gray level co-occurrence matrix
(GLCM) based features. They reported highest accuracy of 87.54%, 89.72%, and 91.28% on extracted features
using ring-form partition method Another contribution of same work was presented in [9]. They deployed
Fisher Vector for the aggregation of local features of each sub region. Mean average precision (map) 94.68% was
retrieved. Ismael and Abdel-Qader [10] extracted statistical features from MRI images of Brain Tumor Dataset
- Figshare with the aid of 2D Discrete Wavelet Transform (DWT) and Gabor filter techniques. They classified
using back propagation multi-layer perceptron neural network and retrieved highest accuracy of 91.9%. Abir et
al. [2] deployed Probabilistic Neural Network for classification of brain tumors. They performed image filtering,
sharpening, resize and contrast enhancement in pre-processing and extracted GLCM features. They attained
highest accuracy of 83.33%.
Abiwinanda et al. [3] identified three common types of brain tumor. They employed five different architectures
of CNN and reported highest accuracy on architecture 2. The architecture 2 comprises of 2 convolutional layers,
Relu layer and max-pool followed by 64 hidden neurons. They achieved 98.51% and 84.19% on training and
validation sets respectively. Afshar et al. [4] proposed a novel model Capsule networks (CapsNets) for the
detection of brain tumor. They varies the feature maps in the convolutional layer of CapsNet in order to
increase accuracy. They achieved highest accuracy of 86.56% using 64 feature maps with one convolutional layer
of CapsNet. Widhiarso et al. [30] computed GLCM and fed to the Convolutional Neural Network. They claimed
that GLCM combined with contrast feature gave 20% improved accuracy. They achieved highest accuracy of
82% using this scenario. Apart from the conventional and deep learning classification techniques, Sobhaninia et
al.[28] first used the Brain Tumor Dataset - Figshare for semantic segmentation task. They employed LinkNet
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for the segmentation of brain tumors. They deliberate MRI images of figshare dataset from different angles and
deployed multiple models for segmentation. They reported 0.73 dice score using single network and 0.79 dice
score using multiple networks respectively.

3

Brain Tumor Segmentation and Classification based System

In this section, we present deep convolutional encoder-decoder architectures for semantic segmentation of brain
tumor in detail. The semantic segmentation is the procedure of assigning each pixel of image to appropriate
target label using region of interest image as a ground truth. In this study we consider SegNet as a based
method and presented different architectures of SegNeT encoder and decoder based on pixel-wise segmentation
of brain tumor and non-tumor region. The work flow of proposed system is depicted in Figure 1. The brain
tumor T1-weighted MRI images of 233 patients (Brian Tumor Figshare - dataset) are used. MRI images are
enhanced using contrast stretching technique. In the next step, SegNet encoder architectures are employed to
extract the visual features from MRI images. Then last fully connected layer of encoder is removed and the
resultant high dimensional feature produces the semantics segmentation mask. Finally, decoder is connected to
a softmax classifier which classifies each pixel. These steps are elaborated in the next sections.
3.1

Encoder

The images of size 512 × 512 are fed to the encoder, which produces feature maps through convolution with
filter bank. Encoder process is same like the architecture of VGG16 that consist of 13 convolutional layers (7
× 7 ), batch normalization layer, element-wise RELU, drop out and max pooling (2 × 2), non-overlapping
stride by 2, and up-sampling (2 × 2 ). Max-pooling is used to achieve translation in-variance over small spatial
shifts in the image, combine that with sub-sampling. It leads to each pixel governing a larger input image
context (spatial window). Although, more number of max-pooling layer and sub-sampling can provide better
translation that could improve classification, however, this results in the loss of feature maps spatial resolution.
Thus, before the sub-sampling, it is necessary to capture the boundary information. For this purpose, we have
captured max-pooling indices only.
3.2

Decoder

For each of the 13 encoders, there is a corresponding decoder which up-samples the feature map using memorized max-pooling indices. It takes the feature map from the encoder network as input and up-samples its
corresponding input feature maps using the memorized max-pooling indices from the encoder feature maps.
The generated feature map is sparse and high in resolution so that best fit for the genuine input. Dense feature
maps is obtained through convolution with a trainable decoder filter bank. The resultant high dimensional
features produce the semantics segmentation mask.
3.3

Softmax Classifier

The last decoder is connected to a softmax classifier which classifies each pixel. The convolutional layer of
1 × 1 with the softmax evaluates the probabilities for classes. The soft-max generates the output with the
probabilities of channel k where the numbers of classes are identified as k. The maximum probability of pixel
wise segmentation is the result of the predicted segmentation. The correctly pixel wise segmentation for the
tumor and non-tumor classes results are presented in the results section.

4

Experimental Analysis

In this section, we analyze the evaluation of proposed brain tumor semantic pixels based segmentation and
classification using SegNet architectures. We conducted two studies to evaluate the performance of different
architectures for encoder step of SegNet model using Endcoder-4 architecture and VGG architecture of SegNet.
We conducted various experiments using different parameters for getting optimal set of parameters, on which
network earn optimally. Finally, the following two studies conducted using optimal parameters.
4.1

Brain Tumor Dataset - Figshare

In this work, we used publicly available brain tumor ”Figshare” dataset [1] in order to analyze and evaluate
the performance of proposed approach. In order to improve the performance, in this work we have done two
different updates in the architectures of SegNet. The dataset comprises 3064 brain MRI slices collected from
Volume 15, No. 4

Australian Journal of Intelligent Information Processing Systems

56

ICONIP2019 Proceedings

Fig. 1. Pipe-line of Brain Tumor segmentation and Classification based on SegNet [5]
.
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Fig. 2. Progress Graph of Training and Validation using Brain Tumor Dataset - Figshare

233 patients with three kinds of brain tumors: Meningioma, Glioma, and Pituitary. The dataset consist of 708,
1426 and 930 number of images/slices for Meningioma, Glioma and Pituitary tumor. The dataset is publicly
available on Figshare website. The dataset consist of unique labels that demonstrates the type of brain tumor,
512 ×512 image data in uint16 format, vector containing tumor border with the coordinates of discrete points,
and ground truth in binary mask image. In our experiments, CNN model takes image along with its ground
truth as input unit thus we extract the image data and tumor mask image data from the .mat files. For the
estimation of the best model training set is used and the validation for the error prediction on the model and
for the generalizability of errors test set is used. Splitting for the dataset for the training, testing and validation
is as shown in the Table 1.
Table 1. Statistics of Brain Tumor Dataset - Figshare
Sets
Percentage No of Images
Training
70%
2146
Validation
15%
259
Testing
15%
259

4.2

Results and Discussion

In first study, encoder depth of 4 is evaluated. The depth of network determines the number of times the input
image is down-sampled or up-sampled as the input data is processed further. The encoder network down-samples
the input image by a factor of 24 . The decoder network up-samples the encoder network output by a factor of 24 .
In second study, pre trained architecture of VGG16 is implemented in the encoder of SegNet. We have trained
the network with sgdm solver. The highest global accuracy of 99.93% when trained using ’sgdm’ solver with the
batch size of 1, initial learn rate of 0.15, validation frequency of 500. The confusion metrics of each experiment
are shown in Figure 3. We report different measurement metrics like global, mean, mean IOU, Weighted IOU,
meanBFScore and Dice in table. 2 for semantic segmentation and classification.
We have analyzed and compared the performance of proposed system with existing state of the art Brain
Tumor’s detection systems on Brain Tumor Dataset - Figshare as explained in Sect. 2. A meaningful comparison
of our system is possible with work of Sobhaninia et al. [28]. They first used the Brain Tumor Dataset Figshare for semantic segmentation task. They employed LinkNet for the segmentation of brain tumors. They
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Table 2. Result Evaluations on vgg16 and encoder depth 4
Model
Overall Accuracy
Network
Global Mean MeanIOU Weighted IOU MeanBFScore Dice
Encoder Depth 4 99.92 93.61 76.13
97.14
91
90.8
VGG16
99.93 93.65 76.22
97.19
91.04
93.14

Fig. 3. The confusion matrix of each class using encoder depth 4 and VGG

deliberate MRI images of Brain Tumor Dataset - Figshare from different angles and deployed multiple models for
segmentation. They reported 0.73 dice score using single network and 0.79 dice score using multiple networks
respectively. Our work is the pioneer study to explore the SegNet architecture using three studies: encoderdepth-4 and VGG16. We have investigated the number of parameters to select the best network parameters
for the model which resulted into the low error rate. We have attained 93.08 dice score and global accuracy of
99.92% using SegNet-encoder-depth-4, 93.14% dice score and global accuracy of 99.93% using SegNet-VGG16.
Table 3. Comparison with Existing Deep Learning based Systems
Reference
Model
Sobhaninia et LinkNet
al.[28]
Our Proposed SegNet

5

Performance Measurement
0.73 dice score using single
network and 0.79 dice score
using multiple networks
0.9340 accuracy or 0.9314
dice score

Conclusion

We presented the semantics segmentation architecture SegNet for the pixel-wise label segments. The SegNet
produces good results for the segmentation and more accurate for the label predictions. It provided efficient
performance with promising accuracy as compared to the patch based classification. It produces high results
without the use of the post-processing CRF which elaborated the model to more time consuming without
achieving the desired results. SegNet improves the computational time and memory as compared to the other
segmentation models. The key point in the deployment of SegNet is the use of the less number of parameters. The
high number of parameters for the model may cause interruptions in the network. The less number of parameters
leads to the improved network efficiently. SegNet enhanced both the quality and quantitative analysis for the
brain tumor segmentation. Our presented SegNet based system gives the state of the art results as compared
to the other studies using brain tumor dataset - Figshare and achieved 99.93% accuracy. The experiments on
the Brain Tumor Dataset - Figshare indicates the quality results over the medical imaging. In future, SegNet
architecture will be explored for the brain tumor using different combinations of layers. SegNet model will also
be tested on another benchmark dataset for the brain tumor segmentation and classification. We also aim to
explore FCN and Unet for this problem in future.
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