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1. INTRODUCTION   

The diagnosis and management of acute ische-

mic stroke has become a major concern in the

medical field since stroke is responsible for 5% of

deaths annually [1]. Non-contrast computed tomo-

graphic (CT) images are most widely used in the

diagnosis of stroke because of its fast scan time

and low-cost assessment of affected ischemic area.

The Alberta Stroke Program Early Computed

Tomographic Score (ASPECTS) [2] is a quantita-

tive and clinically validated method to measure the

extent of ischemic signs on brain CT scans. Scoring

early ischemic changes on CT scans remains a

challenge, particularly for clinicians with minimal

experience. Therefore, an automated ASPECTS

scoring system that offers objective assessment

and decision-making support is necessary.

Convolutional neural networks (CNNs) have

produced state-of-the-art results for image classi-
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fication and segmentation [3]. These networks are

composed of layers that can learn representations

of data with multiple levels of abstractions. Deep

learning approaches can save time and effort by

extracting features by themselves since the fea-

tures that compose these layers are learned from

data and do not need to be designed by a human.

CNNs have shown great potential for medical ap-

plications such as brain tumor segmentation [4],

liver tumor segmentation [5], pancreas segmenta-

tion [6] and in computer-aided diagnostic applica-

tions [7]. Based on the outstanding performance of

the deep learning approach, CNNs are ideal for an-

alyzing CT data.

More recently, CNN deep learning techniques

have been applied to lesion segmentation of acute

ischemic stroke with diffusion-weighted imaging

(DWI) [8]. In the previous study two CNN net-

works were combined to develop their model. The

first CNN network was an ensemble of two

DeconvNets (EDD Net), and the second was a

multi-scale convolutional label evaluation net

(MUSCLE Net) that evaluated the results from the

EDD Net to remove potential false positives. In re-

cent years, evidences have been accumulating that

automated ASPECTS methods based on machine

learning are comparable to expert readings of

ASPECTS [9, 10, 11].

In this study, we develop a system for automati-

cally assessing ASPECTS based on deep learning

by utilizing a binary classification with a 3DCNN

on CT data. The proposed system uses a three-di-

mensional CNN (3DCNN) [12] to extract in-

formation and predict the ASPECTS of CT images.

The results showed 70% accuracy in quantifying

ASPECTS.

The remainder of the paper is organized as the

follows. In the second section, we present our pro-

posed approach for the automatic assessment.

Comprehensive experiments on a CT dataset are

used to validate the effectiveness of our system in

Section 3. Finally, in section 4, the conclusion and

future works are presented.

2. THE PROPOSED METHOD

In this section, we present automatic assessment

of ASPECTS using deep learning and data aug-

mentation. ASPECTS is a 10-point scoring system

for measuring the early ischemic changes in pa-

tients with anterior circulation stroke, where “10”

is given to a patient with the least degree of cere-

bral ischemia and “1” to the patient with the high-

est degree of cerebral ischemia [2]. ASPECTS

were divided into four groups; Groups 1 through

4 consists of patients with scores of 1–3, 4–6, 7–

9, and a score of 10, respectively. In our research,

because the collected number of patients with

ASPECTS of ≤ 3 or equal to 10 is limited, we fo-

cus on two groups with scores of 4–6 and 7–9.

Fig. 1 shows an example of CT images from the

two groups.

The CT data varied in terms of spatial resolution

and the number of slices. The number of slices

ranges from 18 to 39. Since original CT data con-

tain a lot of information, it would be very useful

if we could exclude the uninformative slices and

use only the slices that are informative for

ASPECTS. Only the CT slices containing an area

with a middle cerebral artery and its major branch,

which are informative for ASPECTS, are included,

and the cranial and caudal sections of the brain that

are non-informative for ASPECTS are removed.

Fig. 2 shows examples of informative and non-in-

formative slices for assessment of ASPECTS.

(a) (b)

Fig. 1. (a) Group 4–6, (b) Group 7–9.
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After down- or up-sampling the remaining data,

each CT sample consist of 17 slices, each slice has

size of "80 × 80 × 3", therefore CT sample have fi-

nal resolution of "17 × 80 × 80 × 3".

Due to the drastic difference in image contrast

between skull and soft tissue, that is brain, in head

CT images, the contrast of brain is not optimally

set. A contrast limited adaptive histogram equal-

ization (CLAHE) [13] is used in this study to en-

hance the contrast within the soft tissues of the

brain CT images. Fig. 3 shows an example of a

CT image after CLAHE is applied.

Each CT sample has a final resolution of 17 ×

80 × 80 ×3, which is as a sequence of images. An

augmentation step is applied to each slice of the

CT sample. The data used for training is aug-

mented by a three-degree rotation to the left and

right as shown in Fig. 4.

In this study, we use a 3DCNN for classification

of ASPECTS. The model consists of four blocks

of convolution and pooling layers with two fully

connected layers attached. These are followed by

two dropout layers. The first block and the second

block have one convolution layer with kernel size

of 3 × 3 × 3. The third block and fourth block have

two convolution layers with kernel size of 3 × 3 ×

3 and 2 × 2 × 2, respectively. The number of feature

maps in each convolution block is 32, 64, 128, 256,

respectively.

We train 3DCNN after the preprocessing and

augmentation steps. The input of the model is a

CT images with size of 17 × 80 × 80 × 3 and the

(a) (b) (c)

Fig. 2. (a) Informative slice, and (b)–(c) Non-informative slices.

(a) (b)

Fig. 3. (a) Original Image, (b) Image after CLAHE is 

applied.

(a) (b) (c)

Fig. 4. (a) Preprocessed Image, (b) Rotation Right, (c) Rotation Left.
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output of the model is one of two groups with

scores of 4–6 and 7–9 in which a CT images be-

long to. Fig. 5 shows the process of the proposed

method. Our model uses Adam optimizer with a

constant learning rate of 10-6 and a batch size of

16.

3. EXPERIMENTAL RESULTS

267 brain CT datasets corresponding to the same

number of patients were collected from Chonnam

National University Hospital. It consists of 95 and

172 datasets for two groups with scores of 4–6

and 7–9, respectively. The datasets are divided in-

to training (75%) and testing (25%). After aug-

mentation, the total number of the training dataset

is 597. Table 1 provides details on the amount of

data utilized in each group. The results are eval-

uated by accuracy and area under the curve (AUC)

from a receiver operating characteristic curve

(ROC).

We evaluated the effects of preprocessing and

augmentation on the performance of our model.

The performance was improved when using slice

filtering and CLAHE for preprocessing. The pro-

posed model obtains better generalization by ap-

plying data augmentation to acquire much varia-

tion of data. Table 2 shows the effect of pre-

processing and augmentation on our 3DCNN

model.

We also evaluated the proposed model with oth-

er pre-trained models such as VGG16 [14], In-

ceptionV3 [15]. During the training, the weight of

pre-trained models was frozen, only the weight of

either long short term memory (LSTM) layer or

multi-layer perceptron (MLP) was adjusted. The

lower accuracy of pre-train models shows that the

pre-train models failed to capture the appropriate

features of CT images. We also compared the pro-

posed model to the long-term recurrent convolu-

tional network (LRCN) model [16], which was op-

timized for fully sequential data. The LRCN failed

to capture the correct features of 3D data, resulting

in a lower performance compared to the 3DCNN

models. The results of testing are shown in Table

3.

Table 1. Datasets for both training and testing

Group

4–6

Group

7–9
Total

Training (with

augmentation)
213 484 597

Testing 24 44 68

Table 2. Preprocessing and Data Augmentation

Preprocessing
Data

Augmentation
Accuracy

No No 64.71%

Slice Filtering,

CLAHE
No 69.12%

Slice Filtering,

CLAHE
Yes 70.59%

Table 3. Performances of various CNN structures

Model Accuracy AUC score

VGG16+MLP 66.18% 0.567

InceptionV3+LSTM 64.71% 0.612

LRCN 67.65% 0.640

3DCNN (proposed) 70.59% 0.670

Fig. 5. Block diagram of the proposed method.
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4. CONCLUSION

This study classified CT images into two cate-

gories of ASPECT by applying a deep learning

neural network, 3DCNN. We proposed a model for

automatic assessment of ASPECTS by utilizing

binary classification with a 3DCNN using CT data

and data augmentation. We applied slice filtering

to filter out non-informative slices, and the quality

of CT images was enhanced using CLAHE. The

augmentation was also applied to improve the

training efficiency. Our goal is to extend this meth-

od to improve the accuracy of automatic ASPECTS

assessment system with a combination of im-

proved preprocessing steps and fusion model. In

the future study, we will extend our method to oth-

er areas of brain imaging modalities.
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