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In this paper, we address the problem of identifying brain haemorrhage which is considered as a tedious task for radiologists,
especially in the early stages of the haemorrhage. The problem is solved using a deep learning approach where a convolutional
neural network (CNN), the well-known AlexNet neural network, and also a modiﬁed novel version of AlexNet with support
vector machine (AlexNet-SVM) classiﬁer are trained to classify the brain computer tomography (CT) images into haemorrhage or
nonhaemorrhage images. The aim of employing the deep learning model is to address the primary question in medical image
analysis and classiﬁcation: can a suﬃcient ﬁne-tuning of a pretrained model (transfer learning) eliminate the need of building a
CNN from scratch? Moreover, this study also aims to investigate the advantages of using SVM as a classiﬁer instead of a threelayer neural network. We apply the same classiﬁcation task to three deep networks; one is created from scratch, another is a
pretrained model that was ﬁne-tuned to the brain CT haemorrhage classiﬁcation task, and our modiﬁed novel AlexNet model
which uses the SVM classiﬁer. The three networks were trained using the same number of brain CT images available. The
experiments show that the transfer of knowledge from natural images to medical images classiﬁcation is possible. In addition, our
results proved that the proposed modiﬁed pretrained model “AlexNet-SVM” can outperform a convolutional neural network
created from scratch and the original AlexNet in identifying the brain haemorrhage.

1. Introduction
Intracranial haemorrhage (ICH) reveals as a bleeding within
the intracranial vault [1]. Weak blood vessels, hypertension,
trauma, and drug abuse are generally what trigger such a
medical condition. ICH is a neurologic emergency in which it
can have several subtypes such as basal ganglia, caudate
nucleus, or pons. The types of haemorrhage are generally
dependent on the anatomic location of bleeding [2].
According to the American Heart Association and American
Stroke Association, the early and timely diagnosis of ICH is
signiﬁcant as this condition can commonly deteriorate the
aﬀected patients within the ﬁrst few hours after occurrence
[3]. Noncontrast head computer tomography (CT) is the
imaging modality used to detect haemorrhage due its wide
availability and speed. This modality has shown a high sensitivity and speciﬁcity in detecting acute haemorrhage [2].

Recently, deep learning has risen rapidly and eﬀectively.
Deep learning-based networks have shown a great generalization capability when applied to solve challenging
medical problems such as medical image classiﬁcation [4, 5],
medical image analysis [6], medical organs detection [7], and
disease detection [8]. Convolutional neural networks were
the most eﬀective networks among deep networks, for they
own the paradigms of more biologically inspired structures
than other traditional networks [9].
Eventually, various convolutional neural networks
were developed such as AlexNet [10], VGG-NET [11], and
ResNet [12]; these deep networks are all extensively
trained on a large database named ImageNet, Large-Scale
Visual Recognition Challenge [13], and they were considered as the state of the art in image classiﬁcation
[11–13]. These networks are considered as machine
learning methods that can learn features hierarchically
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from lower level to higher level by building a deep architecture of the input data.
The rise in deep convolutional neural networks performance, due to their abstractions of diﬀerent levels of features,
motivated many researchers to transfer the knowledge acquired by these networks, when trained on millions of images
into new tasks such as medical image classiﬁcation, to beneﬁt
from their learned parameters, in particular, weights.
These convolutional neural networks models use fully
connected layers, which represent a feedforward neural
network trained using the conventional backpropagation
algorithm. This means that these models may have the same
drawbacks of the conventional simple neural network.
An eﬀective neural network model is the one that
performs well during both training and testing datasets; a
good balance between variance error and bias error must be
struck [14]. For simple models, a high bias and a low variance situation reveals when training these models; that is
called underﬁtting. For more complex neural network
models, the progress of training may let the model enter a
region of low variance and bias; this can be considered as a
good ﬁt. However, as the training progresses further (more
complex models), the model may go through a high variance
and low bias, that is called overﬁtting. This is considered a
major problem in training a complex neural network model.
There are many approaches for alleviating this problem
[15]. These approaches include early stopping, weights penalization, weights pretraining, and dropout of hidden
neurons. However, in our study, we ought to avoid these
problems by replacing the SoftMax neural network with a
multiclass SVM that acts as a classiﬁer for both pretrained
employed models. There have been many conducted studies
[16–18] that attempt to ﬁnd an alternative to SoftMax
function for classiﬁcation tasks. All these studies concluded
that the support vector machine (SVM) might be the appropriate alternative as it may slightly boost the performance
of neural network compared to the conventional SoftMax
function.
Thus, in this paper, we aim to transfer the knowledge
acquired by AlexNet into a new target task: classifying the
CT brain haemorrhage into haemorrhage or nonhaemorrhage images. Moreover, a CNN is created from
scratch and a modiﬁed AlexNet combined with SVM are also
employed to perform the same classiﬁcation task. The goal of
employing one CNN created from scratch and ﬁne-tuning a
pretrained model for the same classiﬁcation task is to show
that transfer learning-based network can perform better
when data are not much. Also, it is aimed to show that
suﬃcient ﬁne-tuning of a pretrained model can eliminate the
need for training a deep CNN from scratch which usually
takes long time and requires large number of images to learn.
Note that in this research, the CNN created from scratch is
denoted as CNN, the pretrained model that uses original
AlexNet architecture is denoted as AlexNet, and the modiﬁed model is denoted as AlexNet-SVM.
The paper is structured as follows: Section 1 is an introduction of the work. Section 3 is a brief explanation of the
convolutional neural networks basics, while Section 4 explains the transfer learning concept including AlexNet.
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Section 5.3 discusses the training of the two employed deep
networks in which the data used for training are described.
Section 6 discusses the networks performances and compares the results of both models. Finally, Section 8 is conclusion of the paper.

2. Related Work
Convolutional neural networks have been employed to
overcome big medical challenges like image segmentation
[19] and control for people with disabilities [20]. Hussain
et al. [19] have developed a convolutional neural network
designed for the segmentation of the most common brain
tumor, i.e., glioma tumor. The authors proposed a system
composed of two networks, stacked together to form a new
ILinear nexus architecture. This new architecture was capable of achieving the best results among all the proposed
and related architectures. Another study by Abiyev and
Arslan [20] showed that convolutional neural networks can
also be used as supporting elements for people with disabilities. The authors proposed a human-machine interface
based on two convolutional neural networks designed for
disabled people with spinal cord, to control mouse by eye
movements. Their work was validated and tested by a
handcrafted dataset, and results showed that the network’s
performance outscored many other related works.
Furthermore, deep learning techniques were employed
by Helwan et al. [21] to classify brain computer tomography
(CT) images into haemorrhage or healthy. The authors used
autoencoders and deep convolutional neural networks to
perform this task. As authors claimed, the employed models
performed diﬀerently when trained and tested on 2527
images. It was found that the stacked autoencoder used in
their paper consists of three hidden layers and outperformed
other employed networks, where it achieved the highest
classiﬁcation rate and the lowest MSE. The authors concluded that the possible reason of this outperformance on
the stacked autoencoder over convolutional neural network
is due to the small number of data used for training, as a
CNN needs large amount of training examples in order to
converge.
In another study by Mahajan and Mahajan [22], brain
haemorrhage was examined in more reﬁned manner by
feeding using the watershed algorithm along with artiﬁcial
neural network (ANN) for CT identiﬁcation of brain haemorrhage type. The authors of this work used features extraction before feeding images to the neural classiﬁer, in
which diﬀerent features were extracted using grey-level cooccurrence matrix (GLCM). Features were then classiﬁed by
a conventional backpropagation neural network used to
identify the type of haemorrhage. They found that adequate
image processing techniques such as noise removal and high
segmentation methods are required for accurate identiﬁcation of haemorrhage.
Furthermore, Gong et al. [23] focused on dividing brain
CT images into regions, where each region could either be
normal or haemorrhage. For images containing haemorrhage, the regions which did not include haemorrhage were
treated as normal regions resulting in a highly imbalanced
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dataset. The researcher had utilized an image segmentation
scheme that used ellipse ﬁtting, background removal, and
wavelet decomposition technique. The weighted precision
and recall value for this approach were approximately 83.6%
and 88.5%, respectively.

3. Convolutional Neural Network
Convolutional neural network (CNN) is a well-employed
network for several tasks in machine vision and medicine
[24, 25]. Generally, the CNN relies on architectural features
which include the receptive ﬁeld, weight sharing, and
pooling operation to take into account the 2D characteristic
of structured data such as images [26]. The concept of weight
sharing for convolution maps drastically reduces model
parameters; this has the important implications that the
model is less prone to overﬁtting as compared to fully
connected models of comparable size. The pooling operation
essentially reduces the spatial dimension of input maps and
allows the CNN to learn some invariance to moderate
distortions in the training; this feature enhances the generalization of the CNN at test time as the model is more
tolerant to moderate distortion in the test data [27]. The
typical CNN is shown in Figure 1. Essentially, convolution
layers, pooling layers, and the fully connected layers are
shown. For example, layer 1 employs n convolution ﬁlters of
size a × a to generate a bank of n convolution maps (C1) of
size i × i; this is followed by a pooling (subsampling) operation on the convolution maps with a window size of b × b.
Therefore, the pooling layer (S1) composes n feature maps of
size j × j, where, j � i/b [25]. The convolution layer performs
feature extraction on the incoming inputs via a convolution
ﬁlter of speciﬁed size. The pooling operation pools features
across input maps using a window of speciﬁed size; common
pooling operations used in applications are the average and
max pooling [28]. In average pooling, the average value of
the inputs captured by the pooling window is taken, while, in
max pooling, the maximum value of the inputs captured by
the pooling window is taken. For learning the classiﬁer
model, features are forward-propagated through the network to the fully connected layer with an output layer of
units. Then, the backpropagation learning algorithm can be
employed to update the model parameters via the gradient
descent update rule [29].

4. Transfer Learning
In medical image analysis and processing, a most common
issue is that the number of available data for research
purposes is limited and small. Hence, training a fully deep
network structure like CNN with small number of data may
result in overﬁtting, which is usually the reason of low
performance and generalization power [30]. Transfer
learning is a solution to this problem where the learned
parameters of eﬀective and well-trained networks on a very
large dataset are shared. The concept of transfer learning is
the use of a pretrained model that is already trained on large
datasets and transfers its pretrained learning parameters, in
particular weights, to the targeted network model. To be able
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to use the network for another problem, the last fully
connected layers are then trained with initial random
weights on the new dataset. Although the dataset is diﬀerent
than the one that the network was trained on, the low-level
features are similar. Thus, the parameters’ transfer of the
pretrained model may provide the new target model with a
powerful feature extraction capability and reduce its training
computations and memory cost. Transfer learning has been
used extensively in medical imaging, and it showed a great
eﬃcacy in terms of accuracy, training time, and error rates
[10, 31, 32]. In this paper, we present a modiﬁed pretrained
model, AlexNet, that has been employed for the classiﬁcation of CT brain haemorrhage images into normal and
abnormal classes.
4.1. AlexNet. AlexNet is the ﬁrst convolutional neural
network that achieved the highest classiﬁcation accuracy at
the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) in 2012 [10]. This deep structure is comprised of
eight main layers; the ﬁrst ﬁve layers are mainly convolutions, while the last three are fully connected layers. Each
convolutional layer is followed by an activation function
layer, i.e., rectiﬁed linear units layer (ReLU), proposed to
improve the performance of the network by making the
training faster than equivalents of “tanh” activation functions [10]. After each convolution layer, a max pooling is
used in AlexNet, in order to reduce the network size.
Moreover, a dropout layer is added after the ﬁrst two fully
connected layer which helps to reduce the number of
neurons and prevent overﬁtting [33]. Finally, a layer is added
after the last layer to classify the input given data. Figure 1
shows the structure of the AlexNet.

5. Materials and Methods
This work addresses the problem of the classiﬁcation of the
CT brain images into normal or haemorrhage, which can be a
hard task for some junior radiologists and doctors. The
problem is addressed by the implementation of a deep
learning network trained extensively to acquire the power of
extracting low to high levels of features from normal brain CT
images and others with haemorrhage medical conditions
using its designed and trained ﬁlters. These features are then
what distinguishes the class of the brain images, i.e., haemorrhage or not. Nonetheless, the transfer of knowledge from
original to target task, which is here Haemorrhage identiﬁcation, is also considered by transferring the knowledge of a
pretrained model known as AlexNet, into a new classiﬁcation
task and testing it by the same number of images used for
testing the CNN created from scratch. In this manner, we aim
to address the central issue in medical image analysis and
diagnosis: training deep CNN from scratch is not needed;
instead, use a pretrained modiﬁed AlexNet by adding SVM
classiﬁer to transfer its knowledge to a new target task with
suﬃcient ﬁne-tuning. Our conducted experiment on the CT
brain haemorrhage classiﬁcation using a CNN created from
scratch and the pretrained models will demonstrate the truth
and accuracy behind this central issue.
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Figure 1: Convolutional neural network.

5.1. Data. The two employed models are trained and tested
using normal and diseased brain computer tomography
(CT) images collected from the Aminu Kano Teaching
Hospital, Nigeria [34]. It is important to note that the abnormal images collected from this database are of different
types of haemorrhage, but they were all labeled as haemorrhage, because this work aims to classify whether the CT
slice contains haemorrhage or not; haemorrhage identification from set of images regardless of the haemorrhage
pathology type it may have is feasible [35].
5.2. Data Augmentation. Deep networks are data-hungry
systems [36], hence the more data you feed them, the more
powerful and accurate they become. Therefore, in this work
we decided to use data augmentation in order to multiply the
number of images collected for the database, which can help
in preventing the overfitting that may be encountered during
training [37]. Thus, each image is first rotated left and right
and then flipped 70, 160, and 270 degrees. Overall, a total
number of 12635 normal and haemorrhage CT brain images
are obtained. Note that 70% of the data are used for training
the employed networks while 30% are used for testing,
i.e., 8855 and 3790 images, respectively. Table 1 shows the
learning scheme that is used in this work.
Figure 2 shows some normal and haemorrhage CT slices
of the brain that are the used for training and testing the deep
networks.
The images of this database are originally of size
1024 ∗ 1024 ∗ 1 pixels; hence, they were first downsampled to
227 ∗ 227 ∗ 1 pixels to fit the input layer of the pretrained
model: AlexNet which does not accept other input data sizes.
Note that we decided to use the same input images size for the
CNN created from scratch, only for networks performance
comparison purposes, although any size could be used.
Moreover, the images of the database are of grayscale type,
and since the AlexNet model requires 3-channels input data,
images were all converted to RGB by concatenating their
grayscale channel for three times to become 227 ∗ 227 ∗ 3.
5.3. Training the Network Models. The two employed deep
models are simulated using MATLAB environment. The

Table 1: Learning scheme of the networks.
Total number of images
Train
Test
Total

8855
3790
12635

networks were trained on a Windows 64-bit desktop
computer with an Intel Core i7 4770 central processing unit
(CPU) and 16 GB random access memory. It is important to
mention that there was no graphical processing unit (GPU)
available in the used desktop.
The performance evaluation of the networks was carried
out using a held-out test set 30% of the data. The calculation
of the loss and accuracy was achieved as follows:
1 n
Loss  −    log P(C),
n i1

Accuracy 

C
,
N

(1)

where P(C) is the probability of the correctly classified
images, n is the number of images, while N is the total
number of images during the training and/or testing phases.
5.3.1. CNN Training. The model architecture and training
settings for the CNN employed to perform the classification
of brain haemorrhage are presented in this section. Extensive
tests are performed to determine the best learning parameters that optimize the neural network. Note that out of the
retrieved 12635 brain CT images, 8855 images are used for
training and 3790 images are used for validating the trained
network.
The CNN architecture employed for the classification of
brain haemorrhage images is shown in Figure 3, where
“Conv” denotes a convolution layer, “BN” denotes batch
normalization, “FM” denotes feature maps, and “FC” denotes fully connected layer. In this paper, all convolution
operations are performed using convolution filters of size
3 × 3 with zero padding; all pooling operations are

Computational Intelligence and Neuroscience

5

(a)

(b)

Figure 2: Sample of the databases training and validating images. (a) Haemorrhage images; (b) normal images.

Figure 3: Proposed CNN architecture.

proposed model, we employ minibatch optimization via
gradient descent; we use a batch size of 60. In addition, we
use a learning rate of 0.001 and train the model for 100
epochs. The learning curve for the trained CNN is shown in
Figure 4; a validation accuracy of 90.65% is achieved.
In addition, we observe a slight drop in validation
performance when dropout and batch normalization are not
employed for training the model; a validation accuracy of
87.33% is obtained. The overall proposed system for brain
haemorrhage identification is tested using few CT brain
haemorrhage images obtained from different sources
available online. From the aforementioned database, we
collect CT brain images of subjects with different haemorrhage conditions as test images. i.e., Figure 5. Experimental results show that the developed haemorrhage
identification deep framework is capable of effectively
classifying the haemorrhage within the test images with an
accuracy of 87.13%.
We note that in contrast to other works that train and
test the proposed approach on the same dataset, the proposed pipeline in this paper has been trained and validated
on one dataset and achieved promising results when tested
again on a completely different dataset. This shows the
robustness of the deep CNN that is designed for such
classification task.

performed using max pooling windows of size 2 × 2; the
input images to the model are of size 32 × 32.
For designing the proposed architecture, we take into
consideration the size of available (i.e., limited) training data
for constructing a learning model that is considerably
regularized. For example, we employ batch normalization
and dropout training schemes which have been shown to
improve model generalization [38–40]. For optimizing the

5.3.2. AlexNet Training. AlexNet is the pretrained model
selected to be used in this research because of its effective
power in feature extraction. As can be seen in Figure 5, this
deep convolutional neural network is comprised of 5 convolutional layers denoted as CONV1 to CONV5. These
layers are followed by 3 fully connected layers denoted as
FC1 to FC3, along with a Softmax activation function in the
output layer (multinomial logistic regression).

Softmax: 2 Units
FC + BN + Dropout: 300 Units
FC + BN + Dropout: 300 Units
Max Pool: 2 × 2
Conv + BN + Dropout: 40 FM
Conv + BN + Dropout: 30 FM
Max pool: 2 × 2
Conv + BN + Dropout: 20 FM
Conv + BN + Dropout: 10 FM
Input
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(a)

(b)

Figure 4: A sample of the brain images collected from the Internet to test the robustness of the system [41].

Input image (227 × 227 × 3)
Conv1, 96 (11 × 11 × 3)
227 × 227 × 3
Norm1
Pool1 (3 × 3)
Conv2, 256 (5 × 5 × 48)
Norm2
Pool2 (3 × 3)

Transferred
weights (trained
on ImageNet)

Conv3, 384 (3 × 3 × 256)
Conv4, 384 (3 × 3 × 192)
Conv5, 256 (3 × 3 × 192)
Pool5 (3 × 3)
FC6, 4096
Drop6, 50%
FC7, 4096

Fully connected
layers are
retrained

Drop7, 50%
FC8, 1000
Softmax
89.3% Hemorrhagic

Probabilties
34%

Normal

Figure 5: AlexNet proposed transfer learning network for the haemorrhage classification.

In this research, the publicly available weights of the network
trained against the ILSVRC12 are used. As a pretrained model is
employed (AlexNet), the final fully connected layer (FC8) was

disconnected in order to add a new layer having 2 output
neurons corresponding to the two CT brain images’ categories.
Note that the weights of this layer are initialized at random.
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Contrarily, the remaining ﬁve convolutional layers are
kept in the network for sharing the learned parameters, in
particular, weights. These weights are already trained on
large datasets, ImageNet, to extract high-level features of the
input data. Thus, when transferring the knowledge of
AlexNet to haemorrhage classiﬁcation task, these weights
can act as a powerful extractor of diﬀerent levels of abstractions from input data features.
The network is trained using minibatch of size 200
images of each iteration via stochastic gradient descent SGD
[42]. Also, an initial learning rate is set to 0.01 to the fully
connected layers (FC6, FC7, and FC8) and a reducing factor
of 0.1 after 2000 iterations. Wherefore, this may fasten the
learning of the network for the ﬁnal fully connected layer
(FC8). Table 2 shows the networks parameters during
training and the result of the classiﬁcation task. As seen,
AlexNet has reached average training and testing accuracy of
94.12% and 92.13%, respectively.
An image from the test dataset is selected to evaluate the
performance of the network in the classiﬁcation pathway.
Table 3 shows the mean square error (MSE) loss after each
convolutional layer being trained.
5.3.3. Proposed AlexNet-SVM Training. Figure 6 shows the
architecture of the modiﬁed version of AlexNet, in which an
SVM classiﬁer is used instead of a neural network. Similarly,
this modiﬁed network, AlexNet-SVM, is also trained with
the same conditions and same number of images except for
the number of iterations which is here 140.
As seen in Figure 6 AlexNet-SVM’s training parameters
were similar to the parameters of AlexNet; however, it is
noted that their performance was diﬀerent. AlexNet-SVM
was trained and it reached a lower MSE (0.054) compared to
other networks. In addition, AlexNet-SVM achieved higher
accuracies during training and testing with values of 96.34%
and 93.48%, respectively.

6. Results and Discussion
Once trained, all network models are tested on 30% of the
available data. Table 4 shows the performances of each
model during testing. As can be seen, the CNN, AlexNet, and
AlexNet-SVM achieved diﬀerent accuracies of 90.65%,
92.13%, and 93.48%, respectively. AlexNet-SVM was capable
of achieving more accurate generalizing power on unseen
data. However, a larger number of epochs was required to
achieve such accuracy, which is relatively higher than that
needed for CNN and AlexNet to achieve their highest accuracy. It is also noted that AlexNet-SVM reached a lower
mean square error (MSE) (0.054) than that reached by
AlexNet (0.087) and CNN (0.092); however, this also required longer training time. The learning curves of the
trained models are shown in Figures 7–9. The ﬁgures show
the variations accuracy with respect to the increase of the
number of epochs. Consequently, it is seen that all models
are trained well, but the increase of depth of AlexNet and
AlexNet-SVM makes it more diﬃcult to train, i.e., it required
longer time and more epochs to reach the minimum square
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Table 2: Models learning parameters.
Learning parameters
Training ratio (%)
Initial learning rates
Number of epochs
Training accuracy (%)
Testing accuracy (%)
Achieved mean square
error (MSE)

CNN
Values
80
0.001
100
92.89
90.65

AlexNet
Values
80
0.01
200
94.12
92.13

AlexNet-SVM
Values
80
0.01
140
96.34
93.48

0.092

0.087

0.054

Table 3: Loss at each convolutional layer of CNN.
Layer
Loss

CONV1
0.186

CONV2
0.341

CONV3
0.412

CONV4
0.46

CONV5
0.51

error (MSE) and converge. Furthermore, it is important to
mention that due to this diﬀerence in time and epoch
number, the classiﬁer of AlexNet-SVM resulted in a lower
MSE and higher recognition rate than that scored by
AlexNet and CNN. As a result, to understand the learning
performance of networks, we have an insight into the different levels features learned by the employed models, by
visualizing the learned kernels or features in the convolutional layers, shown in Figures 10 and 11.
Figures 10 and 11 show the learned features of CNN and
AlexNet, respectively. From Figure 6, it can be seen that
neurons in the ﬁrst convolution layer are the mostly active
neurons in capturing good features in the training data.
However, from Figure 11, it is seen that the neurons of the
last convolutional layer of AlexNet are the most active
neurons in capturing descriptive and diﬀerent levels features. In addition, compared to CNN, this layer has an
improved activity as observed in the learned features. Lastly,
it can be noted that the neurons of the ﬁrst and last convolutional layers of both networks have learned diﬀerent and
interesting representation of the input images. Generally,
networks that tend to learn more descriptive and diﬀerent
levels features tend to perform better at run time, as the good
knowledge acquired in the unsupervised pretraining contributes to better ﬁne-tuning and classiﬁcation.
Table 5 shows a comparison of the developed networks
with some previous works that were proposed to classify brain
haemorrhage using deep learning. Note that we ought to
compare our approach with the deep networks and pretrained
model researches that provide explicitly achieved accuracies
and number of data. Firstly, a general analysis of the table
shows that the pretrained models (transfer learning-based
networks) achieved higher accuracies when compared to
those that were created from scratch. The proposed AlexNet_SVM employed in this research achieved more powerful
generalization capabilities than other AlexNet that use neural
network classiﬁers like the networks employed in this research
and also in other researches [43]. Moreover, AlexNet-SVM
outperformed the networks that were created from scratch
such as convolutional neural networks and autoencoders [21].
Furthermore, it is seen that the employed pretrained model
(AlexNet) achieved a higher recognition rate (92.13%) than
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Input image (227 × 227 × 3)
Conv1, 96 (11 × 11 × 3)
227 × 227 × 3

Norm1
Pool1 (3 × 3)
Conv2, 256 (5 × 5 × 48)
Norm2

Transferred
weights (trained
on ImageNet)

Pool2 (3 × 3)
Conv3, 384 (3 × 3 × 256)
Conv4, 384 (3 × 3 × 192)
Conv5, 256 (3 × 3 × 192)
Pool5 (3 × 3)
FC6, 4096

SVM is
retrained

SVM

89.3% Hemorrhagic
34%

Normal

Figure 6: Modified AlexNet (AlexNet-SVM).

CNN AlexNet

Classiﬁcation accuracy (%)

Testing images
3790
Number of correctly classified images 3436
Accuracy (%)
90.65

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3

3790
3492
92.13

AlexNetSVM
3790
3543
93.48

Accuracy

Table 4: Performance comparison of the employed networks.
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Figure 8: Learning curves of AlexNet.
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Figure 7: Learning curve for the trained CNN.

other earlier research works such as CNN created from
scratch on less number of images [21]. Also, this model has
outperformed other types of deep networks such as
autoencoder (88.3%) and stacked autoencoder (90.9%) [21].

This can probably be due to the deficiency of newly born
networks in extracting the important features from input
images which is a result of the small number of images used
for training them in addition to their depth.
Overall, the application of pretrained models to solve
haemorrhage classification challenge can end up with satisfying results since these deep structures have gained
powerful feature extraction capabilities as they were trained
using huge databases such as ImageNet [13]. The obtained
results of applying the proposed AlexNet-SVM, AlexNet and
CNN in this research show that applying deep CNNs to the
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Table 5: Performance metrics of the networks.

Network model
Accuracy (%)
Sensitivity (%)
Speciﬁcity (%)
Misclassiﬁed (%)

CNN
89
90
86
11

AlexNet
91
93
88
9

AlexNet-SVM
93
95
90
7

Table 6: Results comparison with earlier works.
Network models
Number of images
Accuracy (%)

CNN
12635
90.65

AlexNet
12635
92.13

AlexNet-SVM
12635
93.48

problem of brain haemorrhage is promising, in a way that a
haemorrhage can be identiﬁed by a deep neural network
with low margins of error.

6.1. Performance Evaluation Metrics. These metrics are derived from classiﬁcation of the tested sampling images, as
shown in Table 6, being derived by a contingency table which
is called confusion matrix [13]. Accuracy indicates the
percentage of rightly classiﬁed image samples, without
considering their class labels. For a binary classiﬁcation that
concludes on positive and negative classes, sensitivity is the
percentage of correctly classiﬁed samples and speciﬁcity is
the number of correctly negative samples classiﬁed:
Accuracy �

(TP + TN)
,
TN + TP + FP + FN

Sensitivity �

TP
,
TP + FN

Specificity �

TN
.
TN + FP

(2)

6.2. Models Comparison. In this section, the comparison of
the conventional AlexNet and the proposed AlexNet-SVM
is explained, in order to show the advantages of the fusion
of AlexNet and SVM, in addition to the possible reasons of
AlexNet-SVM outperformance. As seen in Table 5, the
fusion of AlexNet and SVM resulted in a slight boost of
accuracy by 0.934. This outperformance is mainly due to
the use of a diﬀerent optimization criterion that the SVM
uses. This algorithm is used to minimize the prediction loss
on the training set of the neural network. However, in
practice, there are two challenges with this risk. First is the
convexity; it is not convex which means that many local
minimums may exist. Second problem is the smoothness; it
is not smooth, which means it may not be practically
minimized. In contrast, SVM aims to minimize the generalization error by using structural risk minimization
principles for the testing set. As a result of a maximized
margin, the generalization ability of SVM is greater than
that of the other classiﬁers.

AlexNet [43]
11,088
92

CNN [19]
2527
89.6

AE [19]
2527
88.3

SAE [19]
2527
90.9

7. Limitations
The eﬀectiveness of deep learning in medical applications is
great and improving with time; however, it still encounters
some drawbacks, in particular, the availability data. The
variability of data (e.g., contrast, noise, and resolution) can
be one of the main barriers of the adaptation of deep learning
in medicine. These intelligent models can suﬀer from poor
generalization if data contain some noise and when they are
generated from diﬀerent modalities. Moreover, deep
learning models are data-driving systems; the more the data,
the more eﬃcient they become. The problem is very few data
are not publicly available in the medical ﬁeld due to privacy
issues as in most cases, the data contain sensitive information. Thus, we and many other researchers prefer to
use transfer learning based models which usually require less
number of data to learn, as they are already trained using
large amounts of data. Hence, the system is capable of
learning diﬀerent levels of features, which helps in adapting
the new task accurately, even if the data are not large.

8. Conclusion
In this research, the detection of brain haemorrhage in CT
images problem is solved using neural networks and the
results sound robust and promising. One of the motivations
behind this research is to address and attempt to overcome
the diﬃculties that radiologists might encounter when diagnosing brain haemorrhage suspected images. Hence, we
investigated the use of a potential deep convolutional neural
network that can help the medical experts in making more
accurate decisions. As a result, this may reduce the diagnosis
error and boost the accuracy of haemorrhage identiﬁcation
made by medical experts. The paper proposes a pretrained
modiﬁed network “AlexNet-SVM” for the same classiﬁcation task. The three models including the proposed model
were trained on a relatively small database in order to examine the network performance. It is obvious that the application of deep learning networks in medical image
analysis encounters several challenges. The most common
challenge is the lack of large training data sets which can be
considered as an obstacle. The experiments conducted in this
study demonstrated that the transfer of knowledge into
medical images can be possible, even though the deep
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networks are originally trained on natural images. The
proposed model using the SVM classiﬁer helps in improving
the performance of AlexNet. Moreover, it was manifested
that small number of data can be enough for ﬁne-tuning a
pretrained model, in contrast to a CNN created from scratch
which needs a large number of data to be trained. Thus, the
proposed model’s performance is an indicator of how
transfer learning-based networks can be considered in brain
haemorrhage identiﬁcation.

Data Availability
The brain haemorrhage data used to support the ﬁndings of
this study may be released upon application to the Aminu
Kano Teaching Hospital, Kano, Nigeria, at http://akth.org.
ng/index.php/contact.
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segmentation proposal network for microscopy image analysis,” in Proceedings of the International Workshop on LargeScale Annotation of Biomedical Data and Expert Label Synthesis, pp. 21–29, Springer International Publishing, Athens,
Greece, October 2016.
[7] A. Helwan and D. Uzun Ozsahin, “Sliding window based
machine learning system for the left ventricle localization in
MR cardiac images,” Applied Computational Intelligence and
Soft Computing, vol. 2017, Article ID 3048181, 9 pages, 2017.
[8] O. K. Oyedotun, E. O. Olaniyi, A. Helwan, and A. Khashman,
“Hybrid auto encoder network for iris nevus diagnosis considering potential malignancy,” in Proceedings of the 2015 International Conference on Advances in Biomedical Engineering
(ICABME), pp. 274–277, Beirut, Lebanon, September 2015.
[9] A. Mnih and G. E. Hinton, “Ascalable hierarchical distributed
language model,” in Proceedings of the Advances in Neural
Information Processing Systems, pp. 1081–1088, Vancouver,
Canada, December 2009.

11
[10] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet
classiﬁcation with deep convolutional neural networks,” in
Proceedings of the Advances in Neural Information Processing
Systems, pp. 1097–1105, Lake Tahoe, NV, USA, December
2012.
[11] K. Simonyan and A. Zisserman, “Very deep convolutional
networks for large-scale image recognition,” 2014, http://
arxiv.org/abs/1409.1556.
[12] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning
for image recognition,” in Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 770–778, Las Vegas, NV, USA, June 2016.
[13] O. Russakovsky, J. Deng, H. Su et al., “ImageNet large Scale
visual recognition challenge,” International Journal of Computer Vision (IJCV), vol. 115, no. 3, pp. 211–252, 2015.
[14] C. M. Bishop, Pattern Recognition and Machine Learning,
Springer-Verlag, New York, USA, 2006.
[15] O. K. Oyedotun, E. O. Olaniyi, and A. Khashman, “A simple
and practical review of over-ﬁtting in neural network
learning,” International Journal of Applied Pattern Recognition, vol. 4, no. 4, pp. 307–328, 2017.
[16] Abien Fred Agarap, “A neural network architecture combining gated recurrent unit (GRU) and support vector machine (SVM) for intrusion detection in network traﬃc data,”
2017, http://arxiv.org/abs/1709.03082.
[17] A. Alalshekmubarak and L. S. Smith, “A novel approach
combining recurrent neural network and support vector
machines for time series classiﬁcation,” in Proceedings of the
2013 9th International Conference on Innovations in Information Technology (IIT), pp. 42–47, IEEE, Abu Dhabi,
UAE, March 2013.
[18] Y. Tang, “Deep learning using linear support vector machines,” 2013, http://arxiv.org/abs/1306.0239.
[19] S. Hussain, S. M. Anwar, and M. Majid, “Segmentation of
glioma tumors in brain using deep convolutional neural
network,” Neurocomputing, vol. 282, pp. 248–261, 2018.
[20] R. H. Abiyev and M. Arslan, “Head mouse control system for
people with disabilities,” Expert Systems, 2019.
[21] A. Helwan, G. El-Fakhri, H. Sasani, and D. Uzun Ozsahin,
“Deep networks in identifying CT brain hemorrhage,” Journal
of Intelligent & Fuzzy Systems, vol. 35, no. 2, pp. 2215–2228,
2018.
[22] R. Mahajan and P. M. Mahajan, “Survey on diagnosis of brain
haemorrhage by using artiﬁcial neural network,” International Journal of Scientiﬁc Research Engineering &
Technology, vol. 5, no. 6, pp. 378–381, 2016.
[23] T. Gong, R. Liu, C. L. Tan et al., “Classiﬁcation of CT brain
images of head trauma,” in Proceedings of the IAPR International Workshop on Pattern Recognition in Bioinformatics, pp. 401–408, Springer, Melbourne, Australia,
October 2007.
[24] O. K. Oyedotun and A. Khashman, “Deep learning in visionbased static hand gesture recognition,” Neural Computing and
Applications, vol. 28, no. 12, pp. 3941–3951, 2017.
[25] H.-C. Shin, H. R. Roth, M. Gao et al., “Deep convolutional
neural networks for computer-aided detection: CNN architectures, dataset characteristics and transfer learning,” IEEE
transactions on medical imaging, vol. 35, no. 5, pp. 1285–1298,
2016.
[26] O. K. Oyedotun and K. Dimililer, “Pattern recognition: invariance learning in convolutional auto encoder network,”
International Journal of Image, Graphics and Signal Processing, vol. 8, no. 3, pp. 19–27, 2016.

12
[27] M. D. Zeiler and R. Fergus, “Stochastic pooling for regularization of deep convolutional neural networks,” 2013, http://
arxiv.org/abs/1301.3557.
[28] D. Erhan, Y. Bengio, A. Courville, P.-A. Manzagol, P. Vincent,
and S. Bengio, “Why does unsupervised pre-training help
deep learning?,” Journal of Machine Learning Research,
vol. 11, pp. 625–660, 2010.
[29] O. Abdel-Hamid, A.-R. Mohamed, H. Jiang, and G. Penn,
“Applying convolutional neural networks concepts to hybrid
NN-HMM model for speech recognition,” in Proceedings of
the IEEE International Conference on Acoustics, Speech, and
Signal Processing (ICASSP’12), pp. 4277–4280, IEEE, Kyoto,
Japan, March 2012.
[30] M. Long, Y. Cao, J. Wang, and M. I. Jordan, “Learning
transferable features with deep adaptation networks,” in
Proceedings of the 32nd International Conference on Machine
Learning, pp. 97–105, Lille, France, July 2015.
[31] P. M. Cheng and H. S. Malhi, “Transfer learning with convolutional neural networks for classiﬁcation of abdominal
ultrasound images,” Journal of digital imaging, vol. 30, no. 2,
pp. 234–243, 2017.
[32] H. Lei, T. Han, F. Zhou et al., “A deeply supervised residual
network for HEp-2 cell classiﬁcation via cross-modal transfer
learning,” Pattern Recognition, vol. 79, pp. 290–302, 2018.
[33] N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Stacked denoising autoencoder and
dropout together to prevent overﬁtting in deep neural network,” Journal of Machine Learning Research, vol. 15,
pp. 1929–1058, 2014.
[34] Aminu Kano Teaching Hospital, Nigeria, http://akth.org.ng.
[35] M. Al-Ayyoub, D. Alawad, K. Al-Darabsah, and I. Aljarrah,
“Automatic detection and classiﬁcation of brain hemorrhages,” WSEAS Transactions on Computers, vol. 12, no. 10,
pp. 395–405, 2013.
[36] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature,
vol. 521, no. 7553, pp. 436–444, 2015.
[37] J. Weston, F. Ratle, H. Mobahi, and R. Collobert, “Deep
learning via semi-supervised embedding,” in Neural Networks: Tricks of the Trade, pp. 639–655, Springer, Berlin,
Heidelberg, 2012.
[38] S. Ioﬀe and C. Szegedy, “Batch normalization: accelerating
deep network training by reducing internal covariate shift,” in
Proceedings of the International Conference on Machine
Learning, pp. 448–456, Lille, France, June 2015.
[39] K. He and J. Sun, “Convolutional neural networks at constrained time cost,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR’15),
pp. 5353–5360, Boston, MA, USA, June 2015.
[40] S. Lawrence, C. L. Giles, A. C. Tsoi, and A. D. Back, “Face
recognition: a convolutional neural-network approach,” IEEE
Transactions on Neural Networks, vol. 8, no. 1, pp. 98–113,
1997.
[41] F. Gaillard, “Intracranial hemorrhage, radiology reference
article,” 2018, https://radiopaedia.org/articles/intracranialhaemorrhage.
[42] R. G. J. Wijnhoven and P. H. N. de With, “Fast training of
object detection using stochastic gradient descent,” in Proceedings of the International Conference on Pattern Recognition (ICPR), pp. 424–427, Istanbul, Turkey, August 2010.
[43] V. Desai, A. E. Flanders, and P. Lakhani, “Application of deep
learning in neuroradiology: automated detection of basal
ganglia haemorrhage using 2D-convolutional neural networks,” 2017, http://arxiv.org/abs/1710.03823.

Computational Intelligence and Neuroscience

Advances in

Multimedia
Applied
Computational
Intelligence and Soft
Computing
Hindawi
www.hindawi.com

Volume 2018

The Scientific
World Journal
Hindawi Publishing Corporation
http://www.hindawi.com
www.hindawi.com

Volume 2018
2013

Mathematical Problems
in Engineering
Hindawi
www.hindawi.com

Volume 2018

Engineering
Journal of

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Modelling &
Simulation
in Engineering
Hindawi
www.hindawi.com

Volume 2018

Advances in

Artificial
Intelligence
Hindawi
www.hindawi.com

Volume 2018

Volume 2018

Advances in
International Journal of

Reconfigurable
Computing

Hindawi
www.hindawi.com

Fuzzy
Systems

Submit your manuscripts at
www.hindawi.com

Hindawi
www.hindawi.com

Volume 2018

Volume 2018

Journal of

Hindawi
www.hindawi.com

International Journal of

Advances in

Scientific
Programming

Engineering
Mathematics

Human-Computer
Interaction
Volume 2018

Hindawi
www.hindawi.com

Computer Networks
and Communications

Volume 2018

Hindawi
www.hindawi.com

Advances in

Civil Engineering
Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2018

International Journal of

Biomedical Imaging

International Journal of

Robotics
Hindawi
www.hindawi.com

Journal of

Computer Games
Technology

Journal of

Volume 2018

Hindawi
www.hindawi.com

Electrical and Computer
Engineering
Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com

Volume 2018

Computational Intelligence
and Neuroscience
Hindawi
www.hindawi.com

Volume 2018

