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Abstract: In this study, we deal with the question of diagnosing brain bleeding that radiologists consider a laborious procedure, 

particularly in the early stages of bleeding. The problem is solved by means of a deep learning approach where the CNN, the famous 

AlexNet neural network as well as a newly modified version of AlexNet with a support vector machine (AlexNet-SVM) classification 

classifier has been developed to classify brain computer (CT) pictures into haemorrhaetic and non-hemorrhaging pictures. In medical 

image analytics and classification the objective of using the model of deep learning is to answer the key problem: can the requirement 

to develop CNN be removed by a suitable smoothing of a pre-trained model (transfer learning)? In addition, this study will examine the 

benefits of employing SVM as a classifier rather than a threelayer neural network. The one we have built in three deep networks is a 

pretrained model, which is tailor-made to the brain classification task CT, and our modified AlexNet model using the SVM class. We 

are working on the same classification problem in three deep networks. The three networks have been trained with the same number of 

CT brain pictures. Experiments have demonstrated that information may be transferred from natural pictures to medical visuals. 

Moreover, our findings have shown that the proposed modified "AlexNet-SVM" model may be used to identify the brain bleeding 

through an overall neural network developed from scratch, and by the original AlexNet. 
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1. Introduction 

ICH is a blooming in the intra-crannial vault [1]. Intra-cranial 

hemorrogen (ICH). Such a medical disease is usually triggered 

by weak blood arteries, hypertension, trauma, and drug 

addiction. It can have numerous subtypes, such as basal ganglia, 

caudate nuclide or pons in the neurological emergency of ICH. 

Hemorrhaging kinds are usually based on anatomic bleeding 

location [2]. 

The early and expedient diagnosis of ICH, which is frequently 

associated with deteriorating patients in the first hours after 

occurrence, is important according to the American Heart 

Association and the American Stroke Association [3]. The 

imaging mode employed in the detection of bleeding due to its 

high availability and speed of non-contrast head computer 

tomography (CT). In diagnosing acute bleeding, this model has 

demonstrated great sensitivity and specificity [3]. 

Deep learning has recently increased quickly and efficiently. 

In order to resolve tough medical problems, deep learning 

networks have demonstrated great ability to generalise [4, 5], 

analysis of medical images [6], detection of medical bodies [7] 

and detection of diseases [8]. The most efficient networks in 

deep networks are the evolutionary neural networks that have the 

principles of architectures more inspired by biology than other 

traditional networks [9]. 

Eventually, several convolutionary networks were created such 

as AlexNet[10], VGG-NET[11], and ResNet[12]; these deep 

networks were all extensively trained and regarded as state-of-

the-art in image classification[11—13] in a large database called 

the ImageNet, Large-Scale Visual Recognition Challenge. These 

networks are seen as machine learning practises which can 

hierarchically learn features from lower to upper level through 

the construction of a deep input architecture. Thanks to their 

abstractions of various levels of functionality, many researchers 
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are motivated by the growth in deep convolutionary neural 

networks' performance to transfer the knowledge acquired by 

these networks into new tasks like medical image classification 

in the context of millions of images, benefiting in particular by 

the weights they have learned. The neural network models use 

entirely linked layers, which represent a neural feedback 

network that has been trained with the usual backbone approach. 

This suggests that the usual basic neural network could have the 

same disadvantages. 

An excellent model of a neural grid is the best model for both 

exercises and testing data sets; a fair balance must be established 

between variance mistake and bias error [12]. For basic models, 

a high bias and a low variance show a lack of adaptation while 

training these models. The development of formation may allow 

the models to enter an area where there is a little variance or bias 

in more complicated neural network models; this can be seen as 

a good fit. However, the model might undergo a large variance 

and low bias, which is called overfitting, as training continues 

further (more complex models). In the training of a complicated 

neural network model, this is considered a big difficulty. 

This difficulty can be alleviated by numerous approaches [13]. 

The approaches include early halt, penalization of weights, 

weight pre-training and disappearance of hidden neurons. But 

we need to circumvent these issues in our study by substituting 

the neural network of SoftMax with an SVM multiclass that is a 

classifier for both pretrained models. Several studies [16–18] 

were undertaken to try to identify an alternative for classification 

tasks to SoftMax. All these researches have shown that the 

Support Vector Machine (SVM) can be a good alternative since 

it can increase neural network performance marginally in 

comparison to the standard SoftMax. 

In this article, we intend to transfer AlexNet's knowledge to a 

new goal: categorising the CT brain haemorrhage in images of 

the blood or non-hemorrhage. In addition, the CNN and the 

modified AlexNet are developed from scratch in conjunction 

with the SVM to complete the same classification task. A further 

purpose of using a pre-trained model generated from scratch for 

a CNN for the same classification problem is to demonstrate that 

transfer-based learning network can better perform with not 

much data. It also aims to show the necessity for the deep CNN 

training that generally takes a long while for a big number of 

images to learn may be eliminated by sufficient fine tuning of a 

pretrained model. 

In this research, the scratch-based CNN is denoted as CNN, and 

AlexNet is the pre-training model that uses its original AlexNet 

architecture, and AlexNet-SVM is the modified model. 

The paper has the following structure: In Section 1 the work is 

shown. Section 3 provides a short overview of the core neural 

networks, while Section 4 introduces the concept of transfer 

learning, with AlexNet included. The training of the two 

profound networks in which the data utilised for training are 

presented is discussed in section 5.3. Section 6 examines the 

performance of the network and compares the findings of both 

models. Finally, paragraph 8 is the end of the paper. 

2. Related work 

In order to meet major medical issues such as segmented images 

and disability control, revolutionary neural networks were 

applied. A convolutionsary neural system designed for the 

segmentation of the most frequent brain tumours, that is, glioma, 

has been developed by Hussain et al. [19]. A system of two 

networks, layered together to form a novel ILinear architecture, 

was proposed by the authors. This new architecture was possible 

for all of the proposed and related architectures to achieve the 

greatest outcomes. A further Abiyev and Arslan study found that 

neural networks can also support people with disabilities. In 

addition, they are also employed as supporting elements. 

The authors proposed an interface between the human and 

machine based on two neural networks intended to control 

mouse-by-eye motions for handicapped individuals. Their 

approach has been evaluated and tested by a hand-crafted data 

set, and results demonstrate that many previous related works 

have been overcome by network performance. 

In addition, Ahmed et al. [6] used deep learning approaches for 

classifying images in haemorrhage or healthy brain computer 

tomography [CT]. To complete that objective the authors have 

used autoencoders and deep neural networks. The authors 

claimed that when trained and tested on 2527 photos, the utilised 

model was performed differently. It has been discovered that the 

autoencoder that is stacked in their study is composed of three 

hidden levels and other utilised networks, in which the highest 

classification and lowest MSE have been attained. The authors 

argue that it is due to a short number of data used to make rain 
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that the likely cause for this surge on the stacked autoencoder 

over a convolutionary neural network, since a CNN needs huge 

number of training examples in order to converge. 

In another study by Mahajan and Mahajan, the refined use of the 

watershed algorithm together with an Artificial Neural Network 

(ANN) for CT diagnosis in brain haemorrhage type was 

investigated in brain haemorrhage studies. The authors of this 

work used extraction before photos were fed to the neural 

classification, in which several characteristics were extracted 

with a cooccurrence matrix on a grey level (GLCM). Features 

then were categorised by a traditional neural back back network 

for the identification of bleeding type. They observed that 

suitable approaches of image processing such as noise removal 

and highly segmented algorithms are required for reliable 

bleeding identification. 

In addition, R.Alugubelli et al. worked on splitting brain CT 

images into sections where either normal or hemorrhagic region 

might occur. In bleeding-contening photos, areas without 

haemorrhage have been handled as normal regions, with the 

result that 2 computer and neuroscience datasets are extremely 

imbalanced. The researchers have employed an ellipse fitting, 

background removal and wavelet decomposition technique for 

the image segmentation scheme. For this approach, weighted 

precision and retroactive values were about 83.6 and 88.5%. 

3. Convolution neural network 

The CNN is a well-employed, multi-task machine vision and 

medical network. In general, CNN uses architectural elements 

such reception, weight sharing and pooling to take the 2D 

characteristic of structured information such as images into 

account. The weight-sharing concept for convergence maps 

dramatically decreases parameters of the model; thus, 

significantly reduces the overlay propensity of the model 

compared to fully linked comparable model size models. 

Packaging effectively decreases the spatial dimension of input 

maps and allows the CNN to learn some invariance to mild 

training distortions; this function improves the generalisation of 

the CNN during testing, because it is more tolerant to moderate 

distortions of test data. Figure 1 shows the traditional CNN. The 

main features include convolution layers, pooling layers and 

fully linked layers. For example, in layer 1 the n-coded filter is 

used to create n-coded maps (C 1) of the size I i.e. I followed by 

a coding operation (subsampling) of coded maps with a window 

size b = b. 

The pool (S1) layer therefore consists of n size j = j, where, j= 

i/b  characteristic characteristics maps. The convolution layer is 

extracted by a certain size filter on the entering inputs. The 

pooling process has a specified-size window over input maps; 

average and a maximum pooling method are commonly utilised 

in applications . The average pooling value is taken from the 

pooling window, while the maximum value from the pooling 

window is taken for max pooling. The functionality is 

transported via the network to a fully connected layer with a unit 

output layer to learn the classifier model. In order to update the 

model parameters using the gradient descent-update rule the 

backpropagation learning algorithm can therefore be used. 

 

4. Transfer Learning 

In the analysis and processing of medical images, one of the 

most typical issues is the restricted amount of information 

available for research purposes. Therefore, the formation of a 

deep network structure like CNN and a limited number of data 

can lead to overfitting, mainly due to inadequate efficiency and 

power generation. Transfer learning is a solution to this problem 

in which effective and well training network parameters are 

exchanged over a very wide dataset. Transfer learning is the use 

of a pretrained model that is previously trained on big datasets 

and which transfers its pretrained learning parameters to the 

targeted network model in certain weights. The last fully 

connected layers are then trained with initial random weights on 

the new dataset in order to make use of the network for another 

task. Although the dataset is different from the network, the low-

level characteristics are comparable. The transfer parameters of 

the pre-trained model can therefore offer a powerful extraction 

capacity to the new target model and lower its training and 

memory costs. Transfer training was widely employed in 

medical imaging. The accuracy, training duration and error rates 
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indicated high efficiency[10]. In this study we describe a 

modified pretrained model, AlexNet, used for classification in 

normal and abnormal classes of CT-brain haemorrhage pictures. 

4.1 AlexNet  

In the 2012 ImageNet Large Scaled Visual Recognition 

Challenge, AlexNet is the first neural convolution network that 

reached a high degree of classification accuracy [10]. This deep 

structure consists of eight primary components, the first five are 

mostly convolutions, the last three are completely connected 

components. The activation function layer, i.e. rectified linear 

unit layer (ReLU), follows each convolution layer and proposes 

improving network performance by speeding up training faster 

than analogues to the functionality of "tanh" activation[10]. In 

order to lower the network size, AlexNet uses a max pooling 

after each convergence layer. 

In addition, after the first two completely connected layers, a 

dropout layer is introduced that helps to decrease the number of 

neurons and prevent overfitting . Finally, the data presented is 

classified by adding a layer after the last layer. The AlexNet 

structure is shown in Figure 1. 

5. Materials and Methods 

This article deals with the topic of classification in normal or 

haemorrheatic CT brain imaging, which is a difficult assignment 

for certain young radiologists and medical practitioners. The 

issue is handled by a deeply trained learning network that is able 

to extract low to high characteristics utilising the built and taught 

filters in normal brain CT pictures and others with haemorrhage 

disease disorders. These characteristics therefore identify the 

class, i.e., haemorrhage or not of brain pictures. However, 

transferring the knowledge of a pre-trained models called 

AlexNet from the original to the target job here being 

Haemorrhage identifying is also treated as new classifications 

and testing it by the same number of photos used for testing the 

CNN produced from scratch. Through the use of the SVM 

Categorization, we aim for a major problem in analysing and 

diagnosing medical images: deep CNN training not needed from 

scratch, but using a pre-trained modified CNN to transfer our 

knowledge with adequate precision to a new target job. The truth 

and accuracy behind this key problem will be demonstrated 

through our test on the CT brain haemorrhage classification 

utilising a CNN developed from scratch and the pretrained 

models. 

5.1. Information. 

The two models are trained and tested with pictures acquired 

from the Aminu Kano Teaching Hospital in Nigeria from the 

normal and diseased brain computer (CT) scanner . Whereas the 

images that are collected from this database are abnormal, all are 

labelled as haemorrhage because this work aims to assess 

whether or not the CT-slice contains haemorrhea; the 

identification of haemorrhage from a set of images regardless of 

the type of haemorrhage pathology that may be present in this 

database is feasible . 

5.2. Data augmentation 

 Deep networks are data-hungry systems, and consequently, the 

higher and more precise the data you feed them. This work 

therefore uses an increase in data such that the number of photos 

that are collected for the database can be multiplied to avoid an 

over-size training. So, every image is rotated at 70, 160 and 270 

degrees first to the left and right, and then to the right. Overall, 

a total of 12635 brain pictures are collected from normal and 

haemorrhaging CT. Note that 70% of the data is utilised to train 

the networks used, while 30% is used in testing, namely 8855 

pictures and 3790 photos. 

The CTslices utilised for training and testing deep networks 

show a number of normal, haemorrhage brain slices. Originally, 

the images from this base were 1024 da1024 pixels and were 

therefore sampled first to 227 digits227 digits for one pixel in 

the input layer of the pre-trained model: AlexNet, which does 

not take any other data input size. The images in the database are 

as follows. 

Note that the input images we have selected to use for the CNN 

constructed from scratch are the same, although any size might 

be used purely for network comparison purposes. In addition, the 

data base photos are gray-scale, and the AlexNet model needs 3-

channel data input, thus the grey channel of all images has been 

concatenated to RGB by the grayscale of 227×227×3 times. 

5.3 Training the Network Models.  

The two deep models used are simulated with MATLAB. The 

networks have been trained on an Intel Core i7 4770 centralised 

processing unit (CPU) and random-access memory with a 
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Windows 64-bit desktop computer. It is crucial to emphasise that 

the PC is not equipped with a graphical processing unit (GPU). 

 

 

(b) . Normal Image 

Figure 2: Sample of the databases training and validating 

images. 

 

 

Figure 3: Proposed CNN architecture 

6. Results and discussion 
Once trained, 30% of accessible data is tested for all network 

models. As may also be shown, distinct accuracies of 90.65%, 

92.13% and 93.48% were reached correspondingly using CNN, 

AlexNet and AlexNet-SVM. AlexNet-SVM was able to 

generalise unseen data more precisely. However, a greater 

number of epochs were necessary in order to attain the exactness 

that is considerably superior to the precision required by CNN 

and AlexNet. 

 

 

AlexNet-SVM also had a lower mean square error (MSE) 

(0.054) than that of AlexNet (0.087) and CNN (0.092) however 

this also took longer periods of training. Figures 4-6 illustrate the 

learning curves of the trained models. The numbers demonstrate 

how precisely the number of epochs has increased. 

Consequently, all models are well trained, but increasing the 

depth of both AlexNet and AlexNet-SVM makes it harder to 

train, i.e., it took longer and more periods to reach and converge 

to the least square error. It is vital also to remark that the 



Paper Title: Application of profound training in neuroradiology: the classification of brain haemorrhage through transfer 
learning 

 ISSN:-2581-6934 |Available at :www.jidps.com | pp :(7-13) 
12 

classificator of AlexNet-SVM was lower than the MSE and 

greater recognition rates than those scored by AlexNet and CNN 

because of this difference in time and epoch number. As a result, 

we get an insight into the various levels appreciated from the 

models, through a visualisation of the kernels or functions 

learned in convolutionary layers, to analyse the learning 

performance of networks. 

 

1. Conclusion 

The research is based on neural networks to identify brain 

bleeding in CT images, and the results are robust and promising. 

One of the reasons for this research is to address and try to solve 

the problems radiologists may find in diagnosing images 

suggestive of brain haemorrhage. We have thus studied the 

usage of a possible deep-seated neural network that will assist 

medical specialists to make more precise judgements. This can 

reduce the diagnostic mistake and increase the accuracy of the 

detection of haemorrhage by medical specialists. The report 

offers for the same classification task a pretrained modified 

network "AlexNet-SVM." In order to check network 

performance, the three models including the proposed model 

were trained on a relatively modest database. There are clearly 

various obstacles in applying deep learning networks in 

analysing medical images. The most typical difficulty is the 

absence of large data sets that can be seen as a hurdle. The tests 

carried out in this article have shown that information may be 

transferred into medical imagery even if profound networks are 

initially trained on nature photographs. AlexNet performance is 

enhanced with the proposed model employing the SVM 

classifier. Furthermore, it has been demonstrated that little data 

can be sufficient to finalise the pretrained model, contrasting 

with a scratch-created CNN that requires a huge amount of data 

to be trained. The performance of the proposed model is thus an 

indicator of how transmission of learning networks might be 

considered in the identification of brain haemorrhage. 
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