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Abstract: Brain tumours are considered one of the deadliest tumours in humans and have a low
survival rate due to their heterogeneous nature. Several types of benign and malignant brain tumours
need to be diagnosed early to administer appropriate treatment. Magnetic resonance (MR) images
provide details of the brain’s internal structure, which allow radiologists and doctors to diagnose
brain tumours. However, MR images contain complex details that require highly qualified experts
and a long time to analyse. Artificial intelligence techniques solve these challenges. This paper
presents four proposed systems, each with more than one technology. These techniques vary between
machine, deep and hybrid learning. The first system comprises artificial neural network (ANN)
and feedforward neural network (FFNN) algorithms based on the hybrid features between local
binary pattern (LBP), grey-level co-occurrence matrix (GLCM) and discrete wavelet transform (DWT)
algorithms. The second system comprises pre-trained GoogLeNet and ResNet-50 models for dataset
classification. The two models achieved superior results in distinguishing between the types of
brain tumours. The third system is a hybrid technique between convolutional neural network and
support vector machine. This system also achieved superior results in distinguishing brain tumours.
The fourth proposed system is a hybrid of the features of GoogLeNet and ResNet-50 with the LBP,
GLCM and DWT algorithms (handcrafted features) to obtain representative features and classify
them using the ANN and FFNN. This method achieved superior results in distinguishing between
brain tumours and performed better than the other methods. With the hybrid features of GoogLeNet
and hand-crafted features, FFNN achieved an accuracy of 99.9%, a precision of 99.84%, a sensitivity
of 99.95%, a specificity of 99.85% and an AUC of 99.9%.

Keywords: CNN; SVM; ANN; FFNN; brain tumours; MRI; handcrafted features

1. Introduction

Over the past years, problems in the early diagnosis of many diseases using human
intelligence have occurred, whilst progress in biomedical technology has been observed.
However, cancer remains a curse to humanity because of its abnormal nature [1]. Brain
cancer, in particular, is one of the deadlier cancers owing to its aggressive and heteroge-
neous characteristics. The brain controls all body activities and is considered the main
organ, consisting of millions of neurons and complex tissues. Each neuron has a specific
activity by controlling a certain organ. Each cell has the ability to grow normally, but some
lose their ability to function, grow abnormally and then form an abnormal mass called a
tumour [2]. Brain tumours have different types in accordance with their shape, texture and
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location (acoustic neuroma, pituitary gland, central nervous system lymphoma, menin-
gioma, glioma, etc.) [3]. In clinical diagnosis, the incidence rates of glioma, meningioma
and pituitary tumour are approximately 45%, 15% and 15% amongst all brain tumours,
respectively [4]. On the basis of tumour type, doctors can formulate a diagnosis, pre-
dict survival and make the appropriate decision for treatment, whether that be surgery,
chemotherapy or radiation. Therefore, early tumour grading is important to monitor the
tumour and guarantee the patient receives appropriate treatment [5]. Brain tumours are
split into malignant and benign tumours. Malignant tumours are lethal and contain pre-
cancerous cells, whereas benign tumours are homogeneous structures and do not contain
precancerous cells. The World Health Organization classifies brain tumours into grades,
where the first and second grades refer to a benign tumour, and the third and fourth grades
refer to a malignant tumour [6]. Benign tumours grow slowly compared with malignant
tumours. Low-grade tumours turn into high-grade tumours if they are not diagnosed early
and receive treatment in time [7]. Thus, diagnosing a brain tumour and determining its type
and grade are the main goals of doctors and radiologists [8]. The causes of brain tumours are
unknown and pose a challenge in the medical field. Nevertheless, some uncommon risks
of malignant tumours, such as exposure to vinyl chloride [9] and neurofibromatosis [10],
can be identified. Meningiomas begin with slow growth on the membrane covering the
brain and are considered benign tumours [11]. By contrast, malignant tumours arise in the
brain, spinal cord and nerve cells (glial cells). Several types of gliomas grow in star-shaped
glioma cells and are classified as anaplastic astrocytoma and glioblastoma. Tumours that
start from the top of the neck or the upper lower back are called ependymomas, which are
classified into neuromyeloma, anaplastic ependymoma and subendothelial tumour. Oligo-
dendrocytes are another type of glial cell [12]. Magnetic resonance imaging (MRI) provides
a detailed analysis of the internal structure of the human brain without any radiation or
surgical intervention [13]. It highlights brain abnormalities and requires the patient not
to move whilst taking magnetic resonance (MR) images. This method is also suitable for
detecting brain tumours, but the use of a single MR image to classify whether a tumour is
normal or abnormal is challenging. Hence, MRI devices have the ability to capture a series
of multimodal MR images, which provides details of the brain structure for effective and
efficient tumour diagnosis [14]. MRI helps show the internal structure of the brain, but MR
images contain many complex details. Interpreting MR images requires highly qualified
doctors and experts; in addition, tracking all the MR images of a patient is time consuming,
and doctors and radiologists have differing opinions in classifying tumour type. Machine
and deep learning techniques solve these challenges. These techniques have the ability to
diagnose tumour type and grade with high efficiency and accuracy. Many researchers have
devoted their efforts to developing automated techniques for classifying MR images and
analysing each image to determine tumour type. In this study, several multimethod hybrid
systems with feature hybrids are developed to classify MR images for the early diagnosis
of brain tumours.

The use of two overlapping filters to eliminate noise and acquire improved images:

• Feature extraction using LBP, GLCM) and DWT algorithms and their combination;
• Adjustment of CNN to extract deep feature maps with high accuracy;
• Application of the hybrid method of CNN and SVM algorithms;
• Application of ANN and FFNN networks with the mixed features of CNN models

and handcrafted features (LBP, GLCM and DWT) to produce highly efficient features
for distinguishing between types of brain tumours and

• Development of high performance systems to diagnose brain tumours and distinguish
between their types at an early stage to assist physicians and radiologists in making a
sound decision to diagnose and providing appropriate treatment for the patient.

The rest of this study is organised as follows. Section 2 presents relevant previous
studies. Section 3 analyses the methods and techniques for processing a dataset. Section 4
reviews the performance results of the proposed systems. Section 5 shows a discussion and
comparison of the performances of the proposed methods. Section 6 concludes the paper.
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2. Related Work

Many papers have presented several studies on the diagnosis of brain tumours, some
of which are reviewed in this study. What distinguishes our study is the use of diverse
methods—hybrid methods of machine and deep learning models and a hybrid of hand-
crafted features (colour, shape and texture features) with CNN features.

Arshia et al. proposed three CNN models, for classifying three types of brain tu-mours.
Data augmentation technology has been applied to increase reliable results and reduce
overfitting [15]. Cheng et al. proposed a system on a brain tumour data set, and the
tumour area was determined and divided into sub-area by an adaptive spatial al-gorithm.
Characteristics were extracted using the methods of GLCM, bag of words (BoW) and
density graph. The system achieved good results of 89.72% with GLCM features, 91.28%
with BoW features and 87.54% with density graph features [16]. Ismael et al. presented
methods for extracting statistical features by using the DWT method and Gabor filter
algorithm. Features were rated using a multilayer perceptron neural network with 91.9%
accuracy [17]. Abir et al. introduced methods for image enhancement, sharpening, resizing
and image contrast optimisation and then applied a probabilistic neural network to classify
a brain tumour data set. The method reached an accuracy of 83.33% [18]. Widhiarso et al.
extracted features via GLCM and classi-fied them by using CNN. The GLCM features
were combined with contrast features, and the system achieved an accuracy of 82% [19].
Sarah et al. proposed residual net-works for classifying a brain tumour data set into
three types [20]. Hao et al. proposed a DCNN-based approach that combines symmetry
with the segmentation of the tu-mour region. They expanded the network by adding
symmetrical masks in some layers. The network achieved good results with an average
dice similarity coefficient of 85.2% [21]. Menze et al. presented a method for segmenting
a tumour region from multidimensional images by tracking context information with
MRF. Other seg-mentation methods consider that each pixel is independent and similarly
distributed. Therefore, they introduced the conditional random field method to utilise the
infor-mation in neighbouring pixels [22]. Muhammad et al. presented the brain surface
ex-traction method for removing the skull and then applied particle swarm optimisation to
segment the tumour area. Features were extracted from the tumour area by using the LBP
method. Lastly, the selected features were rated using an artificial neural net-work (ANN),
which performed well [23]. Sharif et al. optimised images by using an unsupervised fuzzy
set algorithm through triangular fuzzy median and tumour region segmentation. Gabor
lesion features were extracted, and texture features were calcu-lated. Texture features were
rated using extreme learning machines (ELMs), which performed well [24]. Baoshi et al.
introduced the extended Kalman filter with SVM called EKF-SVM, a method for analysing
images and detecting brain tumours. All im-ages underwent optimisation through nonlocal
means filter, image standardisation and contrast enhancement. The GLCM was applied
for extracting features and sent to an SVM classifier for MRI classification, and EKF was
applied to classify MRI images [25]. Fatih et al. presented a fuzzy C-means approach for
tumour region segmentation. The SqueezeNet was applied for extracting features from
a CNN model and catego-rised using an ELM [26]. Parnian et al. introduced a boosted
capsule network that en-hances vulnerable learners by gradually improving networks [27].
Kaplan et al. pre-sented a method for extracting features from the tumour area by using
two methods, nLBP and αLBP. The nLBP method works on the basis of the relationship
between a pixel and its neighbours, whilst the αLBP method basis of the angle value of the
neighbouring pixels [28].

3. Materials and Methods

Here, algorithms for analysing an MRI dataset of brain tumours are reviewed as
shown in Figure 1. The dataset is enhanced for noise removal, and the improved dataset
is passed to the four suggested methods; each method has systems. The first technique is
to classify the dataset via ANN and FFNN on the basis of the extracted hybrid features
using the LBP, GLCM and DWT algorithms. The second technique uses GoogLeNet and
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ResNet-50 models to extract and categorise features. The third technique is a hybrid of
CNN and SVM. The fourth technique is to extract deep features, combine them with LBP,
GLCM and DWT features, and classify them using ANN and FFNN classifiers.
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Figure 1. Methodology for classifying a brain tumour dataset.

3.1. Description of the MRI Dataset

The performances of the systems are evaluated on a dataset of brain tumours col-
lected from Tianjin Medical University General Hospital, China, and Nanfang Hospital,
Guangzhou, China, between 2005 and 2010. The dataset consists of 3446 MR images, which
are split into four types (classes): three classes of brain tumours and one class of normal
type. The dataset is split into classes as follows: 926 MR images of glioma (26.87%), 1052 MR
images of meningioma (30.53%), 493 MR images of no tumour (14.31%) and 975 MR images
of pituitary tumour (28.29%). Thus, the dataset is unbalanced. We balanced the dataset
using data augmentation method. The resolution of all images in the dataset is between
1358 × 1322 and 205 × 249 pixels in a 24-bit colour system. Figure 2 shows some of the
MRI samples from the dataset for all the classes. The system randomly selects images from
the dataset, so that the figure is representative of all classes.

3.2. MRI Images Enhancement

MR images contain various noises due to magnetic field noise. This condition causes
problems in analysing and diagnosing images, reduces images’ spatial resolution and
distorts the edges of brain tumours. Artificial intelligence techniques are affected by such
noises; the diagnostic efficiency is reduced due to complications when extracting features
that include noise. Thus, the images were enhanced in this study by calculating the mean
RGB chromaticity for each image. The colour constancy was then scaled in each image.
The MR images were subjected to optimisation using average and Laplacian filters. Firstly,
the average filter works with a size of 5 × 5 pixels to show contrast and remove noise and
irrelevant pixels by changing each pixel according to an average of 24 adjacent pixels, and
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the filter continues until all image pixels are replaced with the average of neighbouring
pixels as shown in Equation (1):

z(l) =
1
L

L−1

∑
i=0

y(l − 1), (1)

where z(l) is the input, y(l − 1) is the prior input, and L is the pixel number.
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Secondly, the MR images are passed to the Laplacian filter to accurately and efficiently
detect the edges of the lesion as shown in Equation (2):

∇ 2 f =
∂ 2 f
∂ 2 x

+
∂ 2 f
∂ 2 y

, (2)

where ∇ 2 f is a second-order differential equation; and x, y refer to the coordinates of the
binary matrix.

Lastly, the final improved image is obtained by subtracting the improved image
obtained using the Laplacian filter from the improved image obtained using the average
filter and passing it to the next image processing steps as shown in Equation (3):

Image enhanced = z(l)−∇ 2 f . (3)

The reason for employing these two filters is that the average filter enhances the image
contrast, particularly in the tumour area, and the Laplacian filter makes the tumour edges
visible. As a result of combining the two photos, a more contrasted image highlighting the
tumour’s edges emerges. Figure 3 shows a set of images from the brain tumour dataset for
all the classes it contains.
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3.3. Neural Network
3.3.1. Adopted Region Growing Method

The dataset images obtained using MR machines consist of whole-brain cells that
contain healthy brain cells and brain tumours. Therefore, extracting the features from the
tumour and the healthy area is not correct. Segmentation techniques solve this challenge
and separate the tumour area from the healthy area. In this paper, the adopted region-
growing method was used to separate the tumour area from the healthy area. The algorithm
separates similar pixels in the same region [29]. The following conditions are necessary for
effective partitioning:

• ⋃m
i=1 x i = x, where m is the number of regions;

• x = 1, 2, . . . , M is connected;
• P(x i) = TRUE for 1, 2, . . . , M and
• P

(
x i

⋃
xj
)
= FALSE for i 6= j, where x i and x j are neighbouring regions.

Firstly, the tumour segmentation process must be complete. Secondly, each region
must be the same pixel. Thirdly, when representing region pixels that are similar to those
from other regions, they must be correct. Fourthly, two regions must not contain two
similar pixels (no two similar pixels have the same pixels in two regions). In all pixels, all
regions must represent the entire lesion region. The algorithm works in accordance with
the bottom-up method with a seed represented by a pixel and ends with a whole region
represented by many similar pixels. The basic idea of this method is to start with many
different pixels as the basic seeds for creating regions. Regions begin to grow gradually,
and each region contains similar pixels. Figure 4 shows images from the dataset after the
tumour region was segmented and separated from healthy regions.
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Figure 4. Samples from the dataset representing the three brain tumours; (a) original image
(b) segmentation of the tumour area (c) morphological process.

3.3.2. Morphological Process

Images contain small holes after the segmentation method, and these holes do not
belong to the area of interest; therefore, these holes are considered noises that must be
removed, and the holes must be filled [30]. After the segmentation process, morphological
operations must be applied to improve the binary images. Many morphological operations,
such as erosion, opening, dilation and closing, serve to fill small holes. Operations create
a 4 × 4 structural element, which wraps to each location of the image and compares it
to neighbouring pixels. Processes test the structural element to determine if it ‘fits’ or
‘hits’ adjacent pixels or not. Figure 4 describes some dataset samples before and after
the morphological process (before the morphological process means the output of the
segmentation process). The bilateral images improve and fill in the gaps that do not belong
to the tumour area.

3.3.3. Hybrid Feature Extraction

One of the image processing stages is extracting the features that represent each
tumour. The accuracy of feature extraction depends on the previous stages (optimisation,
segmentation and morphology). Therefore, feature extraction algorithms work to reduce an
image’s dimensions and represent it with the most important features. In this study, three
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algorithms, namely LBP, GLCM and DWT, were applied and combined to produce more
efficient feature vectors. The fused feature is a modern, powerful and efficient method for
obtaining representative features that help in the early diagnosis of brain tumours.

Firstly, features are extracted using the LBP, which describes the texture of 2D surfaces.
The algorithm works with a size of 5 × 5, selects a central pixel in each iteration and
analyses it on the basis of Equation (4) by replacing the target pixel (central pixel) with
neighbouring pixels and the radius of 24 adjacent pixels for each central pixel. The process
is repeated for each pixel of the image, and 203 features are extracted and stored in a feature
vector [31].

LBPR,P =
P−1

∑
p=0

s
(

gp − gc
)
2p s(x) =

{
0, x < 0
1, x ≥ 0

, (4)

where R represents the radius for neighbouring paves, gp is the grey value of nearby pixels,
gc represents the grey value of the target pixel (central), and P represents the number
of neighbours.

Secondly, features are extracted using the GLCM, which is considered a good method
for extracting texture features from brain tumour areas. The GLCM algorithm shows many
compositional levels from the grey levels of the brain tumour region. The algorithm works
on the basis of spatial information distinguishing coarse and smooth areas. The coarse
area contains pixels with divergent values, whereas the smooth area contains pixels with
close values. This spatial data is vital in finding the relation between pixels on the basis of
distance d and direction θ. The pixels are interpolated in accordance with four directions:
0◦, 45◦, 90◦ and 135◦ [32]. This method extracted 13 features from each image.

Thirdly, the DWT extracts features from the ROI. Square mirror filters analyse the input
signals to two signals, matching the low- and high-pass filters. The algorithm produces
12 features for each image: approximate parameters and three detailed parameters. Low-pass
filter (LL) produces approximation coefficients, whilst high-pass filters (LH, HL and HH)
produce three features as detail coefficients (horizontal, vertical and diagonal, respectively).

Finally, the features of the three methods are hybridised into the same feature vector
to form highly efficient features capable of diagnosing the tumour with high accuracy.

Figure 5 describes the fusion process of the features extracted from the three algorithms.
The LBP method extracts 203 features, the GLCM extracts 13 (characteristic) features, and
the DWT method extracts 12 (characteristic) features. All the features are combined into
one feature vector; therefore, each image represents 228 features.
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3.3.4. ANN and FFNN

In this section, the brain tumour dataset is diagnosed using the ANN and FFNN.
ANN is highly efficient and consists of three layers. Each layer contains numerous linked
neurons. The first layer is the input layer, which receives the outputs from the feature
extraction stage. In this work, as shown in Figure 6, the input layer consists of 228 neurons.
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ANN also comprises many hidden layers; each layer has numerous neurons linked with
neurons of the same layer and with neurons from other layers. In this work, the ANN
contains 10 hidden layers to diagnose the features extracted for the early detection of brain
tumours. The output layer contains at least two neurons to classify each input image
into its appropriate class [33]. The output layer in this work has four neurons based on
the types of classes (glioma, meningioma, no tumour and pituitary tumour). The ANN
interprets and analyses large and complex data to produce clear diagnostic patterns. Each
neuron is connected with a neuron in the same layer or from another layer with specific
weight w, which effectively reduces errors between actual and predicted values [34]. The
ANN assigns specific weights and updates them in each iteration until it reaches the mean
square error (MSE) of the actual X and predicted Y, as described in Equation (5).

MSE =
1
n

n

∑
i=1

( Xi −Yi)
2, (5)

where n refers to the data points, Xi refers to the actual output, and Yi refers to the
predicted output.
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FFNN is highly efficient in solving complex tasks. It also consists of three layers,
and each layer contains many interconnected neurons. The first layer is the input layer,
including neurons, as in the ANN algorithm. FFNN consists of many hidden layers, and
each hidden layer has numerous linked neurons [35]. In this study, the FFNN contains
10 hidden layers to diagnose the features extracted for the early detection of brain tumours.
The output layer contains neurons, as in the ANN algorithm. The working mechanism
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of the FFNN is the feedforward between neurons. Each neuron produces the output of
the previous neuron with its own bias. In other words, the FFNN works to determine the
weights and updates them on each iteration in the forward direction from the first hidden
layer to the output layer. The weights are calculated and updated in each iteration until the
algorithm reaches the minimum error as described in the above equation.

3.4. CNN Models

CNN is a new technology that solves problems in many areas, including pattern
recognition and classification of biomedical images. It is a multi-perceptron multilayer
neural network that produces millions of parameters and connections. CNN models are
designed to process 2D data, such as biomedical images, and can be adapted to handle
1D or multidimensional tasks [36]. The essence of CNN models is that they obtain many
representational levels, starting from simple levels that transform from one level to a more
representative and higher abstract level. For 2D image diagnostics, CNN model layers
amplify the highest representation, select the most critical inputs, differentiate between
classes and suppress different irrelevant features. CNN models are distinguished from
traditional neural networks by their depth of architecture and many layers of different
levels. Consequently, many researchers have devoted themselves to developing CNNs.

The convolutional layer is one of the deepest layers, and its name is derived from
CNN. Three parameters control how convolutional layers work: filter size, p-step and zero
padding. Filter size controls the size of the convolution around an image. A larger filter
size results in a greater convolution around the image. Each filter performs a specific task;
examples are a filter that detects geometric features, a filter that detects edges and a filter
that extracts colour and texture features. p-step limits the number of steps the filter moves
on the image at each step [37]. Zero padding preserves the size of the entered images.
These layers wrap the filter f (t) around the image x(t) as written in Equation (6):

z(t) = (y ∗ f )(t) =
∫

y(a) f (t− a) da (6)

where y(t) refers to the image inputted, z(t) refers to the output, and f(t) refers to the filter.
Some convolutional layers are followed by a rectified linear unit (ReLU) layer that

passes positive values whilst converting negative values into zero. Equation (7) explains
how a ReLU layer works [38].

ReLU(x) = max( 0, x ) =

{
x, x ≥ 0
0, x < 0

, (7)

where x represents the value entered for the ReLU layer.
However, CNNs present some challenges, particularly overfitting, because a CNN

produces millions of parameters. A dropout layer is used to pass a specific percentage of
neurons in each iteration to solve this particular challenge. In this work, the layer of dropout
is tuned to 50%; hence, 50% of the neurons are passed in each iteration. Nonetheless, one of
the disadvantages of this layer is that it increases the training time twice.

Convolutional layers output millions of parameters with high dimensions; therefore,
the dimensions must be reduced. CNN models provide pooling layers that interact with
the outputs of the convolutional layers in a specific way and represent groups of pixels by a
single pixel. Pooling layers work in two ways: max and average pooling. Each method has
a particular working mechanism. In the max pooling process, a group of pixels is selected
in accordance with filter size. The groups of pixels are represented by the maximum pixel
in the groups specified by the filter, as shown in Equation 8. Average pooling selects a
group of pixels in accordance with filter size and replaces it with an average pixel value, as
shown in Equation (9).

P(i; j) = maxm,n=1...k A[(i− 1)p + m; ( j− 1)p + n], (8)
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P(i; j) =
1
k2 ∑

m,n=1...k
A[(i− 1)p + m; ( j− 1)p + n], (9)

where A is the number of pixels; m, n represents the dimensions of the matrix; k refers to
the matrix amplitude; and p is the step filter.

The last layer in CNN models is the fully connected layer (FCL), where all the neurons
are linked to one another. Each CNN model has FCLs that are different from other types.
This layer converts 2D feature maps into 1D ones. Each image is classified into an appro-
priate class. Lastly, the SoftMax activation layer is a function that has four neurons, with
each neuron representing one class in the dataset. Equation (10) shows how the SoftMax
function works.

y(xi) =
exp xi

∑n
j=1 exp xj

(10)

where y(xi) outputs the SoftMax function, which has a value 0 ≤ y(xi) ≤ 1.
In this section, we will highlight the GoogLeNet and ResNet-50 models.

3.4.1. GoogLeNet Model

GoogLeNet is used in many fields, including biomedical image classification.
GoogLeNet has 27 layers, including pooling layers; each layer has a specific task. This
model has a superior ability to perform complex calculations and reduce dimensions whilst
maintaining the most important features. The first convolutional layer of the model with
a filter size of 7 × 7 reduces the dimensions considerably. The other convolutional layers
extract deep features. The network outputs millions of parameters. Therefore, the network
contains three pooling layers to reduce the dimensions and number of parameters; the
first pooling layer has a size of 7 × 7, which considerably reduces the dimensions, and
every 49 pixels are changed with one pixel [39] The network produces 7 million parameters.
Figure 7 shows the GoogLeNet, which shows the most important layers that the network
contains for the diagnosis of brain diseases into four classes.
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3.4.2. ResNet50 Model

ResNet-50 is a multilayer CNN model used in many fields, including biomedical
image classification. ResNet-50 has 16 blocks with 177 layers, with each layer performing a
specific task. ResNet-50 layers are divided into 49 convolutional layers with different filter
sizes for extracting feature maps [40]. Many ReLU layers follow convolutional layers, batch
normalisation layers, two layers of pooling (max and average layers), a FCL and a SoftMax
function. The model contains 23.9 million parameters. Figure 8 describes the infrastructure
of ResNet-50, which shows the most important layers included in the network for the brain
tumour diagnostic dataset with four classes.
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3.5. Hybrid of CNN and SVM

CNN is considered one of the best artificial intelligence models in the classification of
biomedical images. However, CNN models demand high-specification computer hardware
and consume time for training. Hence, this section presents a hybrid method of CNN
and SVM to solve these challenges. These techniques operate with medium-specification
computer hardware [41]. The first block represents the CNN used to extract features.
The second block is SVM. Figure 9 describes the architecture of the hybrid techniques,
GoogLeNet + SVM and ResNet-50 + SVM, for the early detection of brain tumours.
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3.6. Hybrid Features between CNN and Handcrafted Features

In this section, the new techniques are similar to the method presented in the previous
section, but they are a combination of handcrafted features and the features of CNN models.
However, CNN models require high-specification hardware and are time-consuming in
training data. The deep feature map classification technique using the ANN and FFNN
solves this problem [42]. The main idea of the approach is represented in several steps.
Firstly, features are extracted using CNN, which produces 4096 features. Secondly, features
are extracted using the LBP, GLCM and DWT methods combined, producing 228 fea-
tures (Section 3.3.3). Thirdly, the feature maps extracted from GoogLeNet and ResNet-50
(4096 features) are combined with the hybrid features extracted from LBP, GLCM and
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DWT (228 features). Thus, each vector contains 4324 features per image. Fourthly, these
hybrid features are categorised using the ANN and FFNN. Figure 10 describes the basic
architecture of this hybrid CNN model and neural network approach.
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4. Experimental Results
4.1. Dataset Division

In this work, many models of machine learning, deep learning and their hybrid, in
addition to the feature merging approach between deep feature maps and traditional
feature extraction algorithms, were implemented on the same brain tumour dataset. The
dataset contains 3446 images divided into three types of brain tumours (glioma [926 images,
26.87%], meningioma [1052 images, 30.53%], pituitary tumour [975 images, 28.29%] and
no tumour [493 images, 14.31%]). Table 1 shows the splitting of the brain tumour dataset
during the training and validation phases by 80% (80%:20%) and the test phase by 20% for
each class in the dataset.

Table 1. Split of the brain tumour dataset.

Phase (80%)
(20%) for Testing

Classes Training (80%) Validation (20%)

Glioma 593 148 185
Meningioma 674 168 210
No tumour 315 79 99

Pituitary 624 156 195

4.2. Evaluation Metrics

All the different systems in this work were evaluated on a brain tumour dataset using
several statistical measures. The systems include neural network algorithms, CNN models,
hybrid methods and hybrid feature techniques (i.e., GoogLeNet + [LBP, GLCM and DWT]
and ResNet-50 + [LBP, GLCM and DWT]).

The most critical measures used to evaluate the systems’ performance are shown
in Equations (11)–(15). The proposed systems produce confusion matrices (CMs) that
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provide information for calculating the measures. The CM contains all correctly labelled
test samples called true positive (TP) and true negative (TN), and incorrectly labelled
samples called false positive (FP) and false negative (FN).

Accuracy =
TN + TP

TN + TP + FN + FP
× 100%, (11)

Precision =
TP

TP + FP
× 100%, (12)

Sensitivity =
TP

TP + FN
× 100%, (13)

Specificity =
TN

TN + FP
× 100, (14)

AUC =
True Positive Rate
False Positive Rate

=
Sensitivity
Specificity

, (15)

where TP is the MR images that are correctly categorized as brain tumours, TN is the
MR images correctly categorized as the normal brain, FP is the normal brain MR images
categorized as a tumour, and FN is the MR images of brain tumours categorized as normal.

4.3. Results of ANN and FFNN Networks

Neural networks are amongst the most popular artificial intelligence algorithms for
recognising patterns and diagnosing biomedical images. Neural network algorithms rely
on previous image processing stages, such as optimisation, segmentation, morphology and
feature extraction. The more accurate and effective the previous stages of biomedical image
processing, the more efficient the classification will be. This study uses ANN and FFNN
classifiers to diagnose the dataset on the basis of tumour region determination and hybrid
feature extraction. Figure 11 shows the process of training the dataset using the ANN and
FFNN classifiers. From the figure, the input layer has 228 units as input, the hidden layer
has 10 layers, and the number of neurons in the output layer is 4, which represents the
number of classes in the dataset.
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4.3.1. Performance Analysis

The performance of the ANN and FFNN on a brain tumour dataset can be measured
using several tools, and one such measure is cross entropy. Cross entropy measures the
performance of algorithms across many epochs. It has different metrics at each epoch for
evaluating the performance by measuring the error rate between the actual and predicted
values [43]. Figure 12 shows the output of the ANN and FFNN algorithms through
the training stage represented by blue colour, the validation stage represented by green
colour and the test stage represented by red colour. The algorithms achieved their best
performance when the error of the actual and predicted values was at the minimum. The
dashed lines represent the best performance of the algorithms. ANN achieved the best
performance with a value of 0.062691 at epoch 122, whereas FFNN reached a value of
0.030491 at epoch 213 as the best validation.
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4.3.2. Gradient

Gradient values and validation checks are other measures for evaluating the perfor-
mance of the ANN and FFNN classifiers in classifying brain tumour datasets [44]. Figure 13
shows the output of the ANN and FFNN classifiers in analysing the brain tumour dataset
during the training phase. The ANN reached the minimum error when the gradient value
was 0.028304 at epoch 128, whereas the validation was 6 at epoch 128. The FFNN classifier
achieved minimum error when the gradient value was 0.00021934 at epoch 16, whereas the
validation check was 6 during at epoch 16.
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4.3.3. Receiver Operating Characteristic (ROC)

ROC is one of the critical high efficiency measures of the performance of the ANN
classifier, which calculates the TP rates divided by FN rates obtained during the evaluation
of the brain tumour dataset. Its area, also called AUC, is described by Equation (16).
Algorithms reach their best performance when the AUC approaches the left corner. The
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algorithms calculate the AUC by dividing the TP rates (sensitivity) represented in the
y-axis by the FN rate (specificity) represented in the x-axis [45]. Figure 14 describes the
performance of the ANN algorithm during the training, validation, test and whole dataset
stages. Each stage has four colours, where each colour represents one class in the dataset.
The ANN reaches the AUC with an overall value of 98.18% for all stages.
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4.3.4. Error Histogram

Several metrics evaluate the output of the ANN and FFNN classifiers. One of these
metrics is the error histogram, which evaluates the ANN and FFNN algorithms by finding
the minimum error between the actual and predicted values [46]. Figure 15 describes the
error histogram for the ANN and FFNN algorithms for evaluating the brain tumour dataset.
Errors between the actual and predicted outputs through the training, validation and test
stages are shown in blue, green and red, respectively. The orange line indicates that the
error between the actual and predicted values is zero. The ANN reached the minimum
error with 20 bins between −0.8591 and 0.9518, whereas the FFNN algorithm reached the
minimum error with 20 bins between −0.9149 and 0.9509.
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4.3.5. Regression

The performance of the FFNN classifier was also evaluated using regression measures.
The regression scale predicts continuous variables on the basis of other variables. The
target values represented by the x-axis are predicted on the basis of the output values
represented by the y-axis. FFNN reaches its best performance when R is one or close to one.
Figure 16 describes the output of the FFNN algorithm on the brain tumour dataset during
the training, validation, test and entire phases. The FFNN algorithm reached regression
values of 99.93% during the training phase, 98.63% during the validation phase, 98.56%
during the test phase and 99.94% in the entire phase.
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4.3.6. Confusion Matrix

The confusion matrix is the core of rating scales, through which the performance of
a dataset is evaluated. It is the output of grids in a format containing all the numbers
of correctly and incorrectly classified MR images. Correctly classified images are called
TP, which means that all tumours have been correctly classified, and TN, which means
that normal cases have been correctly classified. On the contrary, incorrectly classified
images are called FP, which means that normal cases are classified as neoplastic, and FN,
which means that neoplasms are classified as normal. In this section, the confusion matrix
shown in Figure 17 generated using FFNN and ANN classifiers shows the analysis of the
dataset and its classification into its appropriate class (TP and TN) or its error class (FP and
FN). Classes in the confusion matrix are represented as follows: class 1 as glioma, class 2
as meningioma, class 3 as no tumour and class 4 as pituitary tumour. FFNN achieved
slightly higher results than ANN. Specifically, FFNN achieved an overall accuracy of 97.6%,
whereas ANN achieved an overall accuracy of 97.4%.

Table 2 describes the results of the performance evaluation of the FFNN and ANN
classifiers on the brain tumour dataset for the early detection of tumour type. FFNN
achieved a precision of 97.18%, a sensitivity of 99.16%, a specificity of 97.23% and an AUC
of 98.18%. In comparison, ANN achieved a precision of 97.01%, a sensitivity of 99.18%, a
specificity of 97.07% and an AUC of 98.10%.
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Table 2. Result of ANN and FFNN on the brain tumour dataset.

Measure ANN FFNN

Accuracy % 97.4 97.6
Precision % 97.18 97.01

Sensitivity % 99.16 99.18
Specificity % 97.23 97.07

AUC % 98.18 98.1

4.4. Results of the CNN Models

This section evaluates the brain tumour dataset using the transfer learning technique
with two CNN models: GoogLeNet and ResNet-50. Transfer learning technology is a
method in which models are trained on more than a million images to output more than a
thousand classes. Then, a new dataset is trained to proceed with new tasks on the basis of
the experience gained. In this study, the CNN models’ expertise is transferred to the training
of the brain tumour dataset. CNN models face the problem of overfitting, which requires a
large dataset. Thus, CNN models provide a data augmentation technique to increase the
images artificially through the training phase of the same dataset. Table 3 describes the
dataset before and after using the data augmentation technique. This technique increases
the images using rotation processes in several directions, flipping and other methods as
shown in Figure 18. The method also solves the problem of balancing the dataset and
increases each class by a certain amount until obtaining a balanced dataset. Through the
training phase, the dataset classes are increased 6 times for the glioma images, 5 times for
the meningioma and pituitary images and 11 times for the no tumour pictures.

Table 3. The data augmentation technique to balance the MRI dataset during the training phase.

Phase Training Phase 80%

Class Name Glioma Meningioma Pituitary No tumour

No. images before augmentation 593 674 624 315
No. images after augmentation 3558 3370 3744 3456
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Table 4 describes the set of the GoogLeNet and ResNet-50 parameters with Adam as
the chosen optimiser for both models. The mini batch size, initial learning rate, validation
frequency and dataset training time for each model were set.

Table 4. Tuning parameter options for the GoogLeNet and ResNet-50 models.

Options GoogLeNet ResNet-50

Training_options Adam Adam
Mini_batch_size 18 12

Max_epochs 4 6
Initial_learning_rate 0.0003 0.0001
Validation_frequency 3 5
Training_time (min) 114 min 15 s 84 min 56 s

Execution_environment GPU GPU

GoogLeNet and ResNet-50 achieved superior results in classifying the dataset.
Table 5 summarises the performance of the two models. ResNet-50 slightly outperformed
GoogLeNet. The two models reached superior results, which can help physicians and
radiologists make early an diagnostic decision regarding the appropriate treatment for
patients. In particular, the ResNet-50 model reached an accuracy of 95.2%, a precision of
95.25%, a sensitivity of 95%, a specificity of 98.5% and an AUC of 97.3%. The GoogLeNet
model reached an accuracy of 94.3%, a precision of 95.2%, a sensitivity of 94%, a specificity
of 98% and an AUC of 99.19%.

The performances of ResNet-50 and GoogLeNet on the brain tumour dataset were
evaluated. The confusion matrix during the test phase is shown in Figure 19. The figure
displays the overall and diagnostic accuracies in each dataset class. Glioma was diagnosed
at the rates of 95.1% and 90.8% by GoogLeNet and ResNet-50, respectively. Meningioma
was diagnosed at the rates of 91% and 97.6% by GoogLeNet and ResNet-50, respectively.
Pituitary tumour was diagnosed at the rates of 99% and 97.4% by GoogLeNet and ResNet-
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50, respectively. Lastly, normal MR images were diagnosed at the rates of 90.9% and 93.9%
by GoogLeNet and ResNet-50, respectively.

Table 5. Results of the GoogLeNet and ResNet-50 on the brain tumour dataset.

Measure GoogLeNet ResNet-50

Accuracy % 94.3 95.2
Precision % 95.2 95.25

Sensitivity % 94 95
Specificity % 98 98.5

AUC % 99.19 97.3
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4.5. Results of the Hybrid CNN with SVM Classifier

This section presents the evaluation results of hybrid models between the CNN
models (ResNet-50 and GoogLeNet) and an SVM classifier. This technique consists of
two parts. The first part comprises CNN that extract feature with high accuracy and
send them to the second part. The second part of the technique is an SVM classifier,
which classifies feature maps with high accuracy. Table 6 shows the results of the hybrid
systems GoogLeNet + SVM and ResNet-50 + SVM in classifying the brain tumour dataset
for the early detection of brain tumour types. The ResNet-50 + SVM system outperformed
the GoogLeNet + SVM system. In particular, the ResNet-50 + SVM network reached an
accuracy of 95.5%, a precision of 96%, a sensitivity of 95.25%, a specificity of 98.5% and an
AUC of 99.12%. GoogLeNet + SVM achieved an accuracy of 94.8%, a precision of 94.5%, a
sensitivity of 93.75%, a specificity of 98% and an AUC of 98.52%.

Table 6. Results of the GoogLeNet and ResNet-50 on the brain tumour dataset.

Measure GoogLeNet + SVM ResNet-50 + SVM

Accuracy % 94.8 95.5
Precision % 94.5 96

Sensitivity % 93.75 95.25
Specificity % 98 98.5

AUC % 98.52 99.12
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The results of the GoogLeNet + SVM and ResNet-50 + SVM models on the brain
tumour dataset were evaluated. The confusion matrix during the test phase is shown in
Figure 20. The confusion matrix displays the overall and diagnostic accuracies of each class
in the dataset. Glioma was diagnosed at the rates of 89.2% and 91.4% by GoogLeNet + SVM
and ResNet-50 + SVM, respectively. Meningioma was diagnosed at the rates of 96.7% and
96.2% by GoogLeNet + SVM and ResNet-50 + SVM, respectively. Pituitary tumour was
diagnosed at the rates of 97.9% and 99% by GoogLeNet + SVM and ResNet-50 +SVM,
respectively. Lastly, normal MR images were diagnosed at the rates of 94.9% and 94.9% by
GoogLeNet + SVM and ResNet-50 + SVM, respectively.
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4.6. Results of the Fusion Features of CNN and Handcrafted

This section presents the results of the hybrid technique with the features extracted
using CNN models and the features extracted using LBP, GLCM and DWT. All features
were combined into features vectors and then categorised using ANN and FFNN classifiers.
Amongst the most important reasons behind using this technique is the very efficient
distinction of the tumour type in each MR image.

Table 7 describes the performance of the ANN based on the hybrid features of CNN
and handcrafted features (LBP, GLCM and DWT), which indicate that the algorithm reached
superior results. Firstly, the ANN classifier based on the hybrid features of GoogLeNet and
handcrafted features achieved an accuracy of 99.6%, a precision of 99.52%, a sensitivity
of 99.87%, a specificity of 99.52% and an AUC of 99.7%. The ANN classifier based on the
hybrid features of ResNet-50 and handcrafted features reached an accuracy of 99.8%, a
precision 99.79%, a sensitivity of 99.93%, a specificity of 99.79% and an AUC of 99.89%.
Secondly, the FFNN classifier based on the hybrid features of GoogLeNet and handcrafted
features reached an accuracy of 99.9%, a precision of 99.84%, a sensitivity of 99.95%, a
specificity of 99.85% and an AUC of 99.9%. The FFNN classifier based on the hybrid
features of ResNet-50 and handcrafted features reached an accuracy of 99.7%, a precision
of 99.61%, a sensitivity of 99.89%, a specificity of 99.61% and an AUC of 99.75%.
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Table 7. Results of the performance of ANN and FFNN classifiers based on hybrid features.

Classifiers ANN FFNN

Hybrid Features
GoogLeNet Feature +

(LBP, GLCM and DWT)
ResNet-50 Feature +

(LBP, GLCM and DWT)
GoogLeNet Feature +

(LBP, GLCM and DWT)
ResNet-50 Feature +

(LBP, GLCM and DWT)

Accuracy% 99.6 99.8 99.9 99.7
Precision% 99.52 99.79 99.84 99.61

Sensitivity% 99.87 99.93 99.95 99.89
Specificity% 99.52 99.79 99.85 99.61

AUC% 99.7 99.89 99.9 99.75

Figure 21 describes the performance of the ANN classifier based on features extracted
from the GoogLeNet and ResNet-50 models and handcrafted features (LBP, GLCM and
DWT) to classify the dataset for the early detection of brain tumour type. The confusion
matrices in Figure 21a,b display the overall and diagnostic accuracies for each class in the
dataset, respectively. Glioma was diagnosed at the rates of 99.6% and 99.9% with features
from GoogLeNet + handcrafted features and ResNet-50 + handcrafted features, respectively.
Meningioma was diagnosed at the rates of 99.8% and 99.9% with features from GoogLeNet
+ handcrafted features and ResNet-50 + handcrafted features, respectively. Pituitary tumour
was diagnosed at the rates of 99.8% and 99.8% with features from GoogLeNet + handcrafted
features and ResNet-50 + handcrafted features, respectively. Lastly, normal MR images
were diagnosed at the rates of 99% and 99.4% with features from GoogLeNet + handcrafted
features and ResNet-50 + handcrafted features, respectively.
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Figure 21. ANN performance in evaluating the brain tumour dataset on the basis of features.
(a) GoogLeNet with traditional methods and (b) ResNet-50 with traditional methods.

Figure 22 describes the performance of the FFNN algorithm based on features ex-
tracted from the GoogLeNet and ResNet-50 models and the handcrafted features (LBP,
GLCM and DWT) to classify the dataset for the early detection of brain tumour type.
The confusion matrices in Figure 22a,b display the overall and diagnostic accuracies for
each class in the dataset. Glioma was diagnosed at the rates of 99.8% and 99.9% with
features from GoogLeNet + handcrafted features and ResNet-50 + handcrafted features,
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respectively. Meningioma was diagnosed at the rates of 99.9% and 99.7% with features
from GoogLeNet + handcrafted features and ResNet-50 + handcrafted features, respec-
tively. Pituitary tumour was diagnosed at the rates of 100% and 99.8% with features from
GoogLeNet + handcrafted features and ResNet-50 + handcrafted features, respectively.
Lastly, normal MR images were diagnosed at the rates of 99.6% and 98.8% with features
from GoogLeNet + handcrafted features and ResNet-50 + handcrafted features, respectively.
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5. Discussion and Comparison of the Proposed Methods

This study includes diverse and hybrid artificial intelligence methods. Four types of
methods were developed, and each method contained more than one technology. The first
proposed system consists of two neural network algorithms (ANN and FFNN). The second
one comprises GoogLeNet and ResNet-50. The third one includes the hybrid technology of
CNN and SVM. The fourth one constitutes the hybrid features of CNN and handcrafted
features (LBP, GLCM and DWT).

In the first system, the dataset was classified on the basis of features extracted using a
hybrid method with LBP, GLCM and DWT algorithms, which produced 228 features. The
features were diagnosed using ANN and FFNN. ANN achieved an overall accuracy of
97.4%, whereas FFNN achieves an accuracy of 97.6%. In the second system, the dataset
was classified using two pretrained models, GoogLeNet and ResNet-50, through effective
deep feature map extraction and classification with high accuracy. GoogLeNet achieved an
accuracy of 94.3%, whereas ResNet-50 achieved an accuracy of 95.2%. The third proposed
system is a hybrid technology with CNN for feature map extraction and SVM for classi-
fication. GoogLeNet + SVM achieved an accuracy of 94.8%, whereas ResNet-50 + SVM
achieved an accuracy of 95.5%. The fourth proposed system is a hybrid method for ex-
tracting features with CNN models (GoogLeNet and ResNet-50) and LBP, GLCM and
DWT algorithms and classifying them using ANN and FFNN algorithms. The ANN
based on GoogLeNet features with LBP, GLCM and DWT features achieved an accuracy of
99.6%, whereas the ANN based on ResNet-50 features with LBP, GLCM and DWT features
achieved an accuracy of 99.8%. The FFNN based on GoogLeNet features with LBP, GLCM
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and DWT features achieved an accuracy of 99.9%, whereas the FFNN based on ResNet-50
features with LBP, GLCM and DWT features achieved an accuracy of 99.7%.

Table 8 summarises the evaluation results of all the proposed systems, which achieved
superior results in diagnosing the dataset for the early detection of brain tumour type to
administer appropriate treatment.

Table 8. Accuracy reached using all proposed systems in the diagnosis of each disease.

Diseases Glioma Meningioma No Tumour Pituitary
Tumour

Neural
networks

ANN 98.2 99 91.3 98.3
FFNN 99.7 99.4 98.6 93.2

Deep
learning

GoogLeNet 95.1 91 90.9 99
ResNet-50 90.8 97.6 93.9 97.4

Hybrid GoogLeNet + SVM 89.2 96.7 94.9 97.9
Res-Net-18 + SVM 91.4 96.2 94.9 99

H
yb

ri
d

Fe
at

ur
es

A
N

N GoogLeNet and
handcrafted features 99.6 99.8 99 99.8

ResNet-50 and handcrafted features 99.9 99.9 99.4 99.8

FF
N

N GoogLeNet and
handcrafted features 99.8 99.9 99.6 100

ResNet-50 and handcrafted features 99.9 99.7 98.8 99.8

In the first proposed neural network system, ANN achieved accuracies of 98.2%, 99%,
91.3% and 98.3% for diagnosing glioma, meningioma, no tumour and pituitary tumour,
respectively. FFNN achieved accuracies of 99.7%, 99.4%, 98.6% and 93.2% for diagnosing
glioma, meningioma, no tumour and pituitary tumour, respectively. In the second proposed
system, GoogLeNet reached accuracies of 95.1%, 91%, 90.9% and 99% for diagnosing glioma,
meningioma, no tumour and pituitary tumour, respectively. ResNet-50 reached accuracies
of 90.8%, 97.6%, 93.9% and 97.4% for diagnosing glioma, meningioma, no tumour and
pituitary tumour, respectively. The third proposed system (hybrid technique) also achieved
superior results. The GoogLeNet + SVM network achieved accuracies of 89.2%, 96.7%,
94.9% and 97.9% for diagnosing glioma, meningioma, no tumour and pituitary tumour,
respectively. ResNet-50 + SVM reached accuracies of 91.4%, 96.2%, 94.9% and 99% for
diagnosing glioma, meningioma, no tumour and pituitary tumour, respectively. The
fourth proposed system achieves the best performance amongst the proposed systems.
It reached accuracies close to 100% for diagnosing glioma, meningioma, no tumour and
pituitary tumour.

From the figure, the performance of all systems for diagnosing brain tumours ranges
between 89.2% and 100%. In particular, the ANN and FFNN based on the hybrid of CNN
and handcrafted features were superior to the other proposed systems and reached accura-
cies close to 100% for diagnosing glioma, meningioma, pituitary tumour and normal class.

Bansal et al. presented a method to segment MR images using a marker-controlled
watershed algorithm. Features were extracted and categorised using hybrid classifiers with
promising results [47]. Hannan et al. presented a method for early detection by distinguish-
ing features through hierarchical deep learning. The hierarchical deep learning-based brain
tumour method divided brain tumours into four types and categorised them with 92.3%
accuracy [48]. Muhannad et al. proposed an improved CNN approach to classifying brain
tumours by layering CNN from scratch to assess their performance. Weights were reset in
the CNN-pretrained. The improved models yielded 95.75% accuracy [49]. Momina et al.
proposed a CNN model based on mask region-CNN with the structure of a pretrained
DenseNet-41 to diagnose brain tumours. Experiments demonstrated the ability of the
mask region-CNN to segment tumours with 96.3% accuracy and classify them with 98.34%
accuracy [50]. Khairandish et al. proposed two models: a rough ELM (RELM) and a hybrid
model. The RELM reached 94.23% accuracy, whereas the hybrid method yielded 98.49%
accuracy [51].
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Thus, it is noted that the performance of our systems is superior to the previous
relevant systems.

6. Conclusions

In this work, many proposed and multitechnical methods are developed to diagnose a
dataset for the early detection of brain tumour type to administer appropriate treatment.
The work is divided into four proposed systems, each with more than one technology.
Firstly, neural network algorithms classify the dataset by extracting the tumour area,
isolating it from the rest of the image and utilising the advantages of three algorithms
(LBP, GLCM and DWT). Secondly, the dataset is evaluated on two pretrained models,
ResNet-50 and GoogLeNet, to extract and classify deep feature maps with high efficiency.
Thirdly, a hybrid technique of CNN models is used to extract deep features, which are
then classified using the SVM algorithm. Fourthly, a feature extraction technique using
two models, ResNet-50 and GoogLeNet, combined with the features from LBP, GLCM
and DWT algorithms was used. With the hybrid features of GoogLeNet and handcrafted
features, FFNN achieved an accuracy of 99.9%, a precision of 99.84%, a sensitivity of 99.95%,
a specificity of 99.85% and an AUC of 99.9%.

The limitation of this study is the lack of a sufficient dataset to train the models, which
is overcome by artificially increasing the data. Future work will generalise the features
extracted using the hybrid method to classify them via machine learning algorithms, in
addition to evaluating the dataset on CNN models built from scratch and comparing their
performance with the pretrained CNN models.
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