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Abstract- Radiologists examine various Magnetic Resonant Image (MRI) sequences produced using a
multimodal imaging approach when treating a brain tumor. Research in neuro-oncology has recently
concentrated on cutting-edge MRI methods that attempt to link histological characteristics to radiological
phenotypes like cellularity or vascularity. The fundamental imaging procedure used in clinical practice today
consists of T1-weighted sequences, which show anatomy, and T2-weighted sequences, which show oedema
and can evaluate cellularity. Radiologists continue to attempt to diagnose a suspected glioma and a brain
lesion on an MRI using the histological subtype. However, a significant problem with this diagnostic is that it is
quite subjective. They only base the determination on qualitative, subjective characteristics such "low-to-
moderate oedema could be reflecting the features of tumour," as accurate, quantitative thresholds have not
yet been established. The diagnostic accuracy for finding the tumor is still a challenge; it is now moderate to
low. A few years ago, Al made its way into neuro-oncology. Al algorithms can be utilized to segment and
identify the subtypes of tumors in MR images in addition to detecting their presence. The goal of this study is
to identify brain tumors using the Convolutional Neural Network (CNN) variation DenseNet. Under various
architectural patterns, the performance of the pre-trained DenseNet and ResNet models were compared.
Keyword: glioma, Magnetic Resonant Image, Convolutional Neural Network, DenseNet, ResNet, brain tumor.

Introduction

The tumor is an uncontrolled proliferation of
undesirable tissue that has formed a fibrous mesh
inside of our brain. Radiologists frequently employ
magnetic resonance imaging (MRI) to examine
brain malignancies. Nowadays, manually
examining the enormous volume of MRI (magnetic
resonance imaging) images and identifying a brain

tumor is an extremely time-consuming and

imprecise task. It might have an impact on the
patient's appropriate medical care. Again, because
there are so many image datasets involved, it can
take a very long time. The appearance of brain
tumor cells and normal tissue is quite similar,
making it challenging to identify a tumor. A very
accurate automatic tumor detection system is
therefore necessary. By utilizing deep learning
techniques [3, 4], the experiments conducted in

267



Journal of Harbin Engineering University
ISSN: 1006-7043

this paper determines if the brain is healthy or
diseased. In this study, a pre-trained convolutional
neural network method for detecting brain tumors
using 2D MRIs of the brain was developed. This
method might be followed by segmentation and
classification models for tumor localization and
subtype categorization. To properly train the
model, this study uses a variety of MR images with
variable tumor sizes, locations, forms, and image
intensities. The performance of the pre-trained
model is also assessed by contrasting it with
models having residual connections.

A recently proposed CNN architecture called
DenseNet [1, 2] has an intriguing connectivity
pattern where each layer is connected to every
other layer inside a dense block. All layers in this
scenario have access to the feature maps from the
layers that came before them, which promotes
extensive feature reuse. Because of this, the
model is smaller and less prone to overfitting. In
addition, the shortcut paths give the loss function
direct supervision over each individual layer,
resulting in implicit deep supervision. DenseNet is
a perfect fit for per-pixel prediction analysis with
all these favorable characteristics. Performance is
improved when dense blocks are used in place of
convolutions in the architecture. When traditional
CNNs delve deeper, issues start to appear. This is
because the distance between the input and
output layers gets so great that information can
vanishes before it gets there. The interaction
pattern between layers proposed in conventional
architecture is made simpler by DenseNets. A huge
dataset of Tl-weighted contrast-enhanced MRI
images that have undergone preprocessing is used
to train the DenseNet models. The DenseNet
model's internal architecture is modified in terms
of the number of classification layers, the way the
layers are arranged next to one another, the
hyperparameters, and the values are optimized to
fine-tune the model’s performance and improve
its accuracy. The number of MRI slices is increased
using a data augmentation approach in this study,
and the overfitting problem is resolved by adding
dropout layers to the models.

Related Work
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MRI is the most popular because it offers
radiation-free, higher resolution images.
Radiologists can diagnose brain disorders using
medical imaging data obtained through the non-
invasive MRI method [8], [9]. The Computer-Aided
Diagnosis (CAD) approach, on the other hand, was
created to find brain cancers in their early stages
without the need for human participation. Based
on MRI pictures, CAD systems can generate
diagnostic reports and give the radiologist advice
[10].

Applications of machine learning (ML) and deep
learning (DL) in the field of medical imaging have
significantly enhanced the CAD process [11 - 13].
These methods improve the CAD system's ability
to accurately detect brain cancers. The principles
of extraction of features, selection of features, and
classification form the foundation of machine
learning techniques. The tumor region of the
human skull is segmented using a variety of
feature  extraction techniques, such as
thresholding-based, clustering-based, contour-
based, and texture-based [14]. These methods
extract features from MRI images, choosing just
the most significant features through a feature
selection process. High accuracy can be attained
by extracting features with considerable
discriminatory information [15]. However, it is
easy to delete essential details from the original
image via features extraction [16].

However, DL techniques deal with this problem by
taking the original image as input [17]. They don't
need handcrafted traits, in other words, to be
classified. Convolutional Neural Network (CNN) is
one of the DL models that offer a variety of
convolution layers [18] that are capable of
extracting features from the images [19]. When
given a large dataset, which is sometimes difficult
to come by in the field of medical imaging, CNN
fared well [20]. The use of transfer learning is one
strategy to handle this problem. A model that has
previously been trained using a sizable dataset
relevant to a different domain is utilized for
classification in transfer learning [21, 22]. Such
information aids the model in producing accurate
results on a modest dataset [23].

CNN offers a segmentation-free approach that
does away with the necessity for manually created
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feature extractor methods. Numerous academics
have suggested various CNN architectures as a
result. A significant amount of picture data,
including multiclass brain tumor detection, was
reported by the majority of CNN models. The work
proposed in [24] used a CNN model with 16 layers
[24]. On two datasets that are openly available,
the CNN model was tested. The tumor area was
extracted from the MRI images using the Fuzzy C-
Means clustering technique proposed in [25]. They
contrasted it with six existing machine learning
models and presented a new CNN-based
approach. The reported prediction accuracy of
97.9% performs better than previous models.

For a huge image collection, CNN seems to be
performing well. However, it also has the following
two major drawbacks:

. For training, the CNN model needed a
sizable amount of images, which is frequently
challenging in the medical imaging area.

. Convolutional Neural Networks (CNN) can
classify images that are very similar to the dataset
very effectively. CNNs, on the other hand, have
trouble classifying images that are slightly rotated
or tilted. As new image variants were added during
training in this study through data augmentation,
this issue was addressed.

Brain MR
images
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This method uses a pre-trained model with
modified weights for classification tasks. Another
advantage is that since only the fully linked layers
of the model need to be trained, it does not
necessitate a significant amount of computer
resources. Different transfer learning models have
been employed to diagnose brain cancers because
of these benefits. For instance, Talo et al.
identified normal and abnormal brain MRI images
using a pre-trained ResNet34 model. To achieve
high prediction accuracy, a significant amount of
data augmentation is also conducted [26].

Methodology

The overall process flow adopted in this research
for detecting the presence of cancer in the MR
images is presented in Fig. 1. Initially MR images
are preprocessed to remove the unwanted noise
and enhance the quality of the images. Wiener
filter minimizes the overall mean square error by
the process of inverse filtering and noise
smoothing. Later the denoised image contrast is
improved using histogram equalization. The
contrast enhanced MRI images are then fed to a
trained binary classifier for detecting the presence

of tumor.

Hyperparam
-eter tuning

. Model
Training
Trained
Model

Normal or
Cancerous

Fig. 1 Block Diagram of Brain Tumor Detection using Pre-trained Model

The MR image samples were extracted from three
different sources; figshare , SARTAJ dataset, Br35H
The dataset contains 9523 images of human brain
MRI images belonging to any one of the following
classes: glioma, meningioma, no
tumor, and pituitary. No tumor class images were
taken from the Br35H dataset. For training the

binary classifier no tumor images are labeled as ‘0’
and other categories are labeled as ‘1’ with a train
test split ratio was 80:20.
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Fig. 2 Sample Images a) & b) Normal c) & d) Tumorous images

The Wiener filter is an optimal linear filter which
seeks the linear time-invariant filter. Its output
comes as close as possible to the original signal. In
other words, the goal is to minimize the mean
square error (MSE) between the expected noise-
free signal and the actual output signal. The
Wiener filter assumes that the input is the sum of
valuable signals and noise. Both of which are
generalized stationary processes. Their second-
order statistical characteristics are known and

hence it is not adaptive and always implemented

Low contrast image

Contrast stretching

in the frequency domain. The weiner filter treats
images and noises as a random processes and the
aim is to estimate f' of the raw image in a way that
the MSE is minimized which can be solved as
optimization problem. Denoised image and the
respective raw image was shown in Fig. 2. It is
mathematically expressed as follows;
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Fig. 3 Contrast enhancement using Histogram Equalization

A crucial pre-processing step for effective

computer aided diagnosis of MR images is contrast
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enhancement. The main goal of image

enhancement is to improve the quality of the
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source image or, more specifically, to draw
attention to a specific features of the image. A pre-
processing method for enhancing low contrast
photos is histogram equalization. To create a
flattened histogram with a high contrast image, it
increases the dynamic range of pixel values and
equalizes all pixels [7].The probability distribution
of the image's gray level values is the foundation
of the theory supporting histogram equalization
[8].The pixels of an image | are represented as a
discrete function with a range of 0 to L—1. For an
8-bit image, L has a value of 256. The probability of
appearance of gray scale 1y is

s=TH)=(L-1) J-T‘Pr(w)dw
0

By differentiating Eq. 3 with respect to r
ds

d
E ZET(T)

d ’
= E(L - l)f0 Pr(w)dw

Vol 44 No. 9
September 2023

n
Pr(n) = f k=012.....,L—1 FEa2

where ryrepresents the k™" gray level, n, represents
the count of pixels with r, as gray level, and n is
total number of pixels in the image.

The objective of the histogram equalization is to
obtain a uniform distribution of the gray levels in
the image. Ps(s) is a pdf of the image after
equalization has been done. An equalized
histogram, or Ps(s), has a constant distribution
across all conceivable values. The following
transfer function changes Pr(r) into Ps(s).

Eqg.3

Eq. 4

Relation between the probability distribution of raw and contrast enhanced image can be expressed as;

= (L—-1DPr(r)
d
Ps(s) = Pr(r) d—i‘
1
A )
== m,ﬂ = L - 1

Therefore, Ps(s) is a normalized distribution, and

the transfer function given in Eq.3 can be used to
equalize the histogram. The result of histogram
equalization is shown in Fig. 3.

DenseNet Architecture

In DenseNet architecture every layer is connected
with other directly which ensure maximum flow of
information across layers. This helps to solve the
problem of vanishing gradient in dense layered
models. DenseNets utilize the capability of the
network through feature reuse rather than
obtaining representational power through very
deep or broad architectures. As there is no
requirement to learn redundant feature maps
through this sort of connection, DenseNets require

Eq.5

a smaller number of parameters than a
comparable traditional CNN. Additionally, several
ResNets variations have shown that many layers
can be deleted because they are seldom
contributing. ResNets actually have a large number
of parameters because each layer has weights that
must be learned. Instead, DenseNets layers only
add a tiny number of new feature-maps and are
extremely constrained. Due to the previously
noted information flow and gradients, very deep
networks also had difficulty being trained. As every
single layer has immediate exposure to the
gradients from the error function and the input
image, DenseNets are able to resolve this problem.
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Fig. 4 Schematic view of connection pattern in DenseNet [5]

Following the application of a composite of
operations, conventional feed-forward neural
networks transfer the output of the layer to the
following layer. Typically, this composite operation
x = Hy(x-1) Eq. 6

Expanding this behavior by including the skip
connection, ResNets reformulated this operation
as follows;

= H(x-1) + x4 Eq.7

DenseNets concatenate rather than sum the
layer's output feature maps and incoming feature
maps. As a result, the equation changes once again
to;

x; = Hj(xg, X1, ome , X1—1) Eg. 8
DenseNets are divided into DenseBlocks, where
the number of filters varies from block to block but

consists of an activation function, a batch
normalization, and a convolution operation or
pooling layers. This operation can be
mathematically expressed as;

the dimensions of the feature maps remains
constant inside each block. Transition Layers are
the layers in between them that handle the
downsampling by performing batch normalization,
1x1 convolution, and 2x2 pooling layers. Every
layer of the feature maps' concatenation results in
an increase in the channel dimension. If the H_I
layer consistently generates k feature maps, it is
possible to generalize this to the [ — th layer as

follows;
k) = kg+k=(1—-1) Eq. 9

Every layer has access to the collective knowledge and its previous feature maps. Then, as concrete k feature
maps of information, each layer is adding fresh information to this body of knowledge. A very basic diagram
of the DenseNet-121's architecture, which was used in this work, is shown in Fig. 5.
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Fig. 5 Schematic view of Dense and Transition Blocks in a DenseNet-121 architecture [6]

With 128 filters, Transition Block functions as a 1x1
convolution. Following a 2x2 pooling with a stride
of 2, the volume's size and the number of feature
maps are divided in half.

Experiments And Results

A random search was utilized in this study's studies
to determine the values of batch size and learning
rate. The parameter values were then chosen as
candidates from the results of the random search.
The
candidates is determined by evaluating each of

ideal range of values from the chosen
these values from the chosen candidates. The
hyperparameter batch size and learning rate that
will be employed during the model's training will
presumably be determined based on the results of
the random search. The datasets are trained with a
growth rate of 12 utilizing the bottleneck layers
and compression of the DenseNet model. The
range of learning rates ranges from 0.001 to 0.1,
while the range of batch sizes is from 16 to 128.
The tests employ momentum of 0.9 and weight
decay of 0.0001 and the model was trained for 50
epochs.

A reliable deep learning technique called transfer
learning uses model parameters that were
previously trained on a bigger collection of data.
Additionally, pre-trained weights are used for
transfer learning in order to learn more quickly
and improve our model's accuracy. Only the fully
connected layers are trained during the transfer
learning process, with the CNN layers being frozen.
As a result of the need to cope with brain MRI

images, CNN layers were trained to improve model

performance. The weights were adjusted from the
features of the pre-trained dataset to the specific
features of the brain MRI
rectified linear unit (ReLU) activation layer, batch

image dataset. A

normalization (BN), and convolution (convs) are all
components of the dense block found in the
DenseNet design. The final dense block is followed
by a global average pooling layer, which is then fed
Given that DenseNet
contains L layers, there will be direct connections
to L(L + 1)/2 levels.

A method for standardizing network inputs called

into a Softmax classifier.

batch normalization was used with either the
activations of a preceding layer or the inputs itself.
DenseNet splits into Dense blocks with the same
but different Batch
normalization is applied via Transition Layer using

size sets of filters.

downsampling. Finding the average for each
segment of the feature map is part of average
pooling. As a result, the average value of each
square on the function map is down-sampled. In
order to fine-tune the weights, the Cross Entropy
loss function and an Adamax optimizer was used in
the experiments. The Adam version of gradient
which

generalizes the method to the infinite norm (max)

descent is expanded with AdaMax,

and produces a more successful optimization.

Discussions

After training the model was able to classify the
images it had not previously noticed. It perfectly
differentiated between images with brain tumors
and those with normal conditions. The trained
model is capable of classifying the test images
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since it is trained to provide the least amount of
validation loss. The denoising step included in the
pre-processing phase helped the model to achieve
better results. The result of the denoising using
weiner filter is shown in Fig. 6. Recall, F1-score,
accuracy, and precision are used to assess the
model. Each statistic for our proposed model's two

Vol 44 No. 9
September 2023

classes—brain tumor and normal-healthy—is
identified. The model's performance was also
contrasted with other optimization algorithms.
Additionally, it is evaluated by comparison with
other CNN architecture including ResNet and

Inception.

Fig. 6 Result after Denoising using weiner filter a. Raw image and b) Denoised image

The sample images that a model was trained on
determine its training accuracy. Fig. 7 presents the
performance of the models for each epoch. Here,
the accuracy for each epoch was tabulated, and a
final plot was then created. As a result, the Plot
informs us that the model's accuracy rises
together with the number of epochs. DenseNet
model achieves the highest training accuracy
(91.94%), which is superior to ResNet-50 and
Inception V3 model accuracy levels of 86.3% and

76.2%, respectively. Inception model v3's

/w‘fmf

f |

—— train_acc
— val_acc

validation accuracy and training accuracy diverge
significantly, and it may therefore be claimed that
the model is overfitting regardless of the use of
dropout, batch normalization, or regularization
techniques.
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Fig. 7 Training and Validation performance of CNN Architectures

Training loss here reflects how effectively the
model is actually learning for each iteration and
which attributes to incorporate so that for the
following iteration model will make less mistakes
and can differentiate the brain tumor and normal

cases in a more accurate manner. Less loss value
indicates that the DenseNet model is very accurate
and that there are less mistakes made while
classifying cases of brain tumors and normal cases.
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Table. 1 Performance Comparison of DenseNet model
Model Accuracy Precision Recall F1 Score AUC RoC
DenseNet 0.91 0.85 0.98 0.91 0.92
Inception 0.76 0.74 0.82 0.78 0.71
V3
ResNet 0.86 0.81 0.91 0.85 0.81

ResNet's representational capacity is constrained
by the identity shortcut that stabilizes training, but
DenseNet has a greater capacity due to multi-layer

significantly better than ResNet. The robustness of
the DenseNet design is further assessed using
various optimization algorithms and the results are

feature concatenation. Table 1's findings tabulated in Table 2

demonstrate that our proposed model performs

Table. 2 Performance Comparison of DenseNet model with various optimization algorithm

Model Accuracy Precision Recall F1 Score AUC RoC
ADAMAX 0.91 0.85 0.98 0.89 0.92
ADAM 0.88 0.85 0.92 0.86 0.88
SGD 0.85 0.84 0.81 0.83 0.86

The main advantage of AdaMax over SGD is that it
is far less sensitive to the choice of hyper-
parameters. The second momentum component
of the ADAM estimate method is used by AdaMax.
This provides a more reliable answer to the weight
optimization issue. By updating parameters with
just one record, Stochastic Gradient Decent (SGD)
found a solution to the Gradient Descent problem.
SGD takes a while to converge, though, because

Conclusion

Convolutional neural networks (CNNs) and the
DenseNet architecture have been presented as a
method for diagnosing brain tumors using MR
images. There is a need to evaluate publications
linked to the use of deep learning based diagnosis
in a logical and efficient way given the ongoing
growth of brain diseases and their respective
research. Researchers and educators will benefit
from this study's quantitative analysis of the

each record necessitates both forward and
backward propagation. Adam experiences a
weight decay problem and does not always
converge to the best option. Thus it could be seen
in the results that the model trained with ADAMAX
optimizer vyielded better results in terms of
accuracy, precision, and other metrics.

relevant literature. To automatically choose the
optimal optimizer, a comparative study has been
offered. Among the optimizers Adamax, Adam,
and SGD, Adamax performs better than the others.
The results of our studies demonstrated that the
random search method was used to choose the
learning rate and batch size. According to our
tests, 64 is the ideal batch size to obtain enough
training time for the DenseNet model, while 0.01 is
the ideal learning rate. This range of values is the
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most effective one to employ for training to get an

average accuracy of about 91%.
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