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Abstract

Objective: Brain tumors are abnormal growths of brain cells that are typically diagnosed via magnetic resonance imaging
(MRI), which helps to discriminate between malignant and benign tumors. Using MRI image analysis, tumor sites have been
identified and classified into four distinct tumor categories: meningioma, glioma, not tumor, and pituitary. If a brain tumor is
not detected in its early stages, it could progress to a severe level or cause death. Therefore, to address these issues, the
proposed approach uses an efficient classifier based on deep learning for brain tumor detection.

Methods: This article describes the classification and detection of brain tumor by an efficient two-channel convolutional
neural network. The input image is initially rotated during the augmentation stage. Morphological operations, thresholding,
and region filling are then used in the pre-processing stage. The output is then segmented using the Berkeley Wavelet
Transform. A two-channel convolutional neural network is used to extract features from segmented objects. In the end,
the most effective deep neural network is employed to determine the features of brain tumors. The classifier will utilize
the Enhanced Serval Optimization Algorithm to determine the optimal gain parameters. MATLAB serves as the platform
of choice for implementing the suggested model.

Results: Several performance metrics are calculated to assess the proposed brain tumor detection method, such as accuracy,
F measures, kappa, precision, sensitivity, and specificity. The proposed model has a 98.8% detection accuracy for brain
tumors.

Conclusion: The evaluation shows that the suggested strategy has produced the best results.
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Introduction
Brain regulates the whole human body’s functions and
serves as the central nervous system’s controller.1 Brain
tumors are defined as uncontrollably growing and deform-
ing brain tissue.2 Human life is directly at stake from
brain tumors. If the tumor is found early, the patient’s like-
lihood of survival is higher. Brain tumors represent a major
threat to a patient’s life and are a prevalent form of cancer
that affects many people globally.3 Signs and symptoms of

brain tumors vary depending on their shape, size, and loca-
tion. Headaches, nausea, speech changes, vision problems,
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numbness in extremities, seizures, memory loss, mood
changes, behavioral changes, balance problems, and diffi-
culty walking are symptoms. The exact cause of brain
tumors is still being investigated.4

Brain tumors are classified into two categories: primary
brain tumors and metastatic brain tumors. A brain tumor
that first appears there and is known as a primary brain
tumor because it often remains there until it spreads.5

Furthermore, Benign brain tumors can be distinguished
from, meaning they are not cancerous, or malignant,
meaning they include cancerous cells and present a
greater risk to life. Accurate identification and categoriza-
tion of these complicated conditions are essential for pro-
viding effective treatment for brain tumors.6

In the last few decades, practitioners have started utiliz-
ing cutting-edge methods to find tumors that bring patients
greater agony.7 Doctors utilize MRI or CT scanning to
detect tumors. A magnetic particle and weak radio wave
are used in MRI to produce precise images of the brain’s
inside. Because MRI can detect even the slightest abnor-
malities in the brain, neurosurgeons favor it.8

Furthermore, it is among the most useful methods currently
in use for identifying advanced-stage brain cancers.9

Conversely, brain cancers can be identified early and
without the need for human intervention according to the
Computer-Aided Diagnosis technique. CAD systems have
the ability to provide diagnostic reports and offer radiolo-
gists guidance based on MRI images. In medical imaging,
CAD method was enhanced by machine and deep learning
techniques.10

Type and presence of brain tumors are determined by
Machine learning techniques; however, since machine
learning models are predictive, additional human interven-
tion is required. However, using neural networks, deep
learning models are able to learn and analyze their own fea-
tures..11 Their ultimate goal is to integrate the entire search
process is done on a single machine. Based on DL’s perfor-
mances, we aim to investigate the possibility of creating a
technique that will aid in brain tumor identification and
categorization.12Deep learning is an extremely useful tech-
nique for resolving image processing issues in medicine,
such as brain tumor identification, tibial cartilage segmenta-
tion, and lung cancer diagnosis.13 In medical imaging, CNN
is the most widely used deep learning tool. CNN model
achieves high performance capabilities and can extract
structured and representative information from medical
images.14 After analyzing the optimizers, we will choose
the best one to get the best outcome and utilize it to con-
struct our ultimate sequential model.15

Recent developments in computational methods and
medical imaging have greatly aided in the early identification
and diagnosis of brain cancers. To improve tumor segmenta-
tion and classification using medical imaging data, a variety of
computational techniques have been used. An overview of
some popular models and methods in this field is given in

this section. These include Hybrid Approaches (Feature
Fusion and Ensemble Methods), Deep Learning Approaches
(CNN, U-Net, and Fully Convolutional Networks (FCNs)),
and Machine Learning Approaches (Support Vector
Machines (SVM), Random Forests, and K-Nearest
Neighbors (KNN)). In summary, the use of these computa-
tional techniques in brain tumor analysis can greatly
improve both treatment planning and diagnostic capacities.

Detection and classification of brain tumors require these
details. Numerous investigations have examined the eti-
ology of brain tumors, however, the findings have not
proven definitive. Numerous neural network techniques
have been employed in less accurate tumor categorization
and detection. The segmentation and detection algorithms
employed determine the accuracy of the detection. As of
right now, the accuracy and image quality of the existing
method are less. Because deep learning networks can effect-
ively recognize patterns suggestive of diseases and process
enormous volumes of complicated data,16 including
medical pictures, efficiently, they have become increasingly
popular in the field of medical diagnosis. Many deep
learning-based models have been investigated recently17

for the purpose of detecting brain tumors. Because of its
remarkable performance and adaptability, the
Convolutional Neural Network (CNN) architecture has
been the most widely used of these models.18,19 The
CNN model uses a number of training layers to carry out
feature extraction and classification; these layers can be
adjusted based on the final performance. To address this
issue of detect and categorize brain tumors, we are using
an Effective Two Channel Convolutional Neural Network.

An overview of the primary findings of the research is
provided below:

• ODNN classifier presented in this work is intended to
identify brain tumors. The open-source system is
where the database is gathered. There will be five
stages in the suggested process.

• In the Augmentation approach, rotation has been used. To
preprocess the augmented output images, employ thresh-
olding, morphological operation, and region filling.

• The preprocessed output images are segmented to
extract the brain tumor section using Berkeley’s
Wavelet Transformation (BWT). A two-channel CNN
is used to extract features.

• Finally, tumor portion will be identified using the
ODNN classifier and Enhanced Several Optimization
Algorithm will be developed for selecting optimal gain
parameters.

Literature review
This section discusses the major studies for diagnosing
various brain tumors and includes a few pertinent survey
papers.
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Kameswara Rao Pedada et al. proposed an improved
U-Net model based on the rest of the network using time
convolutions in the U-Net’s initial encoder section and sub-
pixel convolutions in the decoder component.20 The advan-
tage of subpixel convolution over classical resized
convolution was the wide parameter set that avoids decon-
volution aliasing and allows further modeling at a compar-
able cost. In the Brain Tumour Segmentation (BraTS)
Challenge in 2017 and 2018, the suggested U-Net model
was tested. It had a 93.40% and 92.20% segmentation
accuracy, respectively. Three categories were also used to
classify the tumor sub regions: enhancing core (EC), total
tumor (WT), and tumor core (TC). According to test data,
the proposed U-Net operates better than the existing
method.

It was reported by Shubhangi Solanki et al.21 that the dif-
ferences in tumor site, structure, and proportions made
brain tumor diagnosis extremely difficult. This research’s
primary goal was to enable researchers to better understand
data regarding magnetic resonance imaging (MRI) detec-
tion of brain tumors. This scholarly work suggested mul-
tiple methods for brain cancer and tumor detection using
statistical image processing and computational intelligence.
This study also presents an assessment matrix for a given
system using specific systems and dataset kinds. This
study also included explanations regarding brain tumor ana-
tomical features, easily accessible data sets, augmentation
methods, component extraction, and classification of trans-
fer learning, machine, and deep learning models. In the end,
their research gathers all the information needed to identify
and comprehend tumors, including their advantages, disad-
vantages, developments, and future trends.

A technique to identify cancers in brain MRI images was
suggested by NishthaTomar et al.22 Previous research on
tumor detection had limitations that had opened the door
to more research. To overcome these limitations, a
method for detecting tumors based on visual attention
was suggested. Since brain tumors vary widely in intensity,
ranging in intensity from that of a skull to that of interior
substance, a novel entropy-based thresholding technique
was used, however it proved challenging to threshold.
Ultimately, a framework based on super pixels was sug-
gested and employed to accurately depict the actual struc-
ture of the cancer. Ultimately, a framework based on
superpixels was suggested and employed to accurately
depict the actual structure of the cancer. Lastly, an experi-
mental demonstration was made of the suggested approach
(Table 1).

Muhammad ZaferKhaliki & MuhammetSinan
Başarslan23 provided an example of how to classify brain
malignancies utilizing brain MRI scans, including
gliomas, meningiomas, and pituitary tumors. CNN-based
inception-V3, CNN-based EfficientNetB4, and
CNN-based VGG19 transfer learning approaches were
applied for classification. These models were evaluated

using imprinting, recall, accuracy, and F-score. Following
statistics were reported for the transfer learning model
(VGG16), which yielded the highest accuracy result: 98%
for recall, 98% for precision, 97% for F-score, and 99%
for Area Under the Curve (AUC). CNN architecture and
CNN-based transfer learning models have made it possible
to diagnose and cure some illnesses in humans earlier and
more quickly.

Xu et al.24 had been proposed a novel technique for seg-
menting and diagnosing brain tumors for MRI images by
combining active contouring with a texture-based decision
measure. Initially, active contouring method was utilized in
their suggested novel scheme to automatically identify one
or more suspected regions (image segments). After that, in
order to ascertain whether any of these suspected image
segments genuinely included a tumor, they were assessed
once more using their recently developed novel texture-
based decision-making criterion. The effectiveness of
their proposed new scheme was also tested using the
widely used brain-tumor MRI dataset. The results showed
that their new method produced area-under-curve (AUC)
and average correct segmentation area ratios of 0.9244
and 0.8019, respectively, which were significantly better
than the current deep-learning and active-contour-based
brain-tumor detection methods.

In order to diagnose brain tumors, Santoso et al.25 devel-
oped a novel voting method for convolutional neural net-
works (CNNs) based on MRI images. Three network
pathways, each using a different kernel size for the convo-
lution operation, made up the proposed CNN architecture.
Voting was required for the final detection since varying
the MRI image input shapes on the suggested CNN might
have produced various detection results. According to the
suggested voting method, an MRI image of a brain tumor
would only be displayed as the final detection result if
one suggested CNN model with a particular input shape
could recognize the tumor. To evaluate the effectiveness
of the system, they used brain MRI image datasets for
cancer detection, which were split into training, testing 1
(small size), and testing 2 (large size). The test results of
the dataset show that the suggested method achieves the
maximum accuracy of 99.24% for testing 1 and 99.92%
for testing 2. Based on the findings, their suggested
approach outperformed VGG16, VGG19, ResNet50,
MobileNetV2, InceptionV3, and Xception (Table 1).

Takowa Rahman et al.26 introduced a unique topology
for parallel deep convolutional neural networks
(PDCNNs) that blends batch normalization with dropout
regularized convolution in order to address the over-fitting
issue and gather information from the two concurrent
stages, both local and global. To make things easier, incom-
ing photos were resized before being converted to gray-
scale. Next, data augmentation was used to boost the
number of datasets. This model was enhanced with two
simultaneous deep convolutional neural networks with
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two distinct window sizes, giving it the benefit of parallel
pathways and the ability to learn both local and global infor-
mation. Three distinct kinds of MRI datasets were used to
evaluate the effectiveness of the proposed method.
Multiclass Kaggle dataset-III, binary tumor detection
dataset-I, and Figshare dataset-II yielded accuracy percen-
tages of 97.33%, 97.60%, and 98.12%, in that order. In

addition to being correct, the suggested structure was also
efficient since it improves on state-of-the-art techniques
by extracting both high-level and low-level information.

An automated technique to quickly differentiate between
brain cancer and non-cancerous magnetic resonance
imaging had been proposed by Javeria Amin et al.27 The
segmentation of the candidate lesion had been done using

Table 1. Comparison analysis.

S. No. Method Uses Dataset and measures Disadvantages

1 U-Net model classification and
segmentation

Segmentation
accuracy-92.20% and
classification
accuracy-93.40%

First off, as the number of convolution layers
rises, the U-Net model’s capacity for
generalization deteriorates. Second, the
training network is greatly impacted by the
quantity and quality of the images in the
dataset; yet, the majority of the time, there
aren’t many medical datasets available.

2 Deep learning model Classification
model

Accuracy-94.1% Overfitting: When a model performs poorly on
fresh, untrained data, it has been trained
too well on the training set.

3 Novel entropy-based
thresholding
technique

Classification
model

Accuracy-95.8% The primary drawback of the entropy method
is its exclusive application to the
weight-determination procedure.

4 CNN-based
EfficientNetB4

Classification
model

Accuracy-98% Computational requirements: To train and
deploy, CNNs need a lot of computational
resources, especially powerful GPUs. This
may cause them to lag and impede
real-time operation on inexpensive devices.

5 Convolutional neural
networks (CNNs)

Classification
model

Accuracy-98% Large data requirements: To reach high
accuracy, CNNs need a lot of labeled
training data. This data can be costly and
time-consuming to gather and categorize.

6 Novel texture-based
decision-making
criterion

Segmentation and
classification
model

Segmentation
accuracy-92.44% and
classification
accuracy-91.87%

These include restricting the range of opinions
and data, decreasing stakeholder
acceptance and dedication, and raising the
decision-maker’s risk and accountability.

7 Novel voting method Classification
model

99.92% Complexity: Needs probability approximations
from the foundational models.

Possible Overfitting: Soft voting may result in
subpar performance if base models are
overfit.

8 Parallel deep
convolutional neural
networks (PDCNNs)

Classification
model

97.60% CNNs can be challenging to read, making it
challenging to comprehend the knowledge
the network has acquired.

9 Support Vector Machine
classifier

Classification
model

97.1% When there is more sound in the data set—that
is, when the target classes overlap—it does
not perform as well.
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several methodologies. The selection of features set was
then depending on each applicant’s lesion’s dimensions,
composition, and severity the accuracy of the proposed
framework was then compared by applying a variety of
cross validations to the features set using the Support
Vector Machine classifier. In order to verify the suggested
approach, the Harvard, RIDER, and Local benchmark data-
sets were utilized. Technique achieved 91.9% sensitivity,
98.0% specificity, 0.98 areas under the curve, and an
average accuracy of 97.1%. Compared with existing
methods, more accurate tumor identification in less process-
ing time could be achieved with it.

Based on the above-stated literature, we have identified
the following problems with existing systems:

• Early diagnosis and reliable detection of brain tumors
may present challenges.

• Existing method27 that applies thresholding or segmen-
tation during the preprocessing phase is not able to iden-
tify the real tumor structure.

• Brain tumors exhibit significant variations in size, shape,
and location, hence posing challenges to image
analysis.28

• Manual magnetic resonance imaging (MRI) is a time-
consuming and prone-to-error technique for brain
tumor diagnosis.

These represent the primary obstacles that urge us to do this
research on brain tumor classification and detection.

Proposed methodology
Classifying and detecting brain tumors entails determining
and classifying abnormal cell growths inside the brain. In
order to identify, schedule, and monitor brain tumors, this
procedure is essential. Enhancing patient outcomes
through early diagnosis, precise classification, and suitable
treatment planning is the primary goal of diagnosing and
classifying brain tumors. Because tumors vary in size,
shape, and location, as well as in how easily they may be
interpreted and explained, it is challenging to accurately
identify and classify them. Here, we present the Optimal
Deep Neural Network (ODNN) to tackle those problems.
There are five steps in the proposed method: segmentation,
augmentation, preprocessing, feature extraction of region
recommendations, and classification. The input image is
rotated during the augmentation phase. The following
step is pre-processing, when region filling, thresholding,
and morphological operations are used. First, a thresholding
operation, the mean calculation will be performed. In order
to eliminate holes from the input image, morphological
activity is followed by a region-filling operation that aims
to remove background noise and small objects.
Berkeley’s Wavelet Transformation (BWT) will be utilized
for segmenting the brain tumor portion from the pre-
processed output images. Subsequently, Two Channel

Convolutional Neural Network (TCNN) will be used for
feature extraction of region proposals. Following extrac-
tion, the area will go to the classification phase. The
ODNN will be used in the classification stage. The
ODNN structure will be trained and tested using the fea-
tures that have been retrieved. The classifier will utilize
the Enhanced Serval Optimization Algorithm (ESOA) to
determine the optimal gain parameters. Figure 1 displays
the suggested model’s block diagram. A following section
contains a more detailed discussion of the recommended
stages.

At first, every image that was used in the input data was
obtained from a “open-source system.” The input dataset is
accessible at https://www.kaggle.com/datasets/adityakomara
volu/brain-tumor-mri-images. The tumor is detected and classi-
fied using the chosen dataset. A cluster of aberrant brain cells is
called a brain tumor. The hard shell that protects your brain is
called your skull. Any expansion within such a small area
could lead to issues. Brain tumors can be classified as benign
or malignant (cancerous). Your skull’s internal pressure may
rise as benign or malignant tumors enlarge. This can be poten-
tially fatal and cause harm to the brain. There are 7022MRIpic-
tures of the human brain in this collection, divided into 4
categories: pituitary, glioma, meningioma, and no tumor.

Augmentation

In general, the term “augmentation” describes the act of
enhancing or improving something. This is especially
helpful for tasks like detection or classification of images.
This technique of augmentation makes use of rotation.
We can rotate the image by 0° to 360°clockwise using
this augmentation method.

In this proposed method, the image is rotated by 20° to
create additional variations of the original images. This
helps the model learn to recognize tumors from different
viewpoints and orientations, thus making it more resilient
to variations in the input image. The outcome is then fed
into the next procedure.

Pre-processing

When using medical images like MRI scans, preprocessing
is necessary in order to identify brain tumors. Enhancing
image quality, removing noise, and filling in image holes
are the main goals of preprocessing, which also helps in
tumor identification accuracy. The rotated image is prepos-
sessed using a preprocessed method that uses thresholding,
morphological operation, and region filling.

Thresholding. A thresholding operation will compute the
mean. To determine quantitative details about the tumor’s
attributes, like its size or intensity, the mean value can be
computed.
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Region filling. Certainly, region filling is a method for elim-
inating holes from images, frequently brought about by
thresholding processes.

Morphological operation. Morphological operations, includ-
ing region filling, are indeed effective for noise reduction
and small object removal in images. Improving their
general caliber and making them more appropriate for
further scrutiny.

The above-described approach is used to pre-process the
rotated image. After that, the segmentation technique
receives the pre-processing result.

Segmentation-Berkeley’s wavelet transformation

From the MRI scans, segmentation is utilized to determine
which part affected by the tumor. For locating the MRI
scan’s target region, Berkeley wavelet transformation is
quite helpful since it makes use of a complete, orthonormal
basis and two-dimensional triadic wavelet transformation.
The BWT breaks down the other portion of the image
quickly while repeatedly moving number of levels from 1
to n.29

The following are the regions of the brain with highly
contagious MRIs:

(i) In the first step, a binary image with an acceptable
threshold of 117 is created using the enhanced brain
MRI image. The result is the formation of two separate
zones surrounding the infected tumor tissues: The
pixels that are left are labeled as black, while the

pixels that have values higher than the threshold are
turned white.

(ii) In the second step, the morphological erosion process
eliminates white pixels. Additionally, the area is split
into identical sections and destroyed areas, and
brain’s MRI image mask is the area where black
pixels have been removed by erosion.

Berkeley’s wavelets are the main focus of this work since
they are useful for efficiently sectioning brain MRI
images. An image or signal can be analyzed by transform-
ing two-dimensional triadic wavelets, which is acknowl-
edged as the Berkeley wavelet (BWT) conversion.
Features like quadrature phase, band pass orientation
tuning, band pass frequency, and spatial position all
employ the BWT. The BWT technique can efficiently
convert a spatial form to a temporal domain frequency,
similar to the conversion of the mother wavelet or other
wavelet transformation communities. BWT is a substantial
and all-inclusive orthonormal image modification technology.

Eight major mother wavelets make up BWT, which is
divided into four pairs with varying aspects in each pair,
of 0°, 45°, 90°, and 135°. Two wavelets are present in
each pair of wavelet transforms: one with odd symmetry
and the other with symmetry. Because the orthonormal
basis of the BWT algorithm is precise, it can help reduce
computing power. Here, division is accomplished effi-
ciently using the Berkeley wavelet transformation. In add-
ition to other methods for signal analysis, wavelet
analysis is an effective way to uncover data features. The
procedure can extract finer details from the photographs

Figure 1. Block diagram of proposed method.
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and improve their quality by looking at them in multiple
phases. On the other hand, a signal can be denoised or com-
pressed using wavelet analysis without suffering too much
loss.30 The BWT algorithm consists of the following steps:

1. First, compute the process of scaling and translating.

P = 1��
S

√ φ
T − τ

S

( )
(1)

2. Transform the data from the spatial domain frequency to
the temporal domain frequency.

3. Partially fixed is the simplification of the mother
wavelet transformation’s image conversion calculation:

β∅θ (τ, S) =
1
S2

β∅θ (3
S(x− i), 3S(y− j)), β0

= 1��
9

√ μ
x

3
,
y

3

( )[ ]
(2)

4. Utilize the method of morphology.
5. Rescheduled pixel values should be used exclusively

for binary images.
6. Only the chosen image’s streamlining element is needed

to remove pixels from or to the artifacts’ edge regions.
Behind that, the output of the process is fed into the
one behind it.

Feature extraction of region proposals

Using a Two Channel Convolution Neural Network, the
feature region is recovered from the segmentation output
images during feature extraction phase.

Two channel convolutional neural network (TCNN)

A CNN with two channels for data input is architecture of
neural network that accepts input from two different chan-
nels. Different types of information or attributes relevant to
the current job are usually represented by each channel.

The two streams The pooling layer and the convolution
layer are represented by the two convolution channels in the
CNN model. Consequently, interference-free pooling and
convolution computations mean that both CNNs can con-
currently train and build the entire model using the segmen-
ted output image.31 After being segmented, the output
image can be taken from these two channels and minimized.
To enable CNN obtain more features from these two net-
works, To enable CNN obtain more features from these
two networks, each channel directly influences the original
image, which is subsequently affected by the succeeding
layers of the multilayer CNN on processed image.32

CNN’s two-channel architecture is depicted in Figure 2.
Input: Two-channel CNN model receives processed

segmented output image as input.

Convolution layer and pooling layer: The convolu-
tional and pooling layers, the two CNN channels in the
method, enable the extraction of important characteristics
from the input data. Similar to single-channel CNN, the
convolution layer of two-channel CNN uses the convolu-
tion kernel to extract features from a segmented output
image.

Feature merging: Two-channel CNN features a
merging layer in addition to two separate convolution chan-
nels. Using the merging layer, features from two distinct
convolution channels can be retrieved to produce a single
feature.

The feature regions are extracted from the segmented
output using the method described above. The resulting fea-
tures are then used to detect the brain tumor.

Classification phase-optimal deep neural network
(ODNN)

The stage of classification receives the chosen features. We
employed an optimal deep neural network for this categor-
ization. DNNs are models of artificial neural networks that
have many layers of hidden units and outputs. Additionally,
it uses generative deep belief networks, or DBNs, for both
pre-training and fine-tuning phases of its parameter learning
process. The DNN structure for the suggested work is
shown in Figure 3.

1. Pre-training stage

A feed forward network with a deep architecture known
as a Deep Belief Network is used in the training phase. The
input passes through multiple hidden layers, typically more
than two, to reach the output layer. The DBN model defines
the belief of the network by allowing it to make the states of
its hidden units determine the visible activations. In this
case, to get over the previously described problem, the
RBM was employed.

Restricted Boltzmann machine: An RBM is a particular
type of Markov random field consisting of a stochastic
hidden unit on the bottom layer and a Gaussian or
Bernoulli stochastic visible or observable unit on the top
layer.

Step 1: First, the training vector is initialized for the
visible units, v.

F(v, h) = −
∑I

i−1

∑J
j−1

Wijvih j−
∑I

i−1

αivi−
∑J
j−1

βjhj (3)

The symmetric interaction term in this case between the
hidden unit hjand the visible unitvi is represented by Wij.
I, J is the total number of visible and hidden units. A bias
term is α, β. An erratically easy derivative is found with
regard to a training vector and a weight. An RBM does
not allow for direct influences between hidden units,
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making it very simple to obtain an unbiased sample
of(vi, hj)data.

ρ(hj = 1|v) = δ
∑I

i=1

Wijvi + αj

( )
(4)

In this case, vi, hjrepresents the unbiased sample, and δ(x)is
the logistic sigmoid function 1

(1+exp(x)).

Step 2:We update the visible and hidden units simultan-
eously in the chosen visible and hidden units. Thus, the sto-
chastic steepest ascent in the log probability of the training
data may yield a far more rational learning strategy.

ΔWijθ(vihj)data(vihj)reconstruction (5)

A multilayer model can be generated by an RBM that
has been “stacked” on top of a trained RBM. A primed
vector containing the values of the training units of the
RBM layers superimposed and distributed based on the
network parameters (weights and biases) in force at
that moment is always the input visible layer when a dif-
ferent RBM is encountered. Unique RBM uses last layer
of the previously learned layers as input. Now, the
optimized deep network parameters are initiating the
fine-tuning stage.

1. Fine tuning phase

The conventional back propagation approach is all that is
required for the fine-tuning stage. An output layer is
meant to be located at the top of the DNN in order to clas-
sify the fracture location and depth. In addition, our DNN
uses three hidden layers and N input neurons (number
based on parameters). Additionally, the training dataset is
trained until the optimal parameter is identified or, with
the aid of equation (3), maximum accuracy is reached.

The traditional DNN does not offer better performance
because the parameter value is selected at random.
Consequently, the optimal parameter value is chosen in
this suggested method, therefore utilize the ESAO. The fol-
lowing provides a detailed description about ESOA.

v Enhanced serval optimization algorithm (ESOA)

This section introduces and models the proposed ESOA
approach analytically.

Inspiration of SOA

Expert predator serval pursues its prey in three phases. It
locates the prey by using its keen sense of hearing, and it

Figure 2. Architecture of two channel CNN.

Figure 3. DNN network structure.
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stays still for up to 15 min to watch it. Then, in the follow-
ing phase, it moves closer to the target, uses all four feet to
leap 4 m into the air, and uses its front paws to attack it. At
last, the serval kills and begins to consume its meal in the
third stage, which involves chasing and jumping to
capture the fleeing prey.33

One of the most recognizable aspects of a serval’s
natural behavior is its hunting approach. This is a very intel-
ligent technique that can aid in creating an algorithm that
uses metaheuristics. SOA design, discussed in the follow-
ing section, models the three-stage serval strategy.

The performance of traditional Serval Optimization
Algorithm is enhanced by the opposition-based learning
(OBL) technique. A more detailed explanation of the
basic phases of the ESOA can be found in the next section.

Initialization

The suggested SOA technique leverages the search capabil-
ities of its search agents to construct a population-based
optimizer that may yield appropriate solutions for optimiza-
tion challenges.34 Search agents and servals both utilize a
similar method to determine which response is optimal.
Servals are natural hunters. This means that the SOA popu-
lation, which in mathematics is composed of servals, looks
for the best solution inside the search space. Furthermore,
each serval represents a potential solution to the problem,
and the variables that determine the conclusion and
weight values depend on where the serval is located in
the search space. From the perspective of mathematics,
every serval is a vector, and the SOA population matrix is
made up of all of the serval population, which may be
expressed using equation (6). Equation (7) is used to ran-
domly create the beginning of the algorithm’s implementa-
tion, where servals are located in the search space.

Y =

Y1

..

.

Yi

..

.

YN

⎡
⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎦

N×d

=

y1,1 · · · y1,j · · · y1,d

..

. . .
.

..

.
. .
. ..

.

yi,1

..

.

yN,1

· · ·
. .
.

· · ·

yi,j

..

.

yN,j

· · ·
. .
.

· · ·

yi,d

..

.

yN,d

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

N,d

(6)

yi,j = Lbj + ri.j(Ubj − Lbj), i = 1, 2, . . . , N and j

= 1, 2, . . . , d, (7)

The following makes up the scenario that is presented:
The variables N, d, ri.j representing random numbers in

the interval [0, 1], Yi as the ith serval (candidate solution),
Lbjaand Ubj as the lower and upper bounds of thejth deci-
sion variable, respectively, and Yas the number of servals
are all represented.

Given that each serval represents a potential solution to
the problem, the objective function of the problem can be
evaluated using the suggested values of each serval for
the choice variables. Equation can be utilized to express
the values of the objective function of the problem as a
vector (8).

F =

F1

..

.

Fi

..

.

FN

⎡
⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎦

N×1

=

F(Y1)

..

.

F(Yi)

..

.

F(YN)

⎡
⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎦

N×1

(8)

In this case, the objective function value calculated from the
ith serval is shown as Fi, where F is the vector of objective
function values.

The population member who most closely resembles the
best value among the computed values for the goal function
is the best member of the population. The optimal candidate
is determined to be the best value option. It becomes clear
that the best member should also be changed as each SOA
iteration changes the positions of every population member.

OBL-based opposite weight generation

In OBL, to obtain a more precise approximation of the
current solution, the initial serval weight and its opposing
serval weight are taken into consideration simultaneously.

Oyi,j = Lbi,j + Ubi,j − yi,j (9)

Where Oyi,j is an Opposite serval weight value, Lbi,j
denotes to the ith, jth lower bound, and Ubi,j denotes to
the ith, jth upper bound of the given problem solution.

Fitness calculation

Following initialization, every solution’s suitability is
assessed by the proposed SOA. Here, the assault detection
accuracy is defined by the fitness function. The best choice
is the one with the highest fitness value.

Fitness = Max.Accuracy (10)

Mathematical modeling of SOA

There are two phases involved in upgrading the members of
the SOA population in the search area that are modeled after
servals’ natural hunting strategy. These phases are meant to
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resemble the SOA design’s local search exploitation phase
and global search exploration phase.

Phase 1: prey selection and attacking (exploration)

As a skilled hunter, the serval finds its prey by using its keen
sense of hearing, after which it launches an attack. The
simulation of these two methodologies is used to update
the serval positions during the first phase of SOA. This
update results in significant serval position modifications
and a thorough search space scan. This stage of SOA
aims to pinpoint the primary ideal location and boost the
exploration’s power in the global search. Optimal popula-
tion member in the SOA design is said to be in the prey pos-
ition. Equation (11) is initially used to estimate the serval’s
new position in order to simulate its strike at the target. The
old multiple roles are then replaced with the new one in
accordance with equation (12) if the new location increases
the value of the objective function.

yP1i,j = yi,j + ri,j(Pj − Ii,j.yi,j), i

= 1, 2, . . . , N and j = 1, 2, . . . , d, (11)

Yi = YP1
i , FP1

i < Fi

Yi, else

{
(12)

Ii,jN is the total number of servals in the population; d is
the number of decision variables; the prey location is indi-
cated byP; its jthdimension is Pjthe updated role of the jth

serval based on SOA’s initial phase is indicated by YP1
i

random numbers in the interval [0, 1]; and the objective
function value is FP1

i .

Phase 2: chase process (exploitation)

Following an attack, target is pursued by the serval, which
jumps on it in an attempt to stop it before killing and eating
it. In order to update the population position of SOA, the
second stage of SOA makes use of the serval approach.
The simulated pursuit process alters the servals’ location
inside the search space. Rather, this SOA phase aims to
enhance the process of finding solutions and increase the
potential of SOA to be exploited in local search (equation
(13)). This, when applied to the serval, generates a new
random position close to it. This makes it possible to simu-
late the victim’s pursuit by the serval mathematically.
Provided that the objective function’s value increases due
to the new position, equation (14) states that it takes the
place of the connected serval’s previous location.

yP2i,j = yi,j + ri,j.(Ubj − Lbj)
t

, i

= 1, 2, . . . , N and j = 1, 2, . . . , d, and t

= 1, 2, . . . , T , (13)

Yi = YP2
i , FP2

i < Fi,
Yi, else

{
(14)

Here, the new position of the ithserval, as determined by
the second phase of SOA, is represented byYP2

i , yP2i,j is its j
th

dimension, objective function value isFP2
i , T is the

representation of the total number of algorithm iterations,
and t is the algorithm’s iteration counter.

Process of repetition

After updating every servant in line with the first and
second stages of service orientation, the algorithm com-
pletes its initial iteration. Based on the revised serval coor-
dinates, the algorithm then moves on to the following
iteration using the revised values found for the objective
function. Serval position updates are carried out repeatedly
up until the last algorithmic iteration, which is based on
Equations (11) to (14). Following the completion of SOA
implementation, the problem’s answer is presented as the
best candidate solution found when the algorithm was
running.

Termination

Until the optimal weight value or set of values is deter-
mined, the process is repeated. The algorithm will end
when the perfect serval has been found. Figure 4 shows a
flowchart depicting the ESOA installation procedure. The
section below provides an explanation of the experimental
investigation for the suggested model.

Experimental framework
The description of the dataset, performance metrics, and
system requirements are covered in this section.

Dataset description

The benchmark database is used to evaluate the perform-
ance of the recommended approach. Identifying the
tumor’s location, grade, and kind is just one of the experi-
mental tasks included in this Magnetic Resonance Imaging
(MRI) brain tumor diagnosis effort. Br35H, SARTAJ
dataset, and fig share are the three datasets combined to
obtain this dataset. Size of the images in this dataset is
different.

This dataset consists of 7023 human brain MRI scans
categorized into four groups: non-tumor, pituitary,
glioma, and meningioma.

Table 2 provides further details on the datasets. This
dataset is divided into four classes: non-tumor, meningi-
oma, glioma, and pituitary. Giloma class contains 829 train-
ing and 100 testing images, the meningioma class contains
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822 training and 115 testing images, the not tumor class
contains 393 training and 105 testing images, and pituitary
class contains 827 training and 74 testing images.
Moreover, the classes use an image size of 256× 256 to
detect brain tumors.

Evaluation metrics

The assessment techniques used in this research were
Accuracy (A), Precision (P), F measure, Sensitivity (S),
and Specificity (Sp). The following equations represent
those methods:

The model’s accuracy quantifies how well it recognizes
both negative and positive cases.

Accuracy = TP+ TN
TP+ TN+ FP+ FN

(15)

The weighted average, or harmonic mean, of recall and pre-
cision is known as the F-measure. It provides a comprehen-
sive assessment of a model’s effectiveness in terms of
precise class predictions.

Fmeasure = 2 × precision × Recall
precision+ Recall

(16)

Figure 4. Flowchart of ESOA.
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A statistical metric called Cohen’s Kappa, or Kappa,
assesses inter-rater agreement in categorical data while
accounting for random variance.

kappa = 2 × (TP × TN − FN × FP)
(TP+ FP) × (FP+ TN)+ (TP+ FN) × (FN + TN)

(17)

Precision is the proportion of true positive predictions a
model makes among all positive predictions.

Precision = TP
TP+ FP

(18)

The model’s sensitivity reveals how accurately it detects
positive cases.

Sensitivity = TP
TP+ FN

(19)

A metric called specificity indicates how well the model
recognizes negative cases.

Specificity = TN
TN+ FP

(20)

System requirements

Our experiment was carried out using MATLAB, it was set
up on a laptop with an Intel i3 or higher processor and

Windows 7 or later, 4 GB or more RAM, and a minimum
500GB hard drive.

Results and discussion
In this part, experimental results of the suggested method
are examined. The recommended model is put into practice
using the MATLAB workbench. The brain tumor is
detected and classified by applying the proposed method
to the MRI image. Several performance metrics are com-
puted to assess the proposed brain tumor detection, includ-
ing F measures, sensitivity, specificity, accuracy, and
precision. The training percentage and values of the suggested
model are compared with those of several algorithms that are
now being used in the investigation. Among these algorithms
are Deep Belief Networks (DBN), Oppositional Based
Humming Bird Optimization (RNN-LSTM-OHBO),
Recurrent Neural Network-Long Short Term Memory-Honey
Badger Optimization (RNN-LSTM-HBA), and Recurrent
Neural Network-Long Short Term Memory (RNN-LSTM).
Below is a depiction of the recommended method’s overall
output.

A confusion matrix is one deep learning technique for
assessing a classification algorithm’s efficacy. Use it to
assess a model’s capacity to distinguish between four clas-
sifications for brain tumor identification: “Glioma,”
“Meningioma,” “Not tumor,” and “Pituitary.” The
ensuing slides show the confusion matrix for the suggested
model (Figures 5 to 7).

Figure 8 shows AUC-ROC curves split down by false-
positive rates to reflect the true positive rate for each
class. The FPR and TPR values are displayed on the
respective x- and y-axes for each threshold. The model per-
forms really well, as indicated by the AUC-ROC curve. The
optimal classifier is one, AUC and ROC curves’ range is 1.

Comparative analysis

Comparing the suggested method’s training percentage and
values with those of the different algorithms including
RNN-LSTM-OHBO, RNN-LSTM-HBO, and RNN-

Table 2. Dataset description.

Classes

No. of images

SizeTraining Testing

Glioma 829 100 256× 256

Meningioma 822 115 256× 256

No tumor 393 105 256× 256

Pituitary 827 74 256× 256

Figure 5. Sample image from the dataset.
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LSTM and DBNare discussed within this part. The graphs
below illustrate the comparison findings of the suggested
model. More information on the suggested technique is pro-
vided below, along with a comparison of the various qual-
ities of performance metrics.

Figure 9 examines and displays a graphic representation
of the projected approach’s accuracy measure. It is exam-
ined with different training percentages; during 40% of
the training percentage, the proposed technique achieves
an accuracy of 0.957, whereas the present method achieves
0.947 for RNN-LSTM-OHBP, 0.894 for RNN-LSTM-
HBA, 0.895 for RNN-LSTM, and 0.879 for DBN. During
80% of the training percentage, the proposed technique
achieves an accuracy of 0.972, whereas the present
method achieves 0.962 for RNN-LSTM-OHBP, 0.94 for
RNN-LSTM-HBA, 0.929 for RNN-LSTM, and 0.904 for
DBN. This evaluation shows that, in comparison to the
current methodologies, the suggested approach obtains
the best accuracy level.

An illustration of the predicted approach’s F-measure is
shown in Figure 10. It is examined with different training
percentages; during 50% of the training percentage, the pro-
posed technique achieves a F-measure of 0.923, whereas
the present method achieves 0.913 for RNN-LSTM-
OHBP, 0.893 for RNN-LSTM-HBA, 0.871 for RNN-
LSTM, and 0.841 for DBN. During 80% of the training per-
centage, the proposed technique obtains a F-measure of
0.954, whereas the existing method achieves 0.944 for
RNN-LSTM-OHBP, 0.928 for RNN-LSTM-HBA, 0.900
for RNN-LSTM, and 0.890 for DBN. This analysis shows
that, in comparison to the current techniques, the suggested
strategy achieves the greatest F-measure level.

Figure 11 shows the kappa of the predicted approach. It
is examined with different training percentages; during 40%
of the training percentage, the proposed technique achieves
a kappa of 0.89, whereas the present method achieves 0.88
for RNN-LSTM-OHBP, 0.87 for RNN-LSTM-HBA, 0.82
for RNN-LSTM, and 0.81 for DBN. During 80% of the

Figure 6. Output of the proposed method.
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training percentage, the proposed technique achieves a
kappa of 0.92, whereas the present method achieves 0.91
for RNN-LSTM-OHBP, 0.9 for RNN-LSTM-HBA, 0.89
for RNN-LSTM, and 0.85 for DBN. When compared to
the current methodologies, the suggested approach achieves
the highest kappa level, according to this evaluation.

Figure 12 examines and displays the precision measure
of the predicted approach. It is examined with different
training percentages; during 40% of the training percentage,
the projected technique attains a precision of 0.901,
whereas the present method achieves 0.871 for
RNN-LSTM-OHBP, 0.850 for RNN-LSTM-HBA, 0.825
for RNN-LSTM, and 0.793 for DBN. During 80% of the
training percentage, the projected technique obtained a pre-
cision of 0.936, whereas the present method achieves 0.926
for RNN-LSTM-OHBP, 0.89 for RNN-LSTM-HBA, 0.865
for RNN-LSTM, and 0.818 for DBN. This evaluation indi-
cates that, in comparison to the traditional approaches, the
suggested methodology provides the best level of precision.

The proposed approach’s sensitivity is shown graphic-
ally in Figure 13. It is examined with different training per-
centages; during 40% of the training percentage, the
proposed technique achieves a Sensitivity of 0.924,
whereas the present method achieves 0.914 for
RNN-LSTM-OHBP, 0.86 for RNN-LSTM-HBA, 0.858
for RNN-LSTM, and 0.82 for DBN. During 80% of the
training percentage, the proposed technique obtains a
Sensitivity of 0.94, whereas the present method achieves

0.93 for RNN-LSTM-OHBP, 0.9 for RNN-LSTM-HBA,
0.895 for RNN-LSTM, and 0.88 for DBN. Comparing the
proposed approach against the current methods, this evalu-
ation shows that it achieves the highest Sensitivity level.

A graphic illustration of the projected approach’s
Specificity measure is examined and shown in Figure 14.
It is examined with different training percentages; during
40% of the training percentage, the projected technique
attains a specificity of 0.948, whereas the present method
achieves 0.938 for RNN-LSTM-OHBP, 0.911 for
RNN-LSTM-HBA, 0.891 for RNN-LSTM, and 0.871 for
DBN. During 80% of the training percentage, the projected
technique obtained a specificity of 0.963, whereas the
present method achieves 0.953 for RNN-LSTM-OHBP,
0.944 for RNN-LSTM-HBA, 0.931 for RNN-LSTM, and
0.911 for DBN. This review demonstrates that the sug-
gested strategy achieves the highest level of specificity
when compared to the existing methodologies.

A comparative analysis of the method’s performance
measures is shown in Table 3. For each performance
metric, we compared the suggested approach to the existing
approach. The outcomes clearly show that the proposed
performance metrics have the highest values.

The experiment’s findings demonstrate the accuracy of
the suggested method is higher than that of existing
methods at detecting brain tumors. A comparison of the
suggested method with multiple research publications is
included in the list of results below.

Figure 8. AUC-ROC curve for ODNN.Figure 7. The best-performing ODNN model’s confusion matrix.
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The processing time of the proposed model is presented
in Figure 15. The accuracy of the suggested Deep Neural
Network is compared with earlier attempts in Table 4.
The results demonstrate that the suggested approach

achieves 98.8% accuracy when compared to the other dis-
tinct research methodology. Due to its utilization of the
DNN, the suggested methodology produced better
outcomes.

Figure 10. Comparison of F-measure for five models.

Figure 9. Comparision of training accuracy.
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Conclusion
An ODNN was utilized in this work to identify and classify
brain tumors based on MRI images. Open source system
database was used to assess the recommended method’s
efficacy. The five phases that make up the proposed
approach are augmentation, preprocessing, segmentation,
feature extraction of region proposals, and classification.
Initially, input image is rotated during the augmentation
phase. The following step is pre-processing, when region
filling, thresholding, and morphological operations are
used. Initially, a thresholding operation, the mean

calculation will be performed. In order to eliminate holes
from the thresholding output image, morphological activity
is followed by a region-filling operation that aims to remove
small objects and noise from the background. Next, the pre-
processed images will be divided into segments corre-
sponding to the brain tumor using Berkeley’s Wavelet
Transformation (BWT). Subsequently, Two Channel
Convolutional Neural Network (TCNN) will be used for
feature extraction of region proposals. After the region is
retrieved, it moves on to the classification phase. The
Optimal Deep Neural Network will be utilized during the

Figure 12. Comparison of precision for five models.

Figure 11. Comparison of Kappa for five models.
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Figure 14. Comparison of specificity for five models.

Figure 13. Comparison of sensitivity for five models.

Table 3. Comparison analysis.

Method Accuracy (%) F-measure kappa Precision Sensitivity Specificity

PROPOSED 0.98 0.96 0.94 0.94 0.95 0.97

RNN-LSTM-OHBO 0.97 0.95 0.93 0.93 0.94 0.96

RNN-LSTM-HBA 0.95 0.93 0.92 0.90 0.92 0.95

RNN-LSTM 0.93 0.91 0.90 0.88 0.90 0.94

DBN 0.92 0.90 0.89 0.86 0.89 0.93
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classification stage. Following the extraction of features,
DNN structure will be trained and tested. The classifier
will utilize the Enhanced Serval Optimization Algorithm
(ESOA) to find the optimal gain parameters. Here, the
MATLAB programming language is used to implement

the recommended model. The effectiveness of the proposed
method is assessed based on a set of performance standards,
including F measures, accuracy, sensitivity, specificity, and
precision. The suggested method has 98.8% detection
accuracy for brain tumors. Our goal is to improve the
research for future initiatives by utilizing more advanced
datasets and deep learning techniques to detect and classify
brain tumors.
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Figure 15. (a): Processing time (b): DSC and JSC.

Table 4. Proposed performance comparison of different research
articles.

Source Classification
Accuracy
(%)

Shubhangi Solanki et al.21 CNN 95.40

Mohammad ZaferKhaliki &
MuhammetSinanBaşarslan23

Three layer CNN 98.00

Takowa Rahman et al.26 Parallel deep
CNN

97.33

GökalpÇınarer et al.35 DNN 95.00

ShenbagarajanAnantharajan
et al.36

Ensemble deep
neural
Support
vector
machine

97.93

Seetha et al.37 CNN 97.50

Anil Kumar Budati& Rajesh
BabuKatta38

SVM 98.13

KNN 92.13

Proposed Dnn 98.80
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35. Çınarer G, Emiroğlu BG, Arslan RS, et al. Brain tumor clas-
sification using deep neural network. Adv Sci Technol Eng
Syst J 2020; 5: 765–769.

36. Anantharajan S, Gunasekaran S, Subramanian T, et al. MRI
brain tumor detection using deep learning and machine learn-
ing approaches. Meas: Sens 2024; 31: 101026.

37. SeethaJandRajaSS.Brain tumorclassificationusingconvolutional
neural networks. Biomed Pharmacol J 2018; 11: 1457–1461.

38. Budati AK and Katta RB. An automated brain tumor detection
and classification from MRI images using machine learning
techniques with IoT. Environ Dev Sustainability 2022; 24:
10570–10584.

20 DIGITAL HEALTH


	 Introduction
	 Literature review
	 Proposed methodology
	 Augmentation
	 Pre-processing
	 Thresholding
	 Region filling
	 Morphological operation

	 Segmentation-Berkeley's wavelet transformation
	 Feature extraction of region proposals
	 Two channel convolutional neural network (TCNN)
	 Classification phase-optimal deep neural network (ODNN)
	 Inspiration of SOA
	 Initialization
	 OBL-based opposite weight generation
	 Fitness calculation
	 Mathematical modeling of SOA
	 Phase 1: prey selection and attacking (exploration)
	 Phase 2: chase process (exploitation)
	 Process of repetition
	 Termination

	 Experimental framework
	 Dataset description
	 Evaluation metrics
	 System requirements

	 Results and discussion
	 Comparative analysis

	 Conclusion
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


