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Graphical abstract Abstract

Deep learning is a popular and effective approach to medical imaging detection and
classification. Various brain tumor classifications are related to an ongoing research
topic made possible by the diversity of cancer features. Local brain images testing in the
latest brain images datasets BRAT can be challenging due to their processing time, lower
accuracy, and the possibility of overfitting and underfitting. In this paper, Xception
DCNN model can be implemented to test the local images or real images and apply
three datasets in this model, analyse the individual result and improve the training
speed and stability of neural networks by normalizing the activations of each layer. The

. Xception model can significantly reduce the number of parameters and computational

' complexity without compromising the model’s accuracy. Moreover, this system used

! popular benchmark datasets such as Kaggle and BRATS, the suggested research MRI

. image datasets were assessed, and the local validation dataset was proposed. In this

i research work, this model achieved the best performance results with training accuracy

i and loss 99+0.005%, validation accuracy and loss 98+0.2%. The main objectives are

i improving the accuracy of classification, avoiding overestimation along with
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underestimating, and decreasing down on processing time.

Keywords: Brain Tumor, Local Brain images, Xception DCNN model, MRI, Classification

accuracy
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1.0 INTRODUCTION It is possible to find brain cancers by diagnostic image
processing or biopsy as well. CT and MRI imaging constitute
Worldwide, brain tumor is considered a crucial component of different kinds of brain tumor identification techniques applied
serious cancers. The term "brain tumor" refers to abnormal cell for brain cancer treatment [2]. Brain tumor detection is
growth around the brain, which falls under the two categories thought to represent the end of the test, and a biopsy

of no tumor and various types of tumor. The mass or lump observapon Is reql{lrefi 3. )
produced through this unregulated growth of cells as well as In literature, it is stated that CNN architectures were
collection could disrupt natural neural activity. It is known that modified with genetic algorithms (GA), five convolutional layers
there are two major categories of brain tumors: development and pooling were constructed in the feature extraction, dense
types tumor and initial stage tumors. The minuscule details layer and classification layer, and an accuracy of 90.9 in gliomas
within the body can be found using MRI scanning [1]. and 94.2 in four tumor types was achieved. This research is
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based on online accessible datasets for research purposes and
was required to improve the CNN architecture due to the lack
of accuracy [4]. CNN classifier was modified to compare the
activation function and the techniques with and without
regulation, and to achieve an overall accuracy of 96 using the
Brats (2018) open access dataset. It was necessary to improve
the classification accuracy and reduce the computational cost
of the classifier[5]. The CapsNets CNN classifier was used for
segmentation and optimization by using a routing iteration in
the hyperparameters. Two convolutional layers and matching
routing were combined and an accuracy of 90.89 was
achieved[6]. CNN architectures were proposed in three stages:
data acquisition, preprocessing and classification. It was
constructed with convolution, activation and fully connected
layers and achieved an accuracy of 92%. This model had a lack
of accuracy in detection and classification in CNN[7]. A new
CNN model for classifying four tumor types was proposed,
which was built with convolution, activation, drop out, max
pooling and dense layer and achieved an 96% of accuracy[8].
The algorithm was involved in five steps: pre-processing the
data and extracting the features, using two pre-trained models,
applying the Extreme Learning Machine (ELM) for feature
learning, converting to Partial Least Square (PLS) in a matrix
and then classifying. 93% accuracy was achieved in the Brats
2018 datasets[9]. Two classifiers such as SVM and ANN were
proposed for the extraction in preprocessing and fuzzy C-
Means clustering for the determination of tumor location. It
achieved 91% accuracy in tumor classification[10]. Two feature
extraction experiments were modified by using machine
learning classifiers such as ANN, KNN, Rf and LDA. The open
access Kaggle dataset was used for training images and local
images for testing and achieved an overall accuracy of
95[11].22 CNN layers were implemented for tumor detection
and classification built with convolution, Relu-activation, max-
pooling, normalization, fully connected layer, and SoftMax
layer, and achieved 96% accuracy for four tumor types[12].

In the previous study, both MRI and CT scans are most
frequently used to diagnose brain cancers[13], MRI is more
useful [14]because it analyzes the anatomical portion of brain
images to point out the location and characteristics of tumors
in high-resolution structure images [15]. The previous approach
experienced two primary challenges as a result of problems
with medical images or medication data: scalability up to bigger
collections due to computation limits or difficulties and
applying to new or unfamiliar information. Moreover, the
DCNN model was applied to diverse data, such as real local
images. This study required the application of different CNN
models to maximize classification accuracy on a variety of
datasets. This conventional method is well suited for
categorization and analysis of structured data.

In this model, improved dataset representation helps avoid
situations where overfitting or underfitting leads to
mismatches between objective and expected outcomes. To
improve the training performance and convergence, this study
proposes to modify Deep CNN and use the normalization
technique. A layer's inputs must be well adapted following the
normalization process by scaling and modifying the activations.
The data being entered provides a more rapid and accurate
evaluation method for the overall system through input
normalization. This paper creates the proposed novel DCNN
model, applies the three diverse datasets, and adds local

validation images to the testing datasets, and minimize the
total processing time and total inference time.

2.0 DATA PLANNING AND MODEL SELECTING

Three datasets for data planning are being implemented in this
model. The three main stages include collecting datasets, pre-
processing and normalizing data, and augmenting data. This
approach allows the Xception model to capture spatial features
and channel-wise correlations more efficiently.

2.1 Datasets Availability

Tumor classification is widely used in BRATS datasets [16] and
local datasets [17] in individual datasets. Kaggle BRATS datasets
are easy and open-access datasets are easily available to
download on the Kaggle website [18] [19]. Three datasets are
applied in this system. Dataset 1 includes 7023 MR pictures of
the brain from the collected data, comprising 2000 photos
without brain tumors and 1621, 1645, and 1757 images with
glioma, meningioma, and pituitary tumors as shown in Figure 1.
Brats, Kaggle datasets add additional images regularly, and an
especially recent dataset. Dataset 2 comes from the detection
of brain tumor images in the MRI Department of the Defense
Service of the Orthopedic Hospital. It captured the brain images
in three styles: T1-weighted contrast, T2-weighted contrast,
and flair-enhanced MRI images applied to the testing
dataset([20].

Figure 1 Four types of Brain Tumor for this Experiments (a) Glioma
Tumor (b) Meningioma Tumor (c) Pituitary Tumor (d) No Tumor[16]

Dataset 3 split local brain tumor images into the validation
and testing datasets to achieve the best prediction. This model
is used to classify the local MRI image in testing data from the
local image collection. It collects images for four types of
tumors, like 9 images in the pituitary tumor, 47 images in the
no tumor, 10 images in the meningioma tumor, and 6 images in
the glioma tumor from 72 patients.

2.2 Data preprocessing and Argumentation

For the purpose of online datasets, T1 and T2 weight MRI
images are widely used [21], and some datasets have obtained
the flair dataset. Eight techniques can be studied for the
detection of MRI images in real life. There are T2 FAT SAT AX,
T1 AX, FLAIR AX, DWI AX, FLAIR SAG, T2 COR, T2* AX, and DWI
analysis for image preprocessing. These popular algorithms are
applied in detection systems and can be selected and extracted
from different types of MRI images[22]. After that, collect the
type of tumor and images applied to individual testing datasets.
Three experiments are applied for this research: the first
experiment is using online access training and testing datasets;
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the next training dataset is higher-quality images from the
research-purpose online datasets, and the testing dataset is
local MRI images; the last one is splitting the validation and
testing images into testing datasets for the purpose of higher
efficiency.

2.3 Xception DCNN model

The Xception model is used to train medical image dataset,
which provides it like a robust capability to recognize a wide
variety of features from natural images, making it highly
effective for transfer learning in diverse image classification
tasks in Figure 2.

Data Plapning and
Arzumantation

s Depthwize Convolution

Poirtwise Comvobation

Prediction Type of Tumar

Figure 2 Xception model using Depthwise Separable Convolution
algorithms[16][23]

To choose an effective image classification model, several
key steps must be undertaken. First, import essential libraries
such as TensorFlow, Keras, and relevant Keras layers to provide
the necessary functionalities for model construction and
training. Next, apply the architecture from the previous
datasets, eliminating the unwanted feature, to leverage its
powerful feature mapping resources. To modify this
architecture for a precise estimation process, calculation is
undertaken in every step: a flatten layer to convert the 2D
matrix output from Xception into one-dimension path;
unnecessary feature subtraction layer to reduce the previous
unwanted value to get the zero value in the running condition;
after neural network using RelLU activation to introduce non-
linearity; and another feature reduction algorithm. The last
layer is used SoftMax to estimate the four outputs,

corresponding to the four target classes. This architecture is
collected with lower cost value, optimizer, and performance
metrics to prepare it for training. Finally, the model is trained
on the provided dataset, adjusting weights to minimize the loss
function and enhance accuracy through iterative learning. This
systematic approach ensures the development of a robust and
efficient model tailored to the specific classification task. The
proposed architectures were constructed step by step, as
shown in Figure 3.

xception_input | input: | [(None, 299, 299, 3)]
InputLayer output: | [(None, 299, 299, 3)]

input: | (None, 299, 299, 3)
(None, 2048)

xception

Functional | output:

\
flatten | input: | (None, 2048)

Flatten | output: | (None, 2048)

A\
dropout | input: | (None, 2048)

Dropout | output: | (None, 2048)

\J
dense | input: | (None, 2048)

Dense | output: | (None, 128)

\d
dropout 1 | input: | (None, 128)

Dropout | output: | (None, 128)

\
dense_1 | input: | (None, 128)

(None, 4)

Dense | output:

Figure 3 Exception Step by Step in Xception model

The major advantage of this model is to improve efficiency
compared with the previous model by using depthwise
separable 1*1 convolutions. This can reduce computation cost
and processing time and obtain high accuracy. And then the
model can extract features and moderate overfitting and
underfitting more than the previous CNN model.

3.0 EXPERIMENTAL RESULTS

Three experiments are applied in this classification. The first
test was with the latest brain tumor dataset, such as Kaggle,
and then the next one was applied to a local image from the
local hospital in testing datasets. The last one was splitting the
local images into validation and testing datasets. The proposed
novel Xception model was tested and demonstrated lower cost
and higher accuracy during propagation. Two combination
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datasets are applied in Colab Notebooks software such as
Kaggle BRAT datasets, and local image validation datasets.

3.1 Apply Kaggle BRATS Datasets to The Xception Model

The present study employed the new Xception model by
hyperparameter turning, including the number of epochs, to
optimize the estimation efficiency and minimize cost in
different datasets. The goal of predictions loss was minimized
and its optimization efficiency was optimal for this architecture,
as shown in Figure 4. In the final results, the optimization loss
(0.005) and target outcomes (99.98%) were nearly equivalent.
In the estimation results, the optimization loss (0.03) and target
outcomes (98.98%) were nearly equivalent.
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Figure 4 Model Training Metrics Over Epochs

This training dataset shows the performance metrics of a deep
learning model over 10 epochs, focusing on loss, precision,
accuracy, and recall. Initially, the model starts with a high loss
value of 20, which dramatically decreases to 0.0 by the second
epoch and continues to decline, reaching a minimal value of
0.005 by the tenth epoch. This significant reduction in loss
indicates substantial improvement in the architecture's
achievement. Concurrently, four estimation accuracy show a
positive estimation results.
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Figure 5 Model Validation Metrics Over Epochs

Precision begins at 85% and quickly rises to 97% by the second
epoch, eventually reaching 100% by the tenth epoch. Accuracy
follows a similar trajectory, starting at 80% and achieving 100%
by the tenth epoch. Recall, which starts at 90%, also reaches
100% by the tenth epoch. As training datasets, the loss
consistently decreases from 0.13 at epoch 0 to 0.03 at epoch
10, indicating improving model performance. Precision and
accuracy both start at 95% and gradually increase to 99% by
epoch 10, demonstrating enhanced model reliability in making

correct predictions. Recall shows a similar upward movement,
starting at 93% and peaking at 100% by epoch 8 before slightly
dipping to 99% at epoch 10 as shown in Figure 5.

These metrics collectively illustrate that the model
undergoes significant improvement in its predictive capabilities
with continued training, achieving high levels of accuracy,
precision, and recall while minimizing loss. This improvement
highlights the model's robustness and effectiveness in handling
the given dataset, suggesting it is well-tuned and capable of
maintaining high performance across various evaluation
metrics.

3.2 Apply Local Testing Datasets to The Xception Model

In order to acquire the estimation efficiency and minimize cost
in different datasets. the DCNN model was trained using the
following hyperparameters: weight and bias, type of filter, and
number of parameter. Figure 6 and 7 demonstrates that the
last epochs predicted for this DCNN model were 0.005, 99.89%,
4.75, and 62%, respectively.
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Figure 6 Model Training Metrics Over Epochs

Firstly, the model starts with a high loss value of 20, which
dramatically decreases to 0.08 by the second epoch and
continues to decline, reaching a minimal value of 0.005 by the
tenth epoch. This significant reduction in loss indicates
substantial improvement in the model's performance. Precision
begins at 85% and quickly rises to 97% by the second epoch,
eventually reaching 100% by the tenth epoch.

Accuracy follows a similar trajectory, starting at 80% and
achieving 100% by the tenth epoch. Recall, which starts at 90%,
also reaches 100% by the tenth epoch. This model becomes
increasingly reliable and effective in its predictions as training
progresses, achieving perfect scores in precision, accuracy, and
recall by the end of the training period. The convergence of
these performance metrics towards optimal values
demonstrates the model's successful learning and adaptation
over the epochs.
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Figure 7 Model Validation Metrics Over Epochs

This testing dataset illustrates the variation in performance
metrics—loss, precision, accuracy, and recall—over 10 epochs.
Initially, the model starts with a loss of 2.75 and precision,
accuracy, and recall all at 58, 58, and 57, respectively. By the
second epoch, precision, accuracy, and recall significantly
improve to 70, while loss remains constant at 2.75. At the
fourth epoch, precision and accuracy slightly decrease to 68
and 66, respectively, while recall drops to 65, and loss climbs to
3.25. A marked decline is observed at the sixth epoch, where
precision, accuracy, and recall fall to 55, 54, and 53,
respectively, accompanied by an increased loss of 5.5.
However, these metrics recover by the eighth epoch, with
precision, accuracy, and recall rising to 64, 60, and 62,
respectively, and loss decreasing to 3.25. By the tenth epoch,
the metrics stabilize, with precision and accuracy both at 62,
recall at 64, and loss at 4.75. These fluctuations suggest the
model experiences overfitting and underfitting phases but
shows a general trend of stabilization towards the latter
epochs. The target and prediction results displayed a large
overfitting and underfitting in this dataset.

3.3 Apply Splitting Local Images in Validation And Testing
Datasets to the Xception model

This study employed the new Xception model by
hyperparameter turning, including the number of epochs, to
optimize the estimation efficiency and minimize cost in
different datasets. The goal of predictions loss was minimized
and its optimization efficiency was optimal for this architecture,
as shown in Figure 8.
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Figure 8. Model Training Metrics Over Epochs

In the estimation results, the optimization loss (0.005) and
target outcomes (99.98%) were nearly equivalent. The training
dataset presents the performance metrics of a deep learning
model over 10 epochs, focusing on loss, precision, accuracy,
and recall. Initially, the model exhibits a high loss value of 20,
which rapidly decreases to 0.08 by the second epoch and
continues to decline, reaching a minimal value of 0.005 by the
tenth epoch. This reduction in loss indicates a significant
improvement in the estimation process. Precision starts at 85%
and quickly rises to 97% by the second epoch, eventually
reaching 100% by the tenth epoch. Accuracy follows a similar
range, starting at 80% and achieving 100% by the tenth epoch.
Recall, which begins at 90%, also reaches 100% by the tenth
epoch. These movements suggest that the model becomes
increasingly reliable and effective in its predictions as training
progresses, achieving perfect scores in precision, accuracy, and
recall by the end of the training period. The convergence of
these performance metrics towards optimal values
demonstrates the model's successful learning and adaptation
over the epochs.
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Figure 9 Model Validation Metrics Over Epochs

This dataset shows the performance metrics of a deep learning
model over 10 epochs, highlighting the movements in loss,
precision, accuracy, and recall. Initially, the model starts with a
high loss value of 20, which significantly decreases to 0.005 by
the 10th epoch, indicating improved model performance.
Concurrently, precision, accuracy, and recall exhibit a positive
trend. Precision starts at 80% and reaches 100% by the 10th
epoch, while accuracy improves from 70% to 100%. Recall
shows the most substantial increase, starting at 55% and also
reaching 100% by the final epoch. These metrics suggest that
the model becomes more reliable and effective in its
predictions as training progresses, achieving perfect scores in
precision, accuracy, and recall by the end of the training period.
This convergence of performance metrics towards optimal
values demonstrates the model's successful learning and
adaptation over the epochs. The goal of predictions loss was
minimized and its optimization efficiency was optimal for this
architecture, as shown in Figure 9. In the prediction findings,
the optimization loss (0.005) and target outcomes (99.98%)
were nearly equivalent.

3.4 Comparison and Discussion With Previous Work

This model wused several hidden layer types and
hyperparameter adaptations to apply Kaggle and local datasets
in a proposed architecture. Within testing experiment in Kaggle
datasets, this architecture achieved the best results in training
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(99%) and testing (98%) accuracy. After the testing experiment
on local validation datasets, this model obtained acceptable
results in training (100%) and testing (100%) accuracy as shown
in Figure 10. The model's reliance on weight initialization was
reduced by the use of normalization techniques. Higher
learning rates are possible without reducing the ability to
adjust during training. It can eliminate the need for an
additional regularization procedure and overfitting.
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Figure 10 Performance loss in Xception Model

This research approach is to obtain higher accuracy in local
image predictions, like that standard dataset. The first dataset
can easily be downloaded from the BRAT website, constructed
with training and testing datasets. The second dataset, Dataset
2, is included with standard datasets in training and local
images in testing for the purpose of Al to predict any type of
raw images, but the testing result achieved lower accuracy.
After that, changing the splitting algorithm in dataset 2 and
adding validation images in training datasets, formed the new
dataset which is also called dataset 3. The main reason is to
achieve higher prediction performance in local images.

Datasets 1 Datasets 2 Datasets 3
B Training Loss 0.05 0.05 0.05
Testing Loss 0.05 4.75 0.03

m Training Loss Testing Loss

Figure 11 Total processing time and inference time in Kaggle and local
datasets

Three dataset illustrates the performance metrics, including
accuracy, precision, F1 scores, and recall, across three different
training and testing datasets. For Training Datasets 1, the
performance metrics are perfect, with all values at 100. Testing
Datasets 1 also exhibit ideal performance, maintaining 100
across all metrics. In contrast, Training Datasets 2 display

consistent perfect scores of 100, while Testing Datasets 2 show
a significant drop, with accuracy at 64, precision at 62, F1
scores at 62, and recall at 62. This testing datasets based on
local images only. Training Datasets 3 show high performance
with accuracy, precision, F1 scores, and recall at 99. Testing
Datasets 3 demonstrate a slight decrease in performance
metrics, with accuracy at 98, precision at 99, F1 scores at 98,
and recall at 98. This analysis indicates a notable decline in
performance from the training to the testing phase, especially
for Datasets 2, highlighting potential issues with overfitting or
dataset variability.

This model presents the training and testing loss values
across three different datasets. For Datasets 1 and 3, both the
training and testing losses are relatively low and comparable,
each with a training loss of 0.05 and testing losses of 0.05 and
0.03, respectively. In stark contrast, Datasets 2 demonstrates a
significant disparity between training and testing losses while
the training loss remains low at 0.05, the testing loss escalates
dramatically to 4.75 as shown in Figure 11. This substantial
increase in testing loss for Datasets 2 suggests a severe
overfitting issue, designating that this architecture has
misclassified in unseen images and real local datasets. Such a
discrepancy underscores the necessity for better regularization
or more robust validation techniques to enhance model
generalization. The Xception model can deliver real-time
insights by minimizing this time, which is crucial for applications
such as image recognition and object detection. This model can
optimize the results and processing time by applying it to
different datasets, but it needs to add validation images.

Table 1 Accuracy Comparison between previous and proposed model

Reference Classifier/Algorithm MRI Accuracy
Protocol %

[4] CNN architecture Brain 94

[5] CNN classifier Brain 96

[6] CapsNets CNN classifier Brain 91

[7] CNN architectures Brain 92

[8] New CNN model Brain 96

[9] Two pre-trained models  Brain 93
( ELM and PLS)

[10] fuzzy C-Means clustering  Brain 91

[11] Machine learning  Brain 95
classifiers

[12] 22 CNN layers in CNN Brain 96
classifier

Proposed Xception model in Kaggle Brain 99

dataset 1

Proposed Xception model in Local Brain 99

dataset 3

Table 1 compares the accuracy of the previous classifier and
the proposed classifier. The previous classifier achieved (81 -
96%) accuracy, while the proposed classifier achieved 99%
accuracy.

The table shows the results of dataset 1 and dataset 3.
The experiment of dataset 2 achieved lower prediction
performance in testing images. Dataset 2 and Dataset 3 are the
same training and testing images except for the validation
images in Dataset 3.
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The previous traditional CNN model used a larger layer, a high
number of parameters, skip connections, and residual blocks.
The performance of previous models has lower efficiency,
complex feature extraction, and support in simple image
classification. The proposed model has fewer parameters, more
efficient convolution, and support in medical image
classification.

In this research, the new Xception model is discussed and
applied to three datasets, such as open-access BRAT datasets
for research and local validation datasets. During the same 10-
epoch time frame, model achieved the best optimization
possible in terms of accuracy and loss between the target and
prediction outcomes in the two datasets. Furthermore,
reduced processing time optimizes resource utilization and
facilitates deployment on edge devices with limited
computational capacity. This proposed Xception model
achieves higher accuracy and lower computation costs because
it is constructed with optimization techniques in the hidden
layer.

4.0 CONCLUSION

This research uses advanced new convolution neural network
Xception architecture with an optimal normalization strategy to
automatically identify various brain cancers from collected MRI
images. Individual blocks are used in this architecture.
Convolution, normalization, pooling, Dense, and SoftMax layers
that make up this model. ReLU stands for boundary function.
With 99.89% validation accuracy, 0.2 validation loss, 0.05
training loss, and 99.89% training accuracy, this model has
produced the best results for the upgraded dataset. This
suggested model outperforms the conventional CNN model
since it is committed to identifying brain tumors with the
greatest convenience and the lowest loss. This research
constructed larger datasets by utilizing the two resources,
Kaggle BRATS datasets and local validation datasets. With the
consultation of the physician, only the patient IDs were used
considering patient privacy concerns and ethical issues in
medical diagnostics. This research helps neurologist by easily
classifying different types of tumors. Better medical diagnostic
results and quicker patient treatment support are the goals of
this research. These plans are to build more extensive and
varied training datasets in the future using both more local
images and open-access images. Then, the models on the local
images will be tested to ensure real-time performance.
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