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Abstract. Detection of tumors in brain from Magnetic Resonance Imaging (MRI)
plays a vital role in both planning and diagnosis for the treatment. Examining
these MRI images manually takes a lot of time and it depends upon the experi-
ence of the observer. This drawback motivated the significance of automated de-
tection systems. This project presented a deep learning framework with the help
of convolutional neural networks (CNN) to detect the tumors accurately and in a
precise manner. The system learns features from MRI scans and improve the per-
formance. To improve the overall capability, a multi task based learning approach
is introduced which performs both tumor segmentation and tumor detection in
the same model. Addition to this, a module called Explainable Al using Grad
CAM is integrated into the system which gives the visual representation in the
form of heat maps as the output. This method helps to develop trust on the system
and improves reliability of the entire model. Experimental results describe that
this model has performed well as it proved the F1 score greater than 0.91, Dice
score more than 0.89 and Area Under Curve (AUC) values near to 0.98. How-
ever, the proposed model requires some more work in order to be a real viable
solution in real world application Overall, this proposed system proves high ac-
curacy, efficiency, interpretability for the automatic tumor detection and classi-
fication.

Keywords: Explainable Al convolutional neural networks, MRI images, deep
learning, Grad CAM.

1 INTRODUCTION

When the cells present in the human body grow compulsively rather than actual behav-
ior then tumors are formed. Tumors in brain are caused by abnormal growth of cells in
the brain that can form in and around the brain. These tumors can be of two types benign
and malignant. Benign tumors are non-cancerous and malignant tumors are cancerous.
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Benign tumors grow slowly and do not affect other parts of the body but sometimes
they may cause harm to important areas of the brain whereas malignant tumors grow
quickly and they may spread throughout the brain or spinal cord Tumors are graded
from 1 to 4.

Tumors of grade 1 are mostly non-cancerous and slow growing and grade 2 tumors
are also slow growing but sometimes they may become cancerous. Grade 3 tumors have
faster growth and malignant whereas Grade 4 tumors have rapid growth, difficult to
treat and cause more harm to the human body. Some examples of brain tumors include
Glioma, Meningioma, Pituitary Tumors, Medullo blastoma etc. Depending upon the
area of growth, tumors can be of different sizes from very small to large and do not
show effect immediately. Common effects of brain tumors include headache, nausea,
loss of vision, memory loss, seizures etc. At first doctors identify these symptoms in
patients and undergo medical history of patients and physically examine them to detect
these brain tumors, a famous method called MRI is used. MRI is an imaging technique
which is used to scan the inner organs and tissues of our body. MRI of the brain shows
the tissues inside clearly and it is used to detect the brain tumors. Doctors examine these
MRI scans and detect the tumor and proceed with further processes depending upon the
type of tumor. Generally, brain tumors are complex, harmful and require early and ac-
curate diagnosis. Modern technology helps in detection and diagnosis of tumors very
accurately and precisely. Especially brain tumors can be detected well with the help of
the latest technology.

2 LITERATURE REVIEW

Detection of brain tumors by making the use of MR image of the brain requires famil-
iarity and also it is hard to detect them sometimes because of its size and area and some
other factors. In the past few years, a lot of research has been done in implementing
deep learning techniques and deep learning models in detecting brain tumors. The study
in [1] introduced a deep learning model called ResNet50 but it is dependent on deep
architecture which can increase the complexity of the model. For example, a frame-
work based on deep CNN was introduced in [2]. Here, the tumors are classified from
MRI scans by using hierarchical feature extraction. However, it doesn’t incorporate
interpretability mechanisms and it is based on conventional structures of CNN. Also,
another model was proposed in [3]which is combination of enhanced CNN with data
augmentation techniques to decrease the occurrence of overfitting but it is not based on
multi modal integration.

Some of the approaches were also introduced which is an integration of classification
and segmentation in [4], where the multi class brain tumor segmentation was proposed.
But the major limitation is high complexity due to combined models. The study in [5]
introduced a model based on CNN for tumor detection with high accuracy. But it did
not include any attention mechanisms or explainability frameworks. It also lacks cross
institutional validation for model stability. Also the work in [6] introduced YOLOV7,
at the same time, detection and classification of brain tumors, achieving competitive
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detection metrics as mentioned in their study. Even though real-time detection was sub-
stantiated, the study did not fully integrate explainable components, limiting interpret-
ability.

The research in [7] invented CNN-Tumor Net, leveraging explainability techniques
such as LIME to provide interpretable decision insights. The model accomplished high
accuracy and interpretability, but it was limited to simple tumor vs. no tumor classifi-
cation and [8] popularized a fusion-based ensemble learning framework combining
MobileNetV2 and DenseNet121 with GradCAM++ for class specific visualization.
This model improved robustness and interpretability, yet depended on complex ensem-
ble configurations, making deployment challenging in low resource environments. The
study in [9] introduced an explainable Efficient NetV2 with attention enhanced MLP-
Mixer architecture for MRI brain tumor classification, achieving high accuracy and in-
terpretability on benchmark datasets; however, the integration of attention and mixer
modules increased model complexity. Also in [10] research of deep models with Grad-
CAM explainability for classification and visualization taken place.

According to the reviewed literature, the research gaps are as follows:

e The majority of existing deep learning models do not integrate tumor detec-
tion, multi class grading, explainability, and lightweight deployment concur-
rently.

e  Many models require extensive computational resources, limiting usability in
real-time and low-resource clinical environments.

e  Further, we can continue with some techniques which add to the contrast, mak-
ing the model to identify tumor regions in the scan images. Enhancement of
data includes rotation, flipping of images horizontally and vertically transla-
tions.

3 METHODOLOGY

There are several steps involved in making the system which detects the tumors in brain.
This section is especially to show the different phases involved in the creation of brain
tumor detection and segmentation from MRI Scans using Deep Convolution Neural
Networks. It consists of phases from data collection phase to the evaluation of metrics
phase. All of the phases specified below together are used to develop the model achiev-
ing high accuracy when compared to baseline model.

3.1 Data Collection and Preprocessing

This is the initial step in the evolution of model. This step involves collection of dataset
used for training. The dataset I have utilized is BraTS2020 which is present in Kaggle.
This dataset structure is similar to the official BraTS2020 dataset but it may not contain
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all the metadata available in the original dataset. It has multi modal scans of 369 pa-
tients. It has 4 modalities. They are T1, Tlce, T2, FLAIR and also it has segmentation
masks showing the tumor areas in scan. The input of this model is MRI image. This
dataset consists of multimodal MRI images along with tumor segmentation masks. The
volumes of MRI are changed into 2D slices to store them in HDF5 format to load the
data efficiently. Every slice of MRI is having association with tumor mask for the iden-
tification of tumor region. The MRI images are changed to a constant input dimension
which becomes suitable for the architecture of CNN. Rotations, scaling, flips are exe-
cuted on the images of the dataset to upgrade robustness of model. After this intensity
normalization is implemented to scale the pixel values to a fixed scope to increase the
stability during training. Ultimately, the preprocessed dataset is segregated into several
parts such as training, validation and testing. To prevent the data leakage this segrega-
tion is performed at the patient volume level. Validation is performed for early stopping
and hyper parameter tuning. And the training is done to optimize the parameters of the
model.

3.2 Proposed Model Architecture

The proposed system as shown in Fig. 1. consists of a deep convolution neural network
also known as deep CNN along with a multi task framework for performing tumor
detection as well as segmentation from MRI scans. This model is proposed to perform
both the tasks by improving the accuracy of the model.
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Fig. 1. Architecture of the proposed System

The input for this model is the data set which has undergone several steps like inten-
sity normalization, resizing etc. in the previous phase. The images are then made to
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pass through multiple layers (convolutional layers) to learn hierarchical features and
representations. This include essential features such as textures, edges and some tumor
specific high level patterns. Each layer in this convolutional network has normalization
and activation functions to achieve the training stabilization and improve the non-linear
feature learning.

After some selected convolutional blocks, Max-pooling layers are integrated which
decreases the spatial dimensions by maintaining the original essential features. It sup-
ports in reducing the computational resources and complexity and enabling the model
to concentrate on important sections of the scan. The feature maps which are extracted
are distributed among two specific branches. The responsibility of the first branch is
detection of tumor. It performs binary classification to detect whether the tumor is pre-
sent or not. The responsibility of the second branch is tumor segmentation. It generates
segmentation masks to identify tumors based on the features learnt during training
phase.

To increase the interpretability of model, a module named Explainable Al which is
based on Gradient-weighted Class Activation Mapping shortly known as Grad CAM is
included in the proposed system clearly visible in Figl. This module gives us heat maps
as the output which consists of some highlighted areas of the MRI scans that provide
the predictions of model. This provides visual representations of the predictions of
model and helps in the decision making by clinicians. This system is streamlined to be
a lightweight model by reducing the number of parameters and utilizing productive
operations. This architecture enables the model to be suitable for deployment in re-
source constrained environments.

3.3  Feature Extraction and Training

The proposed multi-task CNN (Convolutional Neural Networks) model learns im-
portant information directly from MRI images without needing discriminative features
as hand crafted features. In the early layers of the network, the model focuses on simple
visual details such as edges, corners, and textures. These details help the system recog-
nize where a tumor begins and ends. Through the network, the model moves deeper
and captures tumor shapes, sizes and intensity variations. These high level features not
only help to detect the tumor but also helps to know the exact location of tumor. The
feature maps which are obtained from the convolutional network layers are processed
using activation functions and pooling layers. These activation functions are non-linear
activation functions. These are used to highlight most significant information while
those pooling layers are used for decreasing spatial dimension and computational com-
plexity. These are the extracted features that are shared across dual branches of the
network, it includes one for tumor detection and another one for tumor segmentation.
By allowing the network to leverage common features for multiple tasks and improve
overall generalization.

During the training period of the model, it is optimized by using loss functions which
are task-specific. The tumor detection branch typically works on binary cross entropy
with logits while the tumor segmentation uses the hybrid loss. Therefore, the total loss
is computed as a weighted sum of individual losses. This is used to learn both tasks at
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a time in a framework of multi task learning. In baseline model Adam optimizer is used
whereas in proposed model AdamW with cosine annealing scheduling is used for stable
convergence. Batch normalization is applied to each layer of the convolutional to re-
duce internal covariate shift, and dropout layers are used to eliminate overfitting. Dur-
ing the training of the dataset, data augmentation is dynamically applied which helps to
improve the performance and makes the dataset diverse. In this we use techniques that
include flipping, intensity scaling, rotation etc. are applied. By integrating the deep fea-
ture extraction with optimized strategies for training the model, this system achieves
more accuracy in brain tumor detection and segmentation of tumors by achieving the
efficiency be fitting for real-time clinical applications.

3.4  Explainable AI

By using deep learning models, black boxes are often used for the medical image anal-
ysis which is becoming difficult to understand the predictions behind their reasoning.
To overcome this, an XAl (Explainable AI) model is combined into the brain tumor
detection and segmentation system which increases the interpretability and model trans-
parency.

Fig. 2. Explainable Al visualization using Grad-CAM

For creating the visual explanations for the predictions of model, the proposed sys-
tem utilizes the Gradient Weighted Class Activation Mapping (Grad CAM). This Grad
CAM makes use of gradients of the target class which is flowing into the final convo-
lutional layers to construct a coarse localization map, displays the model’s decision by
highlighting the regions in the MRI image. Grad CAM heat maps will be covered on
the actual image to specify the locations of the tumor that gives tumor detection in each
and every input of the image. These explanations show visually and helps to view
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model’s decisions and increase trust in automated distinctive systems by providing in-
tuitive, human understandable insights into the model’s decision-making technique.
The integration of XAl is specifically applicable in clinical applications where both
interpretability and accountability are important. By furnishing these clear visual evi-
dence of decision-making, assist radiologists and medical professionals.

Fig. 2. shows the process for a sample input of MRI slice. The MRI slice is given as
input to the model. Then Grad CAM is used to produce the heat map which highlights
the models decision. The model also produced the tumor segmentation masks that tells
the tumor area at pixel level.

3.5 Evaluation and Performance Metrics

The performance of researched multi-task CNN based brain tumor detection and seg-
mentation systems is estimated using standard quantitative metrics that are commonly
used in medical aspects. These metrics evaluate an extensive appraisal of the model’s
accuracy, reliability and robustness. For tumor detection task accuracy shows general
correctness, precision efforts show how many predicted tumors are truly tumors, recall
indicates how well original tumors are detected. For the segmentation tasks, the metrics
used are Dice Similarity Coefficient (DSC) and IoU (Intersection over Union).

Input FLAIR-ish
vol=93 slice=64

Prediction
p(tumor)=1.000

Ground Truth

Input FLAIR-ish Prediction

vol=268 slice=51 Ground Truth p(tumor)=0.988
..@
Input FLAIR-ish Prediction
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Input FLAIR-ish

vol=204 slice=86

Fig. 3. Evaluation of proposed CNN
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In the above Fig. 3. the first 2 rows show the detection confidence (p=1.000 and
p=0.9888) and also the tumor delineation for the positive cases and the next two rows
shows the negative cases. Here the model predicts less tumor probabilities (p=0.146
and p=0.218).

The F1 score the major performance metrics used to detect the tumor which is used
to balance a metric that combines both precision and recall. Especially the F1-score
metric useful in handling class imbalance in medical dataset. To estimate the capability
of the model, both Receiver Operating Characteristic (ROC) curves and Area under the
Curve (AUC) are applicable. To signify better separation between tumor and non-tumor
classes, it needs higher values of AUC.

Fig. 4. Output of the proposed model when no tumor is present

The above Fig. 4 shows the output of the model when the input MRI slice doesn’t
contain tumor. It contains the original MRI slice and the heatmap produced for that
result.

4 Results

The proposed multi task CNN model for tumor detection and segmentation is evaluated
on a dataset containing multimodal MRI. The output of the model showcases the effec-
tive results of the proposed system in detection of presence of tumors and segmentation
of brain tumors. This system accomplished high performance of detection and segmen-
tation on the testing dataset as it is clearly shown in Table 1. The multi task strategy of
learning improved the performance of the model as compared to the existing baseline
U-Net model which is clearly shown in Table 1. Evaluating the model with the help of
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F1-Score, recall, accuracy, precision, Dice Similarity Coefficient, Intersection over Un-
ion shows the overall performance of the system. The analysis of confusion matrix dis-
plays that majority of the presence or absence of tumors are identified correctly and
only misclassification is occurred few times. This tells us that the model is able to learn
the features which are discriminative from the MRI images.

The introduction of Explainable Al in the model provides the visualization of the
predictions of model. The heat maps which are generated by the Grad CAM clearly
shows the regions in the brain which are affected by tumors prompting that this model
does not focus on back ground regions and aims on clinically relevant areas.

Table 1. Table captions should be placed above the tables.

Architecture Fold Mean Region Detection F1 Detection
Dice AUC
Existing Base- Fold1  0.8355 0.8314 0.9485
line U-Net Fold2  0.8566 0.8983 0.9710
Proposed Multi- Fold 1 0.8915 0.9172 0.9804
task CNN Fold2  0.8915 0.9198 0.9798

This increases the trust on the model and also its interpretability. This is very much
important for applications related to health care. Finally, the overall results of the model
tell us that the proposed system has more accuracy, efficiency, computational capability
and interpretability. This model can be used in detection and segmentation of brain
tumors in the real world with clinical decision support.

5 DISCUSSIONS

The final results of the model show that the proposed system addresses the limitations
of the tumor detection and segmentation framework using MR images of the brain. The
performance of the model can be measured by shared learning feature representations
and optimizing the brain tumor prediction and segmentation tasks in parallel. This strat-
egy of multi task learning decreases the redundancy and increases the overall perfor-
mance when compared to the traditional tumor detection models. The integration of the
Explainable AI module using Grad CAM is the major advantage of this model. The
visual representations given by the heat maps tells that the model concentrates on only
important regions and that regions are clinically meaningful. Hence, the trust on the
system is increased and clinicians can view the predictions of the model. This is very
much important in medical based applications because this system also justifies the
decisions made by the system. These obtained features plays a major role in locating
the segment of the brain tumor in the MRI scan if the tumor exists.

Architecture of the model is proposed to be light weight such that there would be an
increase of usage in the real world applications even by maintaining high accuracy lev-
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els. This model uses multimodal data. The dataset used here has 4 modalities. Regard-
less of its performance this model has some limitations. The efficiency of the model is
effected by diversity and quality of datasets used for training and also this model uses
2D slices of MRI scans not but use fully 3D spatial context of MRI scans.

6 CONCLUSIONS

This research resulted in a framework based on deep learning for the detection and
segmentation of brain tumors from MRI images with the support of deep convolutional
neural network. This proposed model efficiently combines the preprocessing of images,
extracting features from images, Explainable Al, multitask learning. By performing the
two tasks in parallel, that is tumor detection and segmentation, this system aims to de-
crease the redundancy and improve the overall performance of the model. Based on the
study, we found that the proposed approach possesses more performance in F1 score,
DSC, IoU etc. These results show the strength of the model in identification as well as
classification of tumors. The output of the model established that these deep CNN based
models can also be utilized for medical imaging applications after performing necessary
validation. Overall, this system provides a stable and clear method for automatic diag-
nosis of tumors in brain and this model also helps clinicians especially radiologists to
save time. It can also be extended to deploy in clinics real world.
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