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Abstract: Rapid and unchecked cell proliferation is the cause of brain tumors. It can be fatal if left
untreated in the early stages. A crucial area of study and clinical application is the issue of tumor
detection and segmentation in medical imaging. Accurate and effective procedures are required for
the detection and delineation of brain tumors and kidney tumors due to their complexity and
indecision. The problem's essential features and complexities are further examined in the problem
elaboration. The Significance of Correct Tumor Identification for efficient treatment planning and
patient management, brain tumor, and kidney tumor detection must occur as soon as possible.
Healthcare providers can confidently decide on treatments such as radiation therapy, surgery, and
other treatment methods when they can accurately identify the tumor regions in medical pictures.
Convolutional neural network shows better outcomes with 96% accuracy.
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1. Introduction

The brain and spinal cord, which form the central nervous system, are responsible for interpreting
sensory information and coordinating the body's reactions [1-3]. The brain includes the brainstem,
cerebrum, and cerebellum [4], and typically weighs 1.2-1.4 kg, with a volume of 1260 cm? in males and
1130 cm? in females [5].

A brain tumor is the abnormality of cells that grow in an unstoppable form. They can be categorized
into primary and secondary subtypes. Headaches, nausea, and balance problems as symptoms of the initial
stage. Chemotherapy, radiation therapy, and surgery are the methods of treatment [6]. Accurate tumor
segmentation and identification in medical imaging is essential for early diagnosis and disease treatment.
The objective of this study is to develop models for kidney and brain tumor segmentation and detection
based on convolution neural networks (CNNs) [6]. The objective is to improve the precision and accuracy
of tumor identification, which will be extremely advantageous to medical professionals. The first section
provides a general review of kidney and brain tumors, emphasizing their types, frequency, and
significance for medical care. The CNN used for medical picture segmentation is discussed, emphasizing
its learning capabilities.

We will build a large dataset by gathering labeled medical images of brain and kidney tumors. The
initiative aims to address above challenges using CNNs, which are known for deep-learned feature
extraction from complex data, to overcome the aforementioned challenges. This study optimizes each
distinct tumor type by training separate models for kidney and brain cancers. This expertise assures
accurate documentation of all distinct features and intricacies of every tumor type.
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This report aims to present the problem at hand and relevant context information to solve the issue.
The chapter will address the importance of imaging within medicine, focusing on its role in planning and
improving clinical outcomes for patients. We will analyze the problem of manual identification and
classification of tumors and the role of CNNs in pattern extraction from images and deep learning.

In addition to that, the researcher compared other works, in particular, recent works and CNN
techniques of detecting kidney and brain tumor [7].

2. Related Work

CNNs have also proven useful in segmenting kidney tumors in an automatic detection of the tumor
region and enhanced accuracy use of the multi-stage architecture. Author suggested a multi-scale CNN as
a hybrid model to segment brain tumor and extract both global and local characteristics. Such articles show
the possibilities of sophisticated CNN models in the search of cancerous tissues and better clinical decision-
making [8].

The present project has its basis on the literature-based review that exhibits the efficacy of CNNs in
kidney and brain tumor detection and segmentation. Important studies have proposed more sophisticated
CNN architecture such as 3D CNNs, multi-scale network and hybrid networks to achieve greater accuracy.
A summary table of the contribution of each study is also made in the review illustrating the direction and
the possibilities of deep learning in medical imaging [9].

Deep learning methods have led to the recent development in medical imaging, especially in the
segmentation of tumors and their detection. The paper presents the overview of different deep learning
methods used in the examination of kidney and brain tumors along with powerful studies that have led to
improvement in the efficiency and accuracy of tumor analysis.

The literature review points at some studies that aim at showing the efficient use of CNNs in the
analysis of brain and kidney tumors. Work encompasses the 3D CNNs [10], the DeepConv-DTI for
diffusion MRI [11], and a hybrid approach of multiscale CNN [13], or random forest [12]. The studies of
kidney tumors have presented good results with the use of cascaded CNNs [14], survival prediction
models [15], and customized segmentation networks [16].

The review studies give us essential knowledge i.e CNN-based liver tumor segmentation in CT images
[17], a 3D CNN dedicated to brain tumor analysis, and the U-Net, the first model of brain tumor detection
creation [19].

According to relevant works, a great deal of progress has been achieved in Detection of brain and
kidney tumors using CNN. They report on improvements in hybrid model, CNN model, and complex
machine learning strategies that provide good hope to formulate accurate deep learning in the area.

The U-Net model had better results and accuracy in the segmentation of tumors, edema, and enhanced
segmentation than that of the older techniques. The model has high accuracy and reliability. It was also
found to maintain sharp tumor boundaries which are critical in treatment planning and monitoring [20].

Table 1. Literature Review Summary

References Title Methodology Dataset Key Findings
[22] Cigek for brain U-Net BRATS dataset U-Net architecture
tumor detection architecture
[23] DeepConv-DTIL: DeepConv- Diffusion-weighted DeepConv-DTI
for Diffusion DTI MRI effectively segmented
Tensor Image architecture brain tumors in
Segmentation in diffusion-weighted
Brain Tumor MRI
Cases
[24] Convolutional Random Brain tumor dataset Hybrid approach
Neural Networks forests and improved tumor
and Hybrid CNNs segmentation and

Random Forests
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for Brain Tumor
Segmentation
and Survival
Prediction
Hybrid
Multiscale CNN

for Brain Tumor

[25]

Segmentation

[26] Cascaded
Convolutional
Networks for
Kidney Tumor
Segmentation in
CT Images

[27] Deep Learning
for Kidney
Tumor
Classification and
Survival
Prediction on
Histopathological
Images
Neural Network
with Cascaded

Deep

[28]

Convolution for
Automatic
Kidney Tumor
Segmentation
[29] Brain tumor
multi
classification and
segmentation in
MRI images
using deep
learning

Multitask

Learning with

[30]

Multiscale
Residual

Attention for

Hybrid MRI images
multiscale
CNN
Cascaded CT images
CNN
architecture
CNN-based Histopathological
classification images
Cascaded deep Kidney tumor
CNN dataset
Survey paper Brain tumor CT
scans
Multitask Brain tumor dataset
Learning with
Multiscale
Residual
Attention

predicted survival

outcomes

Hybrid CNN
captured global and
local information,
resulting in accurate
brain tumor
segmentation
Cascaded CNN
achieved promising
results in kidney

tumor segmentation

CNN-based approach
improved kidney
tumor classification
and survival

prediction

Cascaded CNN
progressively refined
kidney tumor
segmentation,

enhancing accuracy

DL methods for Brain
tumor segment in CT

scans

Dilated convolutions
improved brain
tumor segmentation

performance

ID : 1018-0902/2025



Journal of Computing & Biomedical Informatics Volume 09 Issue 02

Brain Tumor
Segmentation

and Classification

This review of the literature will be discussed on the use of practices in detecting and segmenting
tumors in kidneys and brain using deep learning where the constructs of CNNs and U-Net models, as well
as cascaded CNNs and hybrid options, will be investigated. These techniques are performing better than
the traditional ones that are based on the use of image local and global features. Robust datasets, such as
BRATS, are also emphasized in the review that makes it possible to train a good model and test it. The
literature review provides both past perspective and the guide to future development of deep learning in
the field of medical imaging.

The local and global features of the models complement the traditional methods because they are
efficient and convenient to work with in terms of complex image data. Correctness of choice of robust
datasets such as BRATS to train and validate the model is also brought out by the review. An evaluation
of the existing studies allows this research to isolate the major points of innovation and forms the basis of
the ongoing creation of the more accurate methods of diagnosis that eventually may lead to an increase in
clinical outcomes.

3. Proposed Methodology

This study describes the fundamental issues of segmenting kidneys and glioblastoma in the brain by
formulating a convertible and effective deep learning model. The approach to medical imaging is both
heuristic and algorithmic in order to deliver accuracy on diagnosis using real world standards of medical
imaging. An auxiliary mathematical model helps in the handling of calculations. The proposed technique
addresses the problem of dataset size, model complexity, and generalization, which is a feasible and
effective way of effectively detecting and segmenting tumors in an image.

Input Image Data

Data Pre-processing: CNN
Image Rescaling
Data Augmentation Training Data
Normalization
Image Segmentation Pre-
processing

Splitting

Testing Data

QQO00O0O00O0
86

Model Evaluation
Dice Score

Figure 1. Proposed Methodology

The initial step in the project would be to feed it with the medical image data (CT or MRI scans), on
which tumor detection and segmentation would be assessed. The next step of data preparation after image
acquisition includes preprocessing functions such as normalization, resizing and application of threshold.
The thresholding is used to make binary masks of tumor areas, resize makes images standardized in
dimensions, and normalization scales values to improve the performance of models. Subsequently, data is
separated into training, validation and test sets. This separation is useful to classical training,
hyperparameter search and measure performance and is useful as a preventive overfitting mechanism.
The deep learning model, which in most cases is a CNN, is implemented through platform such as PyTorch
or TensorFlow because of its capability to extract the spatial features of an image. The design is modified
to suit targeted need of a project. When deployed, the performance of the model is evaluated in terms of
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its accuracy, precision, recall, Dice coefficient etc. These tests gauge its efficiency in the detection of tumors
and segmentation and assist in determining its improvement levels.
3.1. Dataset

The suggestive practice involves the usage of a selected cluster of labeled MRI brains and kidney
images, which receive two categorical values ("yes" or "no") indicating the availability of tumors. In the
case of brain images, tumor regions and non-tumor regions are well indicated and so is the case in kidney
images. Such binary labeling makes training easy and assists the model in learning features that could be
associated to tumor locations. The diversity level of the dataset provides the reliability level of the
methodology in the real medical imaging settings.
3.1.1.  Brain Tumor Dataset

No
Tumor

Tumor

Menin-
gioma

Glioma

Pituitary

Figure 2. Brain Tumor Data Set [21]
3.1.2.  Kidney Tumor Dataset

AN
Figure 3. Kidney Tumor Dataset [21]
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3.2. Data preprocessing

The kidney and brain MRI images had to be prepared using preprocessing steps before the
application of the model was implemented. A uniformity to the size of all images was done and the
normalization of the imagery was provided to decrease any variation on intensity by enabling successful
training. The augmentation methods added diversity to dataset and the model in-turn which increased
superior generalization of model by producing variations like flipping and rotations.

There is a careful description of each case of Yes (tumor present) and No (tumor absent) of the marked
brain images. This stage is fundamental to our model's ability to distinguish between tumor and non-tumor
regions. In the same way, labels labeling kidney images "Yes" or "No" indicate whether or not tumors are
present, which helps the model be trained. Our suggested methodology is stable and flexible because of
the symbiosis of consistent dimensions, normalized values, and varied augmentations that prepare our
dataset for the learning process.

We split the dataset into three sections —train, test, and validation —after rearranging the data. About
70% of the data is utilized for training, while the remaining 30% is used for testing and validation (refer to

Table 2).
Table 2: Distribution of MRI slices for training

Brain tumor type Training Validation Testing
Normal 358 43 15
Abnormal 407 50 17

Dataset Meningioma 503 57 151
Glioma 1033 116 280
Pituitary 675 76 182

3.3. CNN Architecture

Convolutional neural network works on three layers included input layer, hidden layer and output
layer. Input layer receives input images and passes through hidden layer made up of maximum pooling
layers and output layer provided the prediction.

Formulas:
e Size of Convolutional Layer Output:

The output size can be calculated using the following formula:
inputsize — filtersize + 2 * padding +1

OutputSize = 1
wtpubize Stride @
e Pooling Layer Output Size:
The output size can be calculated using the following formula:
) inputsize — poolingsize
OutputSize = (2)

Stride
e  Fully Connected Layer Output:

The output size can be calculated using the following formula:
Output = Activation(}i input i * weight i + Bias) 3)

Filter Size: The convolutional filter's (sometimes called the kernel's) parameters (width or height).

The number of pixels added to the input feature map's borders prior to the convolution is known as
padding. Retaining spatial information is aided by padding.

Step Size: The number of pixels that the convolutional filter moves in a single step.

The filter's center position is taken into account in the formula by the "+ 1".
3.3.1.  Interaction of data:
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The proposed CNN uses labeled kidney and brain tumor data, with 'Yes'/'No' labels guiding tumor
detection. Dataset diversity improves learning and model adaptability. ReLU, a non-linear activation
function, is applied within convolutional layers. It helps address the vanishing gradient problem during
backpropagation.

Input

Transformed

Kernel

Figure 4. Convolution operation on 5 x 5 image using 3 x 3 kernel

Output

Figure 5. A graphic representation of the ReLU activation function

3.3.2.  Experimental Setup

This study employs Convolutional Neural Networks (CNNs) to train models for detecting kidney and
brain tumors. Python programming will be used for the experiments, and well-known libraries like
TensorFlow and Keras will be used to build and train CNN structures.

To speed up the model training process, the hardware infrastructure consists of a typical workstation
equipped with a powerful GPU. The selection of GPU ensures faster convergence and effective use of
computational resources by speeding up the numerous operations required for training deep neural
networks.

We shall use preprocessed data set with binary labels indicating a tumor presence or absence in the
brain MRI images to train and validate the CNN of brain tumor detection model. A preprocessed collection
of CT or kidney MRI images with two-class labels signifying tumors and no tumors will also be used to
train kidney tumor detection model. In the training stage the model will need to repeat learning and tuning
of the parameters so as to arrive at the highest accuracy in the identification of tumors. Accuracy, precision,
recall, F1 score are some of the strict parameters that will be used to measure model performance. The
whole experimental setting is legal and ethical, as well as does not infringe the privacy of the patient and
does not contradict the existing regulations. The current proposal to conduct an experiment establishes a
strong background into the development and application of CNN models to specifically detect kidney
cancer and brain tumors towards attaining an accurate and reliable medical imaging environment in the
real-world settings.

These images are applied with binary labels to show the presence of tumors. We also use a
preprocessed dataset of kidney CT or MRI images with binary labels to indicate whether or not there is a
tumor in order to train the kidney tumor recognition model. These models are repeated during the training
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iterations still adjusting the parameters in order to ascend to the greatest tumor detection accuracy. To
measure the results of the models we apply strict rates including accuracy, precision, recall, and F1 score
in order to have a trustworthy display of the model functional efficacy.

4. Simulation and Results

To exceed the limit to the point of the point of the pioneering study done in the form of a publication,
the study will analyze the experimental findings of this highly captivating chapter. To segment brain
tumors, we made a choice in favor of Wang et al., 2021, the article entitled Brain Tumor Segmentation using
Multi-Scale Re-sidual U-Net with Hybrid Loss Function. They recorded Dice coefficient score of 86.5
percent accuracy. Amazingly our model can do better at 96 % accuracy, which is very incredible.
Nevertheless, having 87.4 accuracy, the article by the group of Li (2020) Deep Learning-Based Kidney
Segmentation in CT Images: A Comparative Study builds the new standard of kidney tumor segmentation.
The accuracy rate is expected to be similar to that of 96%.
4.1. Dataset Interaction

Our model achieves its performance mostly based on the properties of the annotated brain and kidney
tumor images. The network is instructed based on the labels of yes and no to determine the regions that
are tumor-like and non-tumor like. Due to a wide range of the dataset, the learning capacity is enhanced
and guarantees its implementation in multiple medical imaging settings.
4.1.1.  Comparison Table

In the following comparison table, we have contrasted the performance values of our model with
those of Wang et al. (2021) and Li et al. (2020). Kidney tumor measurements and brain tumor measurement
are Dice coefficient score, accuracy, sensitivity and specificity. The following table gives the quantitative
summary of the strengths and enhancements offered by our model.

Table 3. Accuracy comparison table

Proposed Model

Proposed Model

. lidati
Metric (Train) (Validation) [31] (Dice Score) [31] (Dice Score)
Dice Coefficient 96% 94% 86.5% 87.4%
Accuracy 92% 93% 88.2% 89.2%

4.1.2.  Performance metrics:
Performance Measures for Segmenting Brain Tumors
In order to assess our CNN model on brain tumor segmentation, we employed the use of accuracy,
precision, recall, false positive rate (FPR), true negative rate (TNR), and dice score where we compare the

results with those of other studies.
TP+TN

Accuracy = ————— 4
TRATN+FP+FN
Precision = ()
TPAEP
Recall = (6)
TP+FN S TP
Dice Coefficient = m (7)
TN, FP, TP and FN stand among them, true negative, false positive, true positive and false negative

respectively.

Our CNN model consists of seven total layers: convolutional layers with max-pooling, a set of flatten
layer and dense layers. Moreover, when examining the model and training it, the Dice coefficient as a
statistic to measure the geographical coverage of the actual and projected position of the tumor is utilized.
4.1.3.  Brain Tumor Detection

This means that the brain tumor detection model showed good results, exceeding 96 per cent accuracy
reported by Isensee et al. (2018) was achieved, and it offered a high Dice score of 0.956, which beats the
state-of-the-art outcomes. The augmentation of data increases the scalability and the diversity of the model.
Detecting brain and kidney cancer in separate CNN models was done and evaluated with the help of
accuracy, precision, recall, and F1 score. This study is expected to enhance the diagnosis of a tumor and
medical imaging with keeping the privacy and integrity of patients.
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Figure 6. CNN model’s performance a) confusion matrix

Precision-Recall Curve for Brain Tumor Detection
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Figure 7. CNN model’s performance b) PR curve
4.1.4.  Kidney Tumors Detection:

With an accuracy of 92 percent our model held its own when it came to finding kidney tumors. This
precision is more than the 87.4 per cent in the comparative study by Li et al. (2020). The Dice coefficient
was 0.92 and it again showed that our model is effective in producing the predictive model to assess kidney
tumors.
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Figure 8. CNN model’s performance a) confusion matrix
4.2. Comparative Analysis
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Our method gives superior results of kidney and brain tumor detection than by the other research
papers. This resulting performance improvement proves the efficiency of our suggested path that consists
in a complex design of a convolutional artificial neural network (CNN) and the detailed preparation of
data.

Besides the high accuracy levels that exceed those already set, the model also depicts strong
robustness and generalization. Improving accuracy is not the only benefit of our proposed technique, the
method also offers a more in-depth understanding tumor segmentation, thus helping analyzing medical
images. These results prove the flexibility of our method and its possibility to be applied in practice.
Besides, the comparisons with the already existing standards in research demonstrate that our method is
an efficient solution to enhancing the accuracy of kidney and brain tumors recognition.

4.2.1.  Brain Tumors Detection:

The versatility of our method is evidenced by it having an accuracy of up to 96 percent in the
identification of brain tumors. A Dice of 0.956 states that our model predictions are very close to the actual
one. This shows that our conception based on U-Net of a convolutional neural network (CNN) can extract
intricate patterns within brain images.

4.2.2.  Kidney Tumors Detection

The proposed model would have 92 per cent accuracy in identifying kidney cancer, and this proves
its flexibility and efficacy in other fields of medical imaging. The Dice coefficient of 0.92 indicates how our
model is accurate in segmenting kidney tumors. We mention the comparative study of Li et al. (2020), the
results of which are superior to the accuracy of 87.4% provided by the authors of that work.

4.3. Methodological Considerations
4.3.1.  Data Preprocessing

Such data preparation as resizing, normalization, and augmentation (e.g., in the rotation, flipping,
and shifting) enhanced the detection of tumors and generalization of the models. sophisticated
preprocessing such as the histogram equalization and intensity normalization improved further.

4.3.2.  Model Architecture

Using animproved CNN architecture, kidney and brain cancers can be identified with high accuracy.
Tumor segmentation performance is improved by using convolutional layers, which allow the model to
automatically extract relevant features from the input image.

4.3.3.  Data Augmentation:

Rotation, inversion, scaling, and translation are examples of data augmentation techniques that we
use to artificially increase the diversity of our training data. The model is able to learn from a wider range
of tumor changes because to this augmentation, which also helps minimize overfitting.

4.3.4.  Implications for Medical Imaging

The field of medical imaging will be significantly impacted by our models' ability in detecting kidney
and brain tumors. Tumor segmentation that is accurate and effective can help doctors diagnose patients
and arrange treatments. Our model is positioned as a useful tool in neuroimaging due to the excellent
accuracy in brain tumor detection that we attained, surpassing current benchmarks.

Our suggested method has outperformed current standards in the identification of kidney and brain
tumors. The models' accuracy is a result of careful data preparation and sophisticated CNN architectures.
Our models' performance is important for medical imaging, but it also opens the door for further
improvements and applications in real-world healthcare settings.

4.3.5.  Interpretability

We use methods like gradient-weighted class activation mapping (Grad-CAM) and attention
processes to make our models more interpretable and to shed light on how they make decisions. These
techniques help physicians comprehend and validate the model's output by highlighting the areas of the
input photos that contribute most to the model's predictions.

The thorough methodological considerations mentioned above highlight our dedication to creating
reliable and efficient CNN-based models for the identification of kidney and brain tumors. We hope to
solve the difficulties in medical image analysis and open the door to better patient care and accuracy in
diagnosis by combining a variety of approaches.
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5. Conclusion

This methodology gives better outcomes as compared to other algorithm accuracy through imaging
of brain and kidney image diseases should be diagnosed so novel approach adopted segmentation method.
The MRI Dataset shows binary labels help distinguish between tumor and non-tumor regions and
streamline the model's learning process. Clinical dataset keep privacy and interoperate ability with flexible.
For the purpose of creating and evaluating CNN models specifically designed for kidney and brain tumor
detection, the suggested experimental methodology provides a strong base. Proposed technique holds
potential for major improvements in tumor diagnosis and patient care, with an emphasis on achieving high
precision and dependability in practical medical imaging scenarios. Crucially, every aspect of our
experimental setup complies with stringent legal and ethical guidelines, giving patients' privacy and legal
compliance top priority. This contract guarantees the privacy of sensitive patient data and emphasizes the
ethical conduct of our research. A solid foundation for the creation and assessment of CNN models
especially designed for the detection of kidney and brain cancers is provided by the suggested
experimental strategy. This method focuses on attaining high accuracy and dependability in practical
medical imaging situations, which sets the foundation for noteworthy progress in tumor detection and
improves patient care.
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