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Abstract
Accurate segmentation of brain tumors from medical imaging data is crucial for diagnosis ,
treatment planning and monitoring of brain tumor patients. This research explores the application
of convolutional neural networks (CNNs) for brain tumor segmentation , focusing on the
integration of multimodal imaging techniques. Specifically , we investigate the fusion of various
imaging modalities such as Magnetic Resonance Imaging (MRI) and CT scans (Computed
Tomography) to improve segmentation accuracy and robustness. Our approach involves
preprocessing techniques for data normalization and augmentation, followed by the design &
training of CNN architectures tailored for multimodal image fusion. Evaluation metrics include
Dice coefficient , sensitivity and specificity , comparing our method with traditional single
modality segmentation approaches. This study conducts a comparative exploration of CNN
model, including HRnet, U-net and ResUnet architectures. Experimental results demonstrate that
our approach of multimodal image fusion using CNN achieves superior segmentation
performance, effectively handling variations in tumor appearances across different imaging
modalities. Experimental results on real-world data demonstrates that our approach of multimodal
image fusion using Deep Neural Networks achieves superior segmentation performance, with
accuracies of 99.49% for HRNet, 98.10% for ResUNet, and 99.48% for UNet, effectively
handling variations in tumor appearances across different imaging modalities. This research
contributes to advancing state-of-the-art in brain tumor segmentation, offering a comprehensive
framework that can potentially enhance clinical decision-making and patient care.
Keywords - MRI, CT, CNN, ResUnet, U-net, HRnet, fusion, segmentation.

L. INTRODUCTION

Segmenting brain tumors, which means identifying and delineating the boundaries of tumors
within brain images, is a critical area of study in medical research. The process is crucial for
diagnosing, planning treatment and monitoring the progression of brain tumors. Over the years,
this topic has garnered significant attention and effort from researchers, leading to the
development of various sophisticated techniques and models.

Advancements in technology and research have led to the creation of several effective models
specifically designed to segment brain tumors accurately. These models use various algorithms
and approaches, often leveraging machine learning and deep learning techniques, to identify and
isolate the regions in medical images where tumors are present. These models are evaluated based
on their accuracy , efficiency and ability to generalize across different datasets.The study
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described in this paper undertakes a comparative analysis of different well known brain tumor
segmentation models like HRnet, U-net and ResUnet, specifically focusing on fusion of CT
(Computed Tomography) scans and T2-weighted MRI (Magnetic Resonance Imaging)
images.CT imaging is crucial for brain tumor diagnosis and management because it provides
high-resolution anatomical details, quickly detects calcifications and hemorrhages, and offers
excellent bone visualization, all of which are essential for accurate diagnosis, surgical planning
and emergency assessments. T2 MRI images are a type of magnetic resonance imaging that
provides detailed images of the brain, useful for identifying abnormalities like tumors.
Additionally, CT scans complement MRI by providing rapid imaging and specific anatomical
information that enhances the overall understanding of the tumor’s characteristics and its impact
on surrounding brain structures.This paper evaluates how 3 different models, HRnet, U-net and
ResUnet perform in segmenting tumors from T2 MRI images.

Additionally, the paper extends the comparison by including a novel approach involving fusion
images.Fusion images are created by combining information from different imaging modalities,
in this case, CT (Computed Tomography) and T2 MRI images. The fusion method aims to
leverage the strengths of both the modalities to enhance the accuracy and reliability of the
segmentation process.

In the context of this research, the fusion method [our paper reference] integrates CT images and
T2 MRI images into a single composite image. CT image provide excellent anatomical detail and
are particularly good at visualizing bone structures, while T2 MRI images offer superior soft
tissue contrast, making them effective in highlighting tumors.By combining these two types of
images, the fused image potentially provide a richer source of information, which could lead to
better segmentation performance compared to using either modality alone.The paper aims to
determine whether this fusion approach offers a significant advantage over traditional methods
that use single modality images for brain tumor segmentation.

The main objective of this work is to develop a computerized framework for detection brain tumor
factors using advanced technologies such as machine learning, as described below:

1. The primary goal is to design and develop a robust and comprehensive segmentation
method that integrates multiple imaging modalities, including CT scans and MRI, to accurately
segment various types of brain tumors.

2. To enhance early detection of brain tumors by effectively integrating multimodal
information. This involves developing a model capable of identifying heterogeneous tumor
regions that may be difficult to detect using single modality alone.

3. The study seeks to attain greater accuracy in brain tumor segmentation compared to
conventional single modal approaches. By combining data from multiple imaging modalities, the
goal is to develop a segmentation model that can more effectively capture variations in tumor
appearance, size and location.

4. The study aims to confirm the effectiveness of the proposed multimodal segmentation
method using diverse and real world datasets. This includes assessing the model’s performance
across various tumor types, sizes and imaging conditions to ensure its robustness and adaptability.
5. A key objective is to compare the proposed multimodal approach with traditional single-
modal methods, highlighting its superiority in accuracy, sensitivity, specificity and overall
segmentation quality through various evaluation metric parameters.
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II. RELATED WORK

MRI images are renowned for their exceptional quality in the medical field. However, they may
occasionally lack certain details that are crucial for accurately identifying or segmenting
tumors.Additionally , the transition between tumorous and non-tumorous regions is often very
gradual, making it challenging to delineate brain tumors precisely. Furthermore, the presence of
water or bleeding in the tumor area can complicate matters, as conventional methods often
struggle to distinctly highlight the tumor within the overall abnormal region.

Brain tumor segmentation is a crucial step in the diagnosis and treatment planning of brain
tumors. Accurate segmentation can significantly impact the clinical outcome by aiding in precise
tumor delineation , monitoring tumor progression, and planning surgical or radiotherapy
interventions. This survey aims to provide a comprehensive overview of the methodologies and
advancements in brain tumor segmentation, highlighting the strengths and limitations of various
approaches.Early methods for brain tumor segmentation primarily relied on traditional image
processing techniques. These methods include thresholding, region growing and clustering based
approaches. Although straightforward to implement, these methods often struggle with the
complexity and variability of tumor experience.

Various machine learning and deep learning techniques have been widely employed for
identifying brain tumors. In [2] , researchers utilized the capsule neural network to classify
different types of brain cancers using an open database and tested it with the TGCA-GBM dataset
from the TCIA. Compared to other systems, this approach shows significant improvements in
classification accuracy while requiring less computational effort and reducing both training and
prediction times. However, upon evaluating and testing the proposed method, it becomes evident
that the capsule neural network-based classifier outperforms convolutional networks.

Brain tumors vary in location , shape, size and contrast, often overlapping with healthy tissue. Hu
et al. developed a decision tree classifier using hand-crafted textual features from biopsies to
predict tumor molecular alterations [3]. In contrast, deep learning (DL) methods automatically
learn and extract relevant features, analyzing patterns at multiple levels - from basic shapes and
edges to complex textures and patterns -without needing manual feature selection. Researchers
have explored various ML techniques for brain tumor segmentation.Amin et al. developed an
automated network using a support vector machine (SVM) with different kernels, showing high
efficiency on the Harvard and Rider datasets [4]. Mehmood et al. used a self organizing map
(SOM) clustering algorithm, achieving 76% accuracy for brain lesion segmentation[5]. Demirhan
and Guler applied SOM and learning vector quantization (LVQ) for white matter (WM) and gray
matter (GM) segmentation [6]. Zexuan et al. used generalized rough fuzzy C -means clustering
for tumor segmentation [7]. The Adaptive Fuzzy K-mean (AFKM) technique improved upon
fuzzy C-means (FCM) offering better qualitative and quantitative results for segmenting WM,
cerebrospinal fluid (CSF), and GM[8]. Most research on brain tumor segmentation has focused
on machine learning (ML) techniques, which are well suited for handling large datasets.
However, some ML methods rely on manually segmented training images, which are costly and
labor-intensive, requiring expert radiologists. Consequently, typical ML approaches often need
human intervention and feature extraction to distinguish tumor properties in imaging data [9][10].
Havaei et al. used a Convolutional Neural Network (CNN) for brain tumor segmentation,
achieving a 0.88 dice score and reduced segmentation time[11]. Pereira et al. also achieved a 0.88
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dice score with their CNN based system [12]. A 3D CNN model demonstrated a dice score of
0.89 for brain lesion segmentation[13]. An automated deep neural network (DNN) model for
MRI scans reported a 0.72 dice score[14]. A fully convolutional residual neural network (FCR-
NN) achieved a 0.87 dice score for tumor segmentation[15]. Another DNN based method also
attained a 0.87 dice score[16]. Additionally , a Fully Convolutional Network (FCN) provided
accurate tumor segmentation using MRI scans (T1, Tlc, T2, and Flair)[17].

Despite strong benchmark results, deep learning methods for brain tumor segmentation still face
limitations. These methods often struggle with accurately delineating visual objects and
maintaining spatial consistency and appearance in the segmentation results.

Mittal M. et al. proposed a combined framework integrating Stationary Wavelet Transform (SWt)
with Convolutional Neural Networks (CNN) for brain tumor segmentation to improve model
accuracy[18]. Instead of using Fourier Transform, SWT was employed for feature extraction,
which is more effective for handling discontinuous data. This was followed by a Random Forest
(RF) method for classification., resulting in a 2% accuracy improvement over traditional CNN
approaches. Nilesh Bhaskarrao et al. introduced a segmentation framework using Berkeley
Wavelet Transform (BWT) combined with Support Vector MAchines (SVM) [19]. BWT was
used for feature extraction and SVM was applied for classification, achieving results of 96.51%
accuracy, 94.2% specificity and 97.72% sensitivity.Additionally, another study implemented a
two-stage framework combining RF and SVM (RF-SVM) for tumor lesion segmentation, where
RFwas used to learn tumor labels and SVM classified these labels [20]. Zhao et al. employed a
hybrid technique of CNN and Convolutional Random Fields (CRFs) for brain tumor
segmentation, achieving a Dice score of 0.87%][21].

Compared to traditional machine learning algorithms, deep learning techniques have proven more
effective for segmenting and classifying brain tumor MR images. This study thoroughly examines
the significant progress in deep learning approaches from 2010 to 2020. Deep learning networks,
with their multiple hidden layers, represent input data through various extraction layers,
addressing many challenges faced by conventional machine learning methods. Moreover, these
techniques possess self -learning and generalization capabilities, facilitating accurate quantitative
analysis of medical imaging features. Consequently, deep learning-based methods achieve
precise detection of neurological disorders and are highly regarded in the medical image
processing field[22].

In the paper[23], the authors reference CBTRUS statistics estimating that 18,600 individuals will
succumb to brain cancer in 2021. Early diagnosis through multimodal imaging can potentially
reduce this mortality rate. Manual detection of brain tumors from MRIs and CT scans is not only
time-consuming but also prone to human error. Machine learning techniques offer faster and more
accurate detection compared to traditional methods.The study employs the Image Fusion
technique for preprocessing, simplifying and accelerating feature extraction. This system can
serve as a decision-support tool for identifying brain tumors and aid in remote triaging, thereby
reducing hospital workload. This research employs the Image Fusion technique for
preprocessing, which streamlines and expedites feature extraction. For image segmentation, the
U-net architecture is utilized.For classification, U-net, ResNet50 and CNN models are
implemented. Among these, ResNet50 achieved the highest accuracy at 98.96%, followed closely
by U-net with an accuracy of 97.99%.However , the research is based on a public dataset due to
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the difficulty of collecting real-time data during the pandemic. Future plans include training the
models on real-time data to enhance their clinical applicability. This approach promises to
provide substantial clinical support and contribute to lowering brain cancer mortality rates.

III. PROPOSED METHODOLOGY

The proposed methodology aims to evaluate and compare the performance of three state-of-the-
art segmentation models on two types of brain images for tumor segmentation: T2 weighted MRI
images and Fusion images made by combining CT and MRI images. By combining important
features from both the modalities into a single image helps in highlighting the features present in
the image better. For example, CT image can capture bleeding or water accumulation better than
MRI, whereas MRI generally captures more details than other modalities. The goal of our
research is to demonstrate the superior performance of our fusion technique over traditional T2-
weighted MRI Imaging using various recent Deep Neural Networks. The evaluation of these
models is conducted using comprehensive metrics such as the Dice coefficient, Hausdorff
distance, and conformity Index on multiple real-world data collected from Pathology labs.
Overall, this study contributes to the field of medical imaging by providing a comprehensive
framework that not only improves segmentation accuracy but also offers insights into the
synergistic benefits of multimodal image fusion.

A. Data Acquisition:

The Magnetic Resonance - Computed Tomography (MR-CT) Jordan University Hospital (JUH)
dataset was utilized for training the segmentation models in this study. The dataset was collected
with Institutional Review Board (IRB) approval from the hospital, and informed consent was
obtained from all patients. All procedures followed the ethical standards of the World Medical
Association’s Declaration of Helsinki[24].

The dataset comprises 2D image slices extracted using the RadiAnt DICOM viewer software and
transformed into the DICOM image data format with a resolution of 256x256 pixels. It includes
a total of 179 2D axial image slices representing 20 patient volumes (90 MR and 89 CT 2D axial
image slices). The dataset features MR and CT brain tumor images along with corresponding
segmentation masks.

MR images for each patient were acquired using a 5.00mm T Siemens Verio 3T with T2-weighted
imaging without a contrast agent, 3 Fat sat pulses (FS), 2500-4000 TR, 20-30 TE, and a 90/180
flip angle. CT images were captured with a Siemens Somatom scanner with a 2.46mGY.cm dose
length, 130KV voltage, 113-327 mAs tube current, topogram acquisition protocol, 64 dual
source, one projection, and a slice thickness of 7.0mm. Smooth and sharp filters were applied to
the CT images. The MR scans have a resolution of 0.7x0.6x5 mm?, and the CT scans have a
resolution of 0.6x0.6x7 mm?®.

Additionally,a set of 20 MRI and CT images acquired from a local pathology lab were used. The
fusion images were created using the aforementioned fusion technique, as detailed in our
accompanying paper. The T2 MRI and Fusion images were fused, followed by annotation to train
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the model on these fusion images. To enhance the training dataset, data augmentation techniques
were employed, ensuring more robust model training.

B. Training Process

° Data Augmentation:

In our training process we applied data augmentation techniques with the following parameters:
a rotation range of 0.2, width and height shift ranges of 0.05, shear range of 0.05, zoom range of
0.05, and horizontal flipping, with the fill mode set to nearest. These augmentations were applied
to the training data before training all the models resulting in approximately 15,000 images for
the training set.

After training the models on MRI and CT images along with their masks, we employed transfer
learning to further train the models on new fusion images. This allowed the models to learn the
features highlighted in the fusion images. The models were trained for an additional 20 epochs
with a learning rate of 0.0001to maintain consistent results.

Three models HRNet [25], ResUNet[26], and UNet[27] were used for brain tumor segmentation.
Initially , all models were trained on MRI and CT images to learn the basic features of a brain
tumor. The Adam Optimizer was used, as it is the preferred optimizer in the respective
papers[25][26][27]. The data was split into 70% for training, 20% for validation, and 10% for
testing.

° HRNet:

The High-Resolution Network (HRNet) is a neural architecture designed to maintain high-
resolution representations throughout visual recognition tasks[26]. Unlike conventional
architectures that encode images into low-resolution representations before decoding them back
to high-resolution, HRNet continuously exchanges information across multiple parallel
convolution streams at different resolutions. This design choice makes it particularly well-suited
for tasks requiring high spatial precision, such as semantic segmentation, human pose estimation,
and object detection.
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Figure 1: Architecture of High Resolution network

HRNet comprises three primary stages: 1. Parallel Multi-Resolution Convolutions, 2. Repeated
Multi-Resolution Fusion, 3. Representation Head, as illustrated in Figure 1. The top layer
signifies the Main Convolution layers, while the bottom layers are downsampled layers, with up
to four parallel streams that are preserved and fused continuously throughout various stages.[28]

The network initiates with a high-resolution convolution stream. It progressively incorporates
lower-resolution streams parallelly as the network deepens,with each new stage introducing an
additional lower-resolution layer while retaining the higher-resolution streams from earlier
stages.The fusion of lower-resolution layer enriches the data and preserves precise spatial
information across different scales.[28]

HRNet’s architecture is preferred for segmentation tasks as it maintains the high-resolution
spatial information throughout the network. This leads to more precise boundary detections and
better overall segmentation performance. The continuous exchange of multi-resolution
information ensures that the high-resolution details are preserved, which is crucial for brain tumor
segmentation where spatial accuracy is an important parameter.

° ResUNet:

ResUNet is an advanced deep learning model that merges components from both Residual
Networks (ResNet) [26] and U-net [30], forming a hybrid structure that leverages the advantages
of each. Introduced by He et al. in 2015[29], Residual Networks (ResNet) transformed deep
learning by mitigating the vanishing gradient issue, which often obstructs the training of very
deep networks.ResNet employs residual learning to facilitate the training of significantly deeper
networks than those previously used. U-Net, created by Ronneberger et al. in 2015[30], was
initially designed for biomedical image segmentation but has since been widely applied in various
domains requiring pixel-level classification. The encoder-decoder framework utilized by U-net
first reduces and then increases the input dimensions to capture features at multiple scales. U-
Net[30] also incorporates skip connections that convey feature maps from the encoder to the
corresponding layers in the decoder. These connections ensure the decoder accesses high-
resolution features, which are essential for accurate localization and boundary detection.

ResUNet[26] incorporates residual blocks within the encoder, utilizing shortcut connections and
identity mappings derived from ResNet. Additionally, ResUNet employs skip-connections
between the encoder and decoder to preserve high-resolution information, aiding in precise
segmentation boundaries and small structures. Distinct from other convolutional neural networks
(CNNs), ResUNet leverages a custom loss function to balance pixel-wise accuracy and boundary
precision, resulting in enhanced performance and quicker convergence. This hybrid method
produces a robust segmentation model ideal for numerous applications demanding high accuracy
and detailed segmentation.
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Figure 2: Architecture of ResUNet

The ResBlock in ResUNet is different as compared to UNet, Below Figure shows the residual
block that is used in ResUNet, Each unit within the residual block has the same number of filters
with all other units. where the different channels designate different dilation rates. Also
PSPPooling is used to capture the global contextual information by aggregating features from
different subregions of the input at multiple scales.
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Figure 3: Architecture of Residual Block of ResUNet

ResUNet surpasses traditional models like U-Net and HRNet by integrating residual connections
and atrous convolutions, which improve training stability, feature representation, and
segmentation accuracy, particularly for tasks requiring precise boundary delineation and multi-
scale feature integration.

o Unet

U-Net[27] is a convolution neural network architecture that excels in segmentation tasks. U-
Net[27] has gained significant popularity due to its ability to produce high-quality segmentation
results with relatively few training images.
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The architecture of U-Net[27] consists of a Encoder (Contracting Path) and a Decoder (Expansive
Path). This makes the famous U shaped structure that the Network is named after. U-Net[27] has
gained significant popularity due to its ability to produce high-quality segmentation results with
relatively few training images.

The U-shaped design allows for precise localization of features while maintaining contextual
information. The contracting path follows a typical Neural Network architecture where
Convolution layers are present followed by an Activation function (which is ReLU incase of U-
Net) and a Softmax layer. The decoder path consists of an upsampling layer followed by a 2x2
convolution that halves the number of features while doubling the size of input. Similarly, the
upsampling layer is also followed by a ReLU activation function. In the end a final 1xI
convolution is used to map all components with the desired number of output classes.

The reason why U-Net is preferred for segmentation tasks is due to its ability to capture both
localization and context[27]. It also performs very well when we have a limited amount of
training data and uses skip connections to preserve finer-grained details. In the particular paper
referred above, the model was trained with a learning rate of 0.01 and a batch size of 1, and used
weighted cross-entropy loss to enhance the dataset and mitigate overfitting[27]. These
hyperparameters were selected to optimize the model's performance on biomedical image
segmentation tasks, balancing training time and accuracy.
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As shown in figure 4 the Unet architecture resembles a U-shaped architecture that is formed due
the use of upsampling and downsampling layers. The layers in the encoder part of the model that
have the input shape and number of channels are connected using a skip connection to a layer
that has the same input shape and the same number of channels.

° Transfer Learning
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In order to develop an efficient model with a low amount of training data is a very challenging
task and in order to achieve optimum results we are using Transfer learning. The models are first
trained on the MRI images for 20 epochs with a learning rate of 0.001 so that the model captures
information about the tumors better. Once each model is trained on the MRI images the new
fusion images are used for training for the same number of epochs. Using augmentation we
trained the model with 1100 Fusion images. The learning rate was kept 0.001 for training on
Fused imagest too. To keep the analysis fair between different models all the models were trained
with the same number of epochs.

At the end of training with MRI and Fusion images the model has better Accuracy of Validation
Set of 99.49% for HRNet, 98.10% for ResUNet, and 99.48% for UNet, respectively as compared
to directly training the model with Fusion images which results in a lower accuracy.

IV. RESULTS AND DISCUSSION

To rigorously evaluate and compare the performance of segmentation models on two distinct
image datasets, we implemented a comprehensive analysis using a variety of performance
metrics. This analysis was conducted on a curated set of 10 images from each dataset. By
averaging the results across all images, we aimed to present a clear and objective assessment of
each model’s overall efficacy across different types of data.

The evaluation involved the following key metrics:

° Intersection over Union (IoU); This metric was used to quantify the area of overlap
between the predicted segmentation and the ground truth relative to the total area covered by
both. IoU provides a robust indication of the model’s ability to correctly identify the region of
interest within the image, offering an overall performance score.

° Dice Coefficient: To further assess the accuracy of the segmentation, the Dice Coefficient
was employed. The metric calculates the degree of overlap between the predicted and actual
segmentation masks, effectively measuring how closely the model’s output aligns with the
ground truth.

° Hausdorff Distance: This metric was utilized to evaluate the spatial similarity between the
predicted segmentation boundary and the actual boundary. By measuring the maximum distance
from a point on the predicted contour to the closest point on the ground truth contour, the
Hausdorff Distance provided insights into the precision and reliability of the model’s boundary
predictions.

° Conformity Index: Recognizing the importance of balancing precision and recall, the
Conformity Index was used to evaluate the trade-off between false positives and false negatives.
The metric is particularly valuable for understanding the model’s performance in scenarios where
over-or under segmentation can significantly impact the outcome.

These metrics were carefully selected to endure a comprehensive evaluation of segmentation
accuracy, robustness and reliability across diverse image types. By applying these measures, we
aimed to provide a thorough comparison of model performance, highlighting strengths and areas
for improvement in different segmentation scenarios.

To create a Test set which can be used for benchmark, we took help of a local pathology lab to
collect data of several patients. 6 unique cases were selected from the total data as a sample. A
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T2 MRI slice and a CT slice was taken for each case, which further were used to generate a
Fusion image. All the models were tested with this data to evaluate the performance of these
models.

1. HRNet:

HrNet shows the best results out of all the algorithms. Figure 5 (a) shows the segmentation results
done on MRI image, the predicted tumor region is lesser than ground truth. whereas in the fusion
image the predicted mask closely resembles the ground truth with some minor error.

Ground Truth Mask

Original Image

Ground Truth Mask

Original Image

Predicted Mask  Overlay (Yellow: GT, Red: Predicted) Predicted Mask  Overlay (Yellow: GT, Red: Predicted)

(@) ()

The IOU score on the compiled test was 0.278 while the average IOU score for Fusion images
was 0.5231 which is an increase of around 88.10%. Similarly, the Dice Metric increased from
0.0022 for MRI to 0.0040 with Fusion, reflecting better overlap between predicted and true
segmentation. The Hausdorff Distance (HD), which measures the maximum segmentation error,
decreased from 57.9268 for MRI to 32.4998 with Fusion, indicating more accurate boundary
delineation. Additionally, the Conformity Index (CI) improved from 0.2781 with MRI to 0.5231
with Fusion.

2. ResUNet:

The performance of ResUNet is subpar as compared to other model, as show in Figure 6 (a) the
Predicted mask covers only a small part of the ground truth mask just like the one we got using
HRNet. However, the Fusion image does not detects the tumor into two small segments instead
of one.
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Looking at the results from testing ResUNet with the benchmark dataset we can say that
the ResUNet is well trained on the MRI images that were used earlier in the training process.
However, while training the model on Fusion images using Transfer learning the model as not
able to accurately capture and train according to Fused Images. The Intersection Over Union
(IoU) score for MRI images is 0.5292, significantly outperforming the Fused Images score of
0.1506, indicating a superior overlap between the predicted and actual segmentation for MRI
images. The Dice Metric also shows a better result for MRI at 0.0049, compared to 0.0015 for
Fused Images Additionally, the Hausdorff Distance (HD), which measures the maximum
deviation in boundary segmentation, is lower for MRI at 22.9645 compared to 28.8188 for Fused
Images, reflecting average boundary precision for both models with MRI being better.. Moreover,
the Conformity Index (CI) for MRI is 0.0020, which is higher than the score of 0.0008 for Fused
Images.

3. UNet:

The Unet based model performs better than ResUNet model in this case. as shown in Figure 7 (a)
the model detects the tumorous region however it predicts the tumorous region being bigger than
the ground truth, this is a repeating pattern observed is many test cases leading to False Positives.
Since the UNet shows good performance having a high number of False Positive makes the
algorithm less viable as compared to other algorithms

The Intersection over Union (IoU) score for Fusion is 0.4939, which is an improvement over the
MRI score of 0.3440, indicating a better alignment between the predicted and actual segmentation
regions. The Dice Metric remains consistent at 0.0057 for both methods, but the Hausdorff
Distance (HD), which measures the boundary segmentation error, is reduced from 63.8113 with
MRI to 50.4116 with Fusion, reflecting enhanced boundary accuracy. Additionally, the
Conformity Index (CI) improves from 0.3440 with MRI to 0.4939 with Fusion, demonstrating
more consistent and accurate segmentation results with the Fusion approach..
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We have compiled Table 1 with all the values from the test with the Average of Scores for MRI
and Fusion Images for all the models mentioned above. The Values are average of 6 unique
cases. UNet performs well in both MRI and Fusion images maintaining good performance,
however it fall slightly behind when considering the False Positive issue that was observed.
ResUnet performs very well with MRI images however the model fails to adequately capture the
Features of Fused images which resulted in poor performance as compared to other models.
HRNet strikes a good overall score with Fusion images specifically excelling in IoU and
Conformity Index (CI).

Metric Parameter

HRNet ResUNet UNet
Metric Parameter
MRI Images Fusion MRI Images Fusion MRI Images Fusion
Images Images Images
IoU 0.2781 0.5231 0.5292 0.1506 0.3440 0.4939
Dice Metric 0.0022 0.0040 0.0049 0.0015 0.0057 0.0057
Hausdorff Distance 57.9268 32.4998 22.9645 28.8188 63.8113 50.4116
(HD)
Conformity Index 0.2781 0.5231 0.0020 0.0008 0.3440 0.4939
(&3]

V. CONCLUSION AND FUTURE SCOPE

In summary, this methodology outlines a comprehensive approach to evaluating the performance
of three segmentation models on T2-weighted MRI and fusion images. Based on the above results
we concluded that HRNet is more preferable than the other options due to its performance across
different real-world test cases. Moreover, it also scores a higher accuracy of 99.49%, which is
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higher than other models. When compared with the MRI counterparts for each model, the
performance is vastly better than other models in most of the test metrics. On an average there is
a 10-15% increase in performance of these models across different test metrics. By rigorously
comparing these models, we aim to demonstrate the effectiveness of our fusion technique in
improving tumor segmentation accuracy, ultimately contributing to better diagnostic and
treatment planning in clinical practice. However, the tests shown here are done with a small
amount of data due to the inability to use more data. In Future, we can expand upon this research
by testing the Fusion technique with more data and with other Deep Neural Networks to further
improve the performance.

REFERENCES
1. Reham Gharbia, Ahmad Taher Azar, Ali El Baz, Aboul Ella Hassanien,“Image Fusion
Techniques in Remote Sensing”, arXiv:

2. D. T. V. Kumar, “Classification of brain cancer type using machine learning,” Journal of
Artificial Intelligence Capsule Networks, vol. 2019, no. 2, pp. 105-113, 2019.
3. A Comprehensive Survey on Brain Tumor Diagnosis Using Deep Learning and

Emerging Hybrid Techniques with Multi-modal MR Image Saqib Alil - Jianqiang Lil - Yan Pei2
- Rooha Khurram3 - Khalil ur Rehman1 - Tarig Mahmood1

4. Amin J, Shrif M, Yasmin M , Fernandes SL (2020), “ A distance approach in brain tumor
detection and classification using MRI pattern recogn Lett 139:118-127

5. Mehmood I, Ejaz N, Sajjad M, Baik SW (2013) Prioritization of brain mri volumes using
medical image perception model and tumor region segmentation. Comput Biol Med
43(10):1471-1483

6. Demirhan A, Giiler I (2011) Combining stationary wavelet transform and self-organizing
maps for brain mr image segmentation. Eng Appl Artif Intell 24(2):358-367

7. Ji Z, Sun Q, Xia Y, Chen Q, Xia D, Feng D (2012) Generalized rough fuzzy c-means
algorithm for brain mr image segmentation. Comput Methods Programs Biomed 108(2):644—655
8. Sulaiman SN, Non NA, Isa IS, Hamzah N (2014) Segmentation of brain mri image based
on clustering algorithm. In: Proceedings of the 2014 IEEE Symposium on Industrial Electronics
& Applications (ISIEA), Kota Kinabalu, Malaysia, pp 60—65. IEEE

9. Goodfellow I, Bengio Y, Courville A, Bengio Y (2016) Deep learning, vol 1. MIT Press,
Cambridge

10. Zacharaki EI, Wang S, Chawla S, Yoo DS, Wolf R, Melhem ER, Davatzikos C (2009)
Classification of brain tumor type and grade using mri texture and shape in a machine learning
scheme. Magn Reson Med 62(6):1609-1618

11. Havaei M, Davy A, Warde-Farley D, Biard A, Courville A, Bengio Y, Pal C, Jodoin P-
M, Larochelle H (2017) Brain tumor segmentation with deep neural networks. Med Image Anal
35:18-31

12.  Pereira S, Pinto A, Alves V, Silva CA (2016) Brain tumor segmentation using
convolutional neural networks in mri images. IEEE Trans Med Imaging 35(5):1240-1251

13. Kamnitsas K, Ledig C, Newcombe VFJ, Simpson JP, Kane AD, Menon DK, Rueckert D,
Glocker B (2017) Efficient multi scale 3d cnn with fully connected crf for accurate brain lesion
segmentation. Med Image Anal 36:61-78

87



MACHINE INTELLIGENCE RESEARCH ISSN:2731-538X | E-ISSN:2731-5398
Vol. 20 No. 01 (2026)

14.  De Smedt F, Hulens D, Goedemé¢ T. On-board real-time tracking of pedestrians on a uav.
In: Proceedings of the IEEE conference on computer vision and pattern recognition workshops,
Boston, pp 1-8. IEEE, 2015

15. Chang PD (2016) Fully convolutional deep residual neural networks for brain tumor
segmentation. In: Proceedings of the International workshop on Brainlesion: Glioma, multiple
sclerosis, stroke and traumatic brain injuries, Athens, Greece, pp 108—118. Springer

16.  Randhawa RS, Modi A, Jain P, Warier P (2016) Improving boundary classification for
brain tumor segmentation and longitudinal disease progression. In: Proceedings of the
International Workshop on Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain
Injuries, Athens, Greece, pp 65—74. Springer

17. Rao V, Sarabi MS, Jaiswal A (2015) Brain tumor segmentation with deep learning.
MICCAI Multimodal Brain Tumor Segmentation Challenge (BraTS) 59:1-4

18. Singh A et al. (2015) Detection of brain tumor in mri images, using combination of fuzzy
c-means and svm. In Proceedings of the 2015 2nd International Conference on Signal Processing
and Integrated Networks (SPIN), pp 98-102. IEEE, 2015

19. Bahadure NB, Ray AK, Thethi HP (2017) Image analysis for mri based brain tumor
detection and feature extraction using biologically inspired bwt and svm. Int J Biomed Imaging
1-13:2017

20. Amiri S, Rekik I, Mahjoub MA (2016) Deep random forest based learning transfer to svm
for brain tumor segmentation. In Proceedings of the 2016 2nd International Conference on
Advanced Technologies for Signal and Image Processing (ATSIP), Monastir, Tunisia, pp 297—
302. IEEE

21.  Zhao X, WuY, Song G, Li Z, Fan Y, Zhang Y (2016) Brain tumor segmentation using a
fully convolutional neural network with conditional random fields. In Proceedings of the
International Workshop on Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain
Injuries, Athens, Greece, pp 75-87. Springer, 2016

22.  Vasilakos AV, Tang Y, Yao Y et al (2016) Neural networks for computer-aided diagnosis
in medicine: a review. Neurocomputing 216:700—-708

23. Elias Hossain,Md. Shazzad Hossain, Md. Selim Hossain,Sabila Al Jannat, Moontahina
Huda, Sameer Alsharif,Osama S. Faragallah,Mahmoud M. A. Eid, and Ahmed Nabih Zaki
Rashed, “Brain Tumor Auto-Segmentation on Multimodal Imaging Modalities Using Deep
Neural Network”, Computers, Materials & Continua 2022, 72(3), 4509-4523.
https://doi.org/10.32604/cmc.2022.025977.

24, CAl-Kadi, Omar; Almallahi, Israa; Abu-Srhan, Alaa; Abushariah, Mohammad; Mahafza,
Waleed (2022), “Unpaired MR-CT Brain Dataset for Unsupervised Image Translation”,
Mendeley Data, V1, doi: 10.17632/z4wc364g79.1

25.  Ke Sun, BinXiao, DongLiu, JingdongWang, “Deep High-Resolution Representation
Learning for Human Pose Estimation”, arXiv:1902.09212v1 [c¢s.CV], 25 Feb 2019

26.  Foivos L. Diakogiannis, Frangois Waldner, Peter Caccetta, Chen Wu, “ResUNet-a: A deep
learning  framework for semantic = segmentation of remotely sensed data”,
https://doi.org/10.1016/j.isprsjprs.2020.01.013, January 2020 0924-2716/ © 2020 International
Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier B.V.

27. Olaf Ronneberger, Philipp Fischer, Thomas Brox, “U-Net: Convolutional Networks for

88



MACHINE INTELLIGENCE RESEARCH ISSN:2731-538X | E-ISSN:2731-5398
Vol. 20 No. 01 (2026)

Biomedical Image Segmentation”,https://doi.org/10.48550/arXiv.1505.04597,18 May 2015

28.  Jingdong Wang, Ke Sun, Tianheng Cheng, Borui Jiang, Chaorui Deng, Yang Zhao, Dong
Liu, Yadong Mu, Mingkui Tan, Xinggang Wang, Wenyu Liu, and Bin Xiao , “Deep High-
Resolution Representation Learning for Visual Recognition” , IEEE TRANSACTIONS ON
PATTERN ANALYSIS AND MACHINE INTELLIGENCE, MARCH 2020,
https://doi.org/10.48550/arXiv.1908.07919.

29.  Bhor HN, Kalla M. TRUST-based features for detecting the intruders in the Internet of
Things network using deep learning. Computational Intelligence. 2022; 38(2): 438—462.

30. Terdale, J. V. ., Bhole, V. ., Bhor, H. N. ., Parati, N. ., Zade, N. ., & Pande, S. P. . (2023).
Machine Learning Algorithm for Early Detection and Analysis of Brain Tumors Using MRI
Images. International Journal on Recent and Innovation Trends in Computing and
Communication, 11(5s), 403—415.

31.  H. N. Bhor and M. Kalla, "An Intrusion Detection in Internet of Things: A Systematic
Study," 2020 International Conference on Smart Electronics and Communication (ICOSEC),
Trichy, India, 2020, pp. 939-944, doi: 10.1109/ICOSEC49089.2020.9215365.

32. Sawant, S., Soni, P., Somavanshi, A., Bhor, H.N. (2024). Enhancing Medical Education
Through Augmented Reality. Lecture Notes in Networks and Systems, vol 878. Springer.
https://doi.org/10.1007/978-981-99-9489-2 16.

33, S. Jogi, S. Warang, H. N. Bhor, D. Solanki and H. Patanwadia, "NLP Unleashed:
Transforming Employment Landscapes with Dynamic Recruitment Platforms," 2024 Sixth
International Conference on Computational Intelligence and Communication Technologies
(CCICT), Sonepat, India, 2024, pp. 455-459, doi: 10.1109/CCICT62777.2024.00104.

34, Pinjarkar, V.U., Pinjarkar, U.S., Bhor, H.N., Rathod, S.Crowdfunding Campaigns Web
Application using Metamask, 6th IEEE International Conference on Advances in Science and
Technology, 2023, pp. 217-222.

35. Pinjarkar, V., Pinjarkar, U., Bhor, H., Jain, A. (2024). Power Ballot: Exploiting
Blockchain Technology. Lecture Notes in Networks and Systems, vol 1136. Springer, Cham.
https://doi.org/10.1007/978-3-031-70789-6_26

36.  Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun, “Deep Residual Learning for
Image Recognition”, 2016 IEEE Conference on Computer Vision and Pattern Recognition, 1063-
6919/16 $31.00 © 2016 IEEE, DOI 10.1109/CVPR.2016.90.

89



