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Abstract—Growing evidence in recent years indicates that interest in the development of automated image analysis techniques for medical
imaging, especially with regard to the discipline of magnetic resonance imaging. T1-weighted MRI scans are often used for both diagnosis and
monitoring various neurological disorders, making accurate segmentation of these images crucial for effective treatment planning. In this work,
we offer a new method for T1-weighted MRI image segmentation using patch densenet, an image segmentation-specific deep learning
architecture. Our method aims to improve the accuracy and efficiency of segmentation, while also addressing some of the challenges associated
with traditional segmentation methods. Traditional segmentation methods typically rely on features that are handcrafted and may struggle to
accurately capture the intricate details present in MRI images. By utilizing patch densenet, our method automatically learn and extract relevant
features from the T1-weighted MRI images and further enhance the accuracy and specificity of the segmentation results. Ultimately, we believe
that our proposed approach can greatly improve diagnosis and treatment planning process for neurological disorders.

. INTRODUCTION

T1-weighted MRI, also known as T1 imaging, is a
commonly used technique in medical imaging [1]. It provides
valuable information about the anatomical structure of tissues
and organs, making it an essential tool for diagnosis, treatment
planning, and monitoring of various medical conditions [2] [3].
T1l-weighted MRI uses a specific pulse sequence that
emphasizes the differences in the relaxation times of tissues,
resulting in high contrast between different types of tissues [4].
This allows radiologists and clinicians to identify and
differentiate between normal and abnormal tissues, aiding in the
accurate diagnosis and characterization of diseases [5].

MRI segmentation reveals a critical function in both
diagnosis and therapy in medicine by accurately delineating
distinct structures and tissues in images [6] [7]. It allows for the
identification and characterization of abnormalities, aiding in the
development of treatment plans and monitoring disease
progression [6]. We proposed a powerful deep learning
technique patch densenet, which has demonstrated encouraging
results in MRI segmentation. This approach combines the
strengths of both patch-based and densenet architectures,
leveraging their ability to capture features both local and global
for better segmentation precision. By employing this technique,
radiologists and clinicians can enhance their ability to precisely
segment and analyze MRI images, ultimately leading to more
effective diagnosis and treatment plans for patients. The patch
densenet method allows for a more detailed and comprehensive
analysis of MRI images, enabling the identification of subtle
abnormalities that may have been missed using traditional
segmentation techniques. Additionally, the improved accuracy
of segmentation provided by this technique enables the tracking
of disease progression over time, aiding in the assessment of the
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efficacy of therapy and creation of customized remedies.
Overall, the integration of patch densenet into MRI analysis
holds great potential for advancing medical imaging and
improving patient outcomes.

Il. RELATED WORKS

One notable approach in T1-weighted MRI segmentation is
the use of convolutional neural networks. CNNs' capacity to
automatically extract discriminative characteristics from the
input has led to their widespread adoption in medical picture
segmentation applications. Numerous CNN designs have been
suggested and have demonstrated promising results in MRI
segmentation tasks. These include U-Net [8] [9] [10] [12] and
V-Net [11]. These topologies enable precise segmentation of
anatomical features in MRI images by capturing both local and
global contextual information through the mix of encoding and
decoding routes.

Conventional machine learning techniques for segmenting
MRIs have been widely used in the past. These methods
typically involve manually designing features and then training
a classifier on these features to perform the segmentation task
[14] [15]. However, this approach often requires expert
knowledge and can be laborious and prone to mistakes.
Furthermore, the quality of the manually created features has a
significant impact on how well classic machine learning
techniques work, which may not always capture the complex
patterns present in MRI data. As a result, the accuracy of
segmentation achieved using these methods may be limited.

CNNs are examples of deep-learning techniques that have
emerged as a possible substitute for MRI segmentation. The
requirement for human feature engineering is eliminated by the
capacity of CNNs to automatically identify and extract relevant
characteristics from the unprocessed MRI data [16] [17] [18]
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[19]. This makes them particularly well-suited for handling the
intricate designs and patterns found in magnetic resonance
imaging. Moreover, CNNs have shown impressive performance
in various computer vision tasks, making them an attractive
option for MRI segmentation. Table 1 shows the related work
summary.

Ronneberger et al. [8] to efficiently exploit annotated
samples, this research provides a network and training method
that makes use of a symmetric expanding path for exact
localization and a contracting path for context capture. The
network outperforms the previous best techniques and can learn
with a limited set of pictures overall. It is quick and effective.

Kamnitsas et al. [9] the authors suggest using a dual route,
11-layer deep convolutional neural network. They create a thick
training scheme to handle 3D medical images after analyzing
existing networks. The network uses a dual route design to
integrate both local and more comprehensive contextual data.
The approach achieves top-ranking performance and works well
on three demanding tasks in MRI patient data. Because of its
computing efficiency, the approach may be applied in a variety
of clinical and research situations.

Cicek et al. [10] this research presents a network that learns
from minimally labeled pictures for volumetric segmentation. It
may be used in two ways: semi-automated (people annotate
slices) and fully-automated (training set is sparsely annotated).
For effective data augmentation, the network employs dynamic
elastic deformations and undergoes end-to-end training from
beginning to end.

Milletari et al. [11] this paper suggests a volumetric, fully
CNN trained on prostate MRI volumes as a method for 3D
picture segmentation. Using the Dice coefficient to modify the
goal function, the CNN predicts segmentation for the full
volume at once. The method achieves high performance on
difficult test data by augmenting the data with matching
histograms and random non-linear alterations.

McKinley et al. [12] new DeepSCAN classifiers with a U-
net-style structure incorporating dense convolution blocks were
evaluated. The classifiers were trained using the loss function.

Chen et al. [13] the authors suggest a 3D ResRepANet. The
network collects and combines global contextual data in spatial
characteristics using GDMM and NCSA. Studies conducted
using datasets from different sources. When compared to
cutting-edge methods, Neuroimaging Initiative continuously
shows better accuracy, sensitivity, specificity, and AUC.

Malathi et al. [16] the technique applies advanced
mathematical operations with the frameworks of Tensor Flow
and Anaconda. By classifying brain tumors into four categories,
the research seeks to increase patient survival rates. In order to
maximize the chance of a good outcome, early diagnosis and
treatment planning are essential.

S. Pereira et al. [17] in this study, a tiny 3 x 3 kernel CNN-
based automated segmentation approach is proposed. Deeper
architectures may be designed using this technique, which also
avoids overfitting. It was discovered that intensity normalization
and data augmentation work well for segmenting brain tumors
in MRI.

I11. METHODS

A. Dataset

The training set of the IBSR dataset utilized in this research
includes a set of T1-weighted medical images. These images,
which depict a variety of anatomical features and conditions,
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Bhandari et al. [18], Radiomics is a science that uses
quantitative image analysis to predict clinical outcomes, notably
in brain cancers like glioblastoma multiforme (GBM). Tumor
segmentation is critical, yet it might be unreliable when done
manually. To overcome this issue, automated segmentation
approaches such as CNNs have been developed.

Mishra et al. [19], Swarm intelligent-based algorithms such
as GA, PSO, GWO, and WOA have been presented as part of a
framework for improving network parameters. The
segmentation model of DCNN improved using WOA performs
better than other models based on optimization, according to
simulation findings.

TABLE I. RELATED WORK SUMMARY
Study CNN Performance
Architecture | Metrics

Ronneberger et al. [8] | U-Net DSC,
Sensitivity,
Specificity

Kamnitsas et al. [9] 3D U-Net DSC,
Hausdorff
Distance,
Volumetric
Similarity

Cicek et al. [10] Dense U-Net | DSC, Precision,
Recall

Milletari et al. [11] V-Net DSC, Surface
Dice Overlap,
ASD

McKinley et al. [12] Attention U- DSC,

Net Sensitivity,

Specificity

Chenetal. [13] ResRepANet | ACC, SEN,
SPE, AUC

Malathi et al. [16] CNN DSC,
Sensitivity

S. Pereira et al. [17] CNN DSC

Bhandari et al. [18] CNN DSC

Mishra et al. [19] DCNN MSE, ACC,
ROC

were taken from several healthcare facilities. Each image in the
dataset is carefully annotated by expert radiologists, providing
pixel-level segmentation masks for the regions of interest. The
annotations include accurate delineation of boundaries and
precise labeling of different tissue types.
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B. Pre-processing

The preparatory procedures used for the T1-weighted MRI
images are crucial in ensuring the accuracy and reliability of the
subsequent analysis. These steps typically involve several
stages, including noise reduction and intensity normalization.
Intensity normalization is necessary to remove any variations in
image intensity caused by factors such as scanner settings or
patient positioning. This step ensures that the pixel values across
different images are directly comparable. MRI images' signal-to-
noise ratio is also improved by applying noise reduction
methods, which improves the ability to see anatomical features
[20]. These techniques involve filtering the images to suppress
unwanted noise while preserving important image features [21].
By reducing the noise, the diagnostic accuracy of the MRI
images is improved, leading to more reliable interpretations by
radiologists and clinicians. Overall, the combination of intensity
normalization and noise reduction techniques significantly
enhances the quality and utility of MRI images in medical
research and clinical practice.

C. Patch-DenseNet

Patch densenet is a modified version of the densenet
architecture. It works by creating smaller patches out of the input
MRI picture and then using a dense network to classify each
patch individually. It has been demonstrated that using this
strategy increases segmentation accuracy by enabling the
network to focus on local details and capture fine-grained
features. Additionally, patch densenet can handle images of
varying sizes and resolutions, making it a versatile tool for MRI
image segmentation.

D. Methodology

The patch densenet architecture, a variant of the popular
CNN, has been usually utilized for MRI segmentation tasks.
This architecture is specifically designed to deal with the
difficulties related to processing high-resolution medical
images. A primary benefit of the patch densenet architecture is
its capacity to obtain local contextual information by considering
small patches of the input image. With the feature's extensive
connections maps across different layers, the network can
effectively learn and propagate information throughout the entire
image, enabling accurate segmentation. Additionally, the patch
densenet architecture has been shown too efficiently handle
limited training data, this is a typical difficulty in imaging
medicine. Mostly in the field of radiology, this is significant,
where it might cost and take time to obtain huge annotated
datasets. The patch densenet architecture is a viable way to
increase the precision and dependability of medical image
segmentation tasks because of its capacity to utilize sparse
training data effectively. Moreover, the dense connectivity
within the network allows for better feature reuse, reducing the
risk of overfitting and improving generalization performance.

In the depicted methodology outlined in Figure 1, the initial
step involves preprocessing the input T1-weighted image.
Subsequently, the image is partitioned into patches, and these
patches are then fed into the DenseNet network. The DenseNet
network efficiently captures both local and global features from
the image patches, facilitating the imaging segmentation into
cerebrospinal fluid, gray matter, and white matter.
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Figure 1. Proposed methodology.

IVV. EXPERIMENTS AND RESULTS

The IBSR dataset was used for the experiments, and there
were a total of 18 subjects in total—14 of them were female and
4 were male. The suggested work's sample implementation
results are displayed in figure 2 below.
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To assess the recommended system's performance we used
DSC, MHD, ASD and JCD. The below table 2 shows the
performance metric details.

Below table 3 shows DSC, MHD, ASD and JCD metrics
performance values of CSF, WM and GM.
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a) Input Images

b) Pre-processed Images

c) Segmented Images

Figure 2. Results.

TABLE Il PERFORMANCE METRICS

Metrics Details

Dice Similarity Coef ficient(M,, M,)

2|M,. N M,
|M;| + M|

(1)

Modified Hausdorff distance(M, M,) = max [?éﬁlq)f d(b,M,), };21?1): d(b, Mr)] (2)

Average surface distance(M,, M, ) = ﬁZaeMr d(a, M) (3)
Jaccard Index(M, M,) = % (4)
TABLE IlI. METRICS PERFORMANCE
Matters/Metrics DSC MHD ASD JCD
CSF 0.9036 8.9112 1.0539 0.8242
GM 0.9335 8.9187 1.0728 0.8753
WM 0.9214 8.9151 1.0233 0.8542

Figures 3, 4, and 5 below display the performance values of
CSF, WM, and GM for the DSC, MHD, ASD, and JCD
measures. Figures 5 and 6 illustrate the tissues that are to be
segmented. The findings of the suggested system show that the
MHD values were significantly lower in the proposed technique,
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indicating that it achieves superior spatial precision. The
successful segmentation of MRI images using the suggested
technique was further confirmed by the JCD values, which also
revealed a high grade of correspondence amongst the ground
truth and the divided areas.
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DSC
0.94
0.93
0.92
0.91
0.9
0.89
0.88
CSF GM WM
Figure 3. Performance of DSC.
MHD
8.92
8.918
8.916
8.914
8.912
8.91
8.908
8.906
CSF GM WM
Figure 4. Performance of MHD.
ASD
1.08
1.07
1.06
1.05
1.04
1.03
1.02
1.01
1
0.99
CSF GM WM
Figure 5. Performance of ASD.
JCD
0.88
0.87
0.86
0.85
0.84
0.83
0.82
0.81
0.8
0.79
CSF GM WM

Figure 6. Performance of JCD.
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A Comparison with other methods

To compare the results, we selected several existing MRI
segmentation methods that are widely used in the field. These
methods include De Bre’bisson [22], utilized a combination of
patch-based method and SegNet, achieved 0.73 average dice
similarity coefficient, Khagi [23], employed a SegNet CNN and
scored DSC-0.76, Zhang [24], utilized Deep-CNN and Patch-
Size combination attained 0.85 average DSC, Luna [25], used
3D-Patchwise with U-Net accomplished 0.86 DSC, Ledig [26]
and Nie [27] employed Patch-Based Evaluation of Image
Segmentation and multi-FCNs respectively scored same average
DSC value as 0.87 and Hua [28], utilized a Fuzzy C-means
algorithm and achieved DSC:0.89. As compared to these
methods our proposed method succeeded in scoring 0.92 DSC.
Table 5 and Figure 7 show a comparative analysis with other
methods. Figures 8, 9 and 10 depict the DSC value of CSF, GM
and WM matter segmentation comparison with other methods.
This comparison study will show how our suggested strategy has
the potential to increase segmentation efficiency and accuracy
while also offering insightful information about the strengths
and weaknesses of each technique. Additionally, it will allow us
to identify any potential limitations or biases associated with
each algorithm, helping us make informed decisions when
selecting the most suitable method for specific segmentation
tasks. Overall, this evaluation will contribute to the advancement
of medical image analysis techniques and aid in the creation of
segmentation algorithms for a range of therapeutic applications
that are more robust and dependable.

TABLE IV. COMPARATIVE STUDY

References Avg. DSC
De Bre bisson [22] 0.73
Khagi [23] 0.76
Zhang [24] 0.85
Luna [25] 0.86
Ledig [26] 0.87
Nie [27] 0.87
Hua [28] 0.89
Ours 0.92

Avg. DSC

Ours .
Hua et al. [28] s

Nie et al. [27] | |
Ledig et al. [26] |50
Luna et al, [25]
Zhang et al. [24] |
Khagi et al. [23] |
De Bre bisson et al. [22] |

=)

0.2 0.4 0.6 0.8 1

Figure 7. Comparison with other methods.
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CSF
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Figure 8. DSC value of CSF matter segmentation comparison with other
methods.

GM

1.00
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0.50
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0.20
0.10
0.00

Khagi et al. Luna et al. Nieetal Hua etal Ours

[23] [25] [27] [28]
Figure 9. DSC value of GM matter segmentation comparison with other
methods.
WM
1.00
0.95
0.90
0.85
0.80
0.75

Khagi et al. Luna et al. Nieetal Hua etal. Ours
[23] [25] [27] [28]

Figure 10. DSC value of WM matter segmentation comparison with other
methods.

V. CONCLUSION AND FUTURE SCOPE

Our study demonstrates the effectiveness of utilizing patch
densenet for T1-weighted MRI image segmentation. Integration
of deep-learning and patches has shown promising results in
accurately identifying and segmenting different brain structures.
This approach not only improves the accuracy and specificity of
the segmentation outcomes but also has the prospective to
streamline the diagnosis and conduct planning process for
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neurological disorders. Further research and validation are
needed to fully evaluate the medical utility of our proposed
scheme, but we believe it is a significant step forward within the
discipline of analyzing medical images.
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