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ABSTRACT

Segmenting medical images can be equated to having a computer that learns to recognize and shade in
the best things in the image. Useful sections of medical scans, be they organs of the person, tissue, or blood vessels,
enhance doctors' capacity to see and disseminate what happens within the body. This procedure translates
challenging, complicated pictures into easy-to-act-upon data that may broaden surgical performance, treatment
planning, and diagnostic. Due to the numerous new advances in Al and deep learning, such processes are
quickening and being enhanced. Besides its image processing capabilities, the platform offers a convenient web
interface to healthcare providers.

The use of a base platform that will store and access patient data. Providers are able to submit scans,
generate a report to diagnose, and have their results reviewed and documented by the platform is a full electronic
patient medical record. New patient scans are created as a profile, and existing patients' scans are simply attached
to their medical record to verify compliance is maintained over time for better long-term comprehensive
healthcare. This good fusion of technology and easy record keeping ensures this technology is far more effective
and congruent with real-life clinical situations.

Keywords - Medical image segmentation using ML, deep learning, AI in healthcare, disease detection,
treatment planning, personalized medicine, patient tracking, web portal.

1. INTRODUCTION

Medical image segmentation is an important healthcare procedure that helps doctors examine scans, such
as MRIs or CT images, more effectively. The process teaches computers to separate important areas, including
organs, tissues, or irregularities like tumors, from other elements in the image. It’s like highlighting key features
in a picture to make them clearer. In this way, physicians find it easy to identify illnesses, design surgery, and
track the progress of a patient in terms of medical conditions. The condition is changing over time.
Conventionally, the interpretation of medical images was undertaken by individuals. This is a process that took a
long time and was not even reliable in terms of results. Even better, segmentation is an outstanding solution, as
under it, pictures are transformed into easily interpretable information. It reduces human error and speeds up the
processing procedure. It also comprises an encrypted web-based site.

The account allows the search of online medical files and patient scans, and the management of medical files by
the doctors. The system offers an additional profile to the first-time patient. When it is repeatedly used where a
patient visits the hospital, it just associates the scan with the medical history that has already been entered. This
helps in constant surveillance and tracking of the trend of the diseases as years change. The innovation provides
the doctors with improved, clearer images, and the appropriate action approach to their services quickly to the
clients. Higher individualisation of procedure. Also, segmentation technology is used to prepare three-
dimensional models of body parts and organs. This creates virtual patient copies that let doctors prepare and
organize treatments or surgical procedures beforehand. In summary, this advancement is helping move healthcare
toward a future with greater accuracy, improved efficiency, and more customized patient care.

2. LITERATURE SURVEY

A new thematic survey organized deep learning (DL) approaches into a clear multi-level framework. It
offers rich knowledge about the domain by considering the common datasets and the prominent challenges.
Another finding of the survey indicates the areas of research to be conducted and recommendations to do better.
It container remain second-hand as a guideline in conducting upcoming studies on medical image segmentation.
This methodology will allow the researchers to learn the use of various DL models. All in all, it informs the
innovation and practical use of the healthcare sector in the future [1].
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The paper offered an extensive study involving over 150 deep learning and medical image software for
segmenting images. model. It detailed how the methods are used in the imaging activities of different fields of
medicine. Through the survey, some of the existing bottlenecks include a shortage of information, among others.
Generalizability of the model, and explainability. It also provided the limitations to the work at hand and
suggestions about future work. This concept of strengths and weaknesses of the current held is going to be
enlightened by the researchers through this analytical study and practices. In its entirety, it may be considered as
a handy guideline to create a field [2].

This study represents a marvellous explanation of deep learning-based processes during the act of
segmentation of medical images. It presented the differences in categories of data sets that typically lie within the
domain and that have been presented. They were also in comparison with the models. Different datasets. First and
most importantly, it disclosed the segmentation end belonging to several of the diseases, together with the
information on the model's behaviour and correctness. Such crucial issues were also covered as data quality and
flexibility of the model. The review can help in outlining the best methods of deep learning within the precision
of the given medical application. Generally, it assists researchers and practitioners in coming to the right decisions
on the methods to employ in practice [3].

A medical image usually has a variety of modalities, as compared to natural ones, that may serve as a
single-modality image. Such as the modalities of medical imaging that are commonly deployed in the diagnosis
of heart disease. echocardiography. MR and CTA of the heart. Therefore, in the duration of carrying out work
regarding the segmentation of images of the heart, it is customary to aggregate data obtained from them to help.
Modalities to enhance the precision of segmentation [4].

The limitations of the imaging device, human factors, the machine that processes imaging, or the
parameters contribute to the loss in diagnostic images of important qualities. Such problems result in noise, fuzzy
boundaries, low resolution, and contrast. This affects the detection of lesions, extraction of features, and planning
of treatment. When unaddressed, they may lead to blind spots or false detection of lesions by the clinicians, and
this is harmful to the diagnostic process. precision and therapy success [6].

3. PROPOSED METHODOLOGY

This is a deep learning-based system, and more precisely, the Convolutional Neural Network. Networks
(CNN:s), to process medical images and automatically recognize important structures such as tumors, organs, or
abnormal tissue. Its application is efficient on poor quality images or scans that are in poor quality since it
identifies patterns to be trained on big medical data sets. One good aspect is that it can give the volume or size of
the areas recognized, and this is useful in assisting doctors to measure how much. severe a condition may be. This
role also enables the medical practitioners to keep track of whether a condition is escalating or reversing remaining
unchanged with time. It is because of accurate measurements that an appropriate treatment or even a surgery plan
needs to be carried out. Along with image analysis, the system contains a safe web-based platform that is medical-
specific and practitioners. The portal is available to healthcare providers so that they can upload scans and review
analytical findings, as well as document their diagnoses. The system automatically develops a new profile when
a new patient is met. and, in case of current patients, the latest scans are included in the medical background of
the patient. The feature also enables one to track the progress of a patient at several visits and provides a clear
picture belonging to the patient medical history. In general, the system enhances the domain of diagnostic capacity,
reduces the work burden of physicians, and aids in delivering more effective results and individual attention.

3.1 PROPOSED MODEL DIAGRAM

In short, the segmentation of medical image systems uses Al to recognise significant areas like tumors
or organs in medical scans. detect vital regions such as tumors or organs on medical scans. Doctors can load
images into a secure portal, and these images represent pre-processed to make them clearer. These images are
processed with deep learning, and the areas of interest are highlighted.

The system also quantifies dimensions or volume of the identified regions that can be used in estimating severity
by the doctors. The patient's profile stores all the information for use the future reference and tracking. This will
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assist the physicians to make quicker, more precise, and bespoke decisions. The flow of the data in the proposed
system and the angle that determines the process of making the decision are represented in the following diagram
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Fig 3.1.1 Proposed Model
4. MATHEMATICAL FORMULAS

To be brief, the medical image segmentation system employs Al to have a key area, such as tumors or
organs on medical scans, automatically identified. The physicians post the images in a secure portal, and the
images are pre-processed to give clarity. These images shows processed by a deep learning algorithm, as well as
those of interest are marked by it. It also quantifies the size or volume of the areas detected and which can enable
the doctors to gauge severity. All the medical data is kept in the patient's profile to be used later in the future and
to be tracked. This will assist doctors to be quicker, more accurate, and individual in their decisions. The data flow
in the proposed system and the path guiding the decision-making process is presented in the following diagram.

Accuracy: Accuracy is a typical measure for assessing a model's segmentation abilities. It will tell how many of
the correctly classified pixels there are in a dataset against the complete count of pixels. This accuracy is to be
measured based on the mathematical formula [7].

TP+TN
TP+FN+FP+TN

Acc =

Where,

TP = True positive

TN =True negative
FP = False positive
FN =False negative

Precision: The percentage of actual positives identified from the complete number of positive cases is called
precision or positive predictive value successful predictions by the model. The closer the precision values are to
1, the higher the performance is [8].
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. . TP
Precision=——
TP+FP
IoU: The evaluation is performed through the use of the IoU (Intersection over Union) metric applied to

segmentation processes. It also gauges the similarity of two samples. The measurement of the IoU has been
defined mathematically [9].

TP
IToU=———
TP+FP+FN

Recall: Recall, also known as sensitivity, is a measure of how good a model is at identifying positive real cases.
It is the ratio between the true positives (the count among the predicted positive cases that were actually correct)
and the overall number of real positive cases within the data of set. High recall means that the model performs
quite well at not missing the positive cases. This is particularly important in medical applications, where not
identifying a condition could be life-threatening [10].

TP
Recall=——
TP+FN

F1-score: Dice Coefficient or F1-score evaluation is a score that suffers from recall at the expense of accuracy. It
is of great use to estimate how a given model can partition or classify data. The Dice measure represents the
harmonic average of precision and recall such that false positives and false negatives are balanced. Higher Dice
level means that the model performs better within the context of localizing the target areas [11].

Precision*Recall

F1-Score=2

Precision+Recall

Specificity: Specificity is the ability of the segmentation process to detect the negative cases, i.e., properly detect
sections from an image that do not fall under the object under study. Specificity is a quantification of how well
the segmentation algorithm avoids generating false positives [12].
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Fig 5.1.1 Bar chart showing Model accuracy comparison
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Fig 5.2.1 Pie chart showing Medical image distribution
6. EXPERIMENTAL RESULTS
Application Pre-Processing Model Result Limitations
method
Tumor image | Resizing, C’BA-UNet | Dice: STS:78.1%, Limited capacity to learn from
Segmentation | Normalisation, IoU: STS:64.9% 3D imaging data, affecting
Data comprehensive tumour
Augmentation segmentation.
Tumor image | Resizing, Based on | Dice: NSCLC- | Dice loss, used for class-
segmentation Clipping,  Data | CNN and | Radiomics:74.68% imbalanced data in the context
augmentation ViT of binary cross-entropy, focal
loss, or their combinations,
exhibits the limitation of
unstable gradients. This may
impact  performance and
dependability, especially in
scenarios where class
imbalance is significant.
Tumor image | Resizing, dResU-Net Dice: TC:83.57%, | Initial overfitting with
segmentation Standardization, WT:86.60%, residual blocks at each
Normalization ET:80.04% encoder stage; balanced by
using them only in the first
four levels.
Tumor image | Denoising, ACS Dice:82.7% Training on a particular
segmentation Partitioning, MIoU:69% dataset may limit
Resizing,  Data generalizability, and high
augmentation computational requirements
may restrict clinical use.
Skin image | Denoising, Image | MD?N Accuracy:97.462% Performance variation on
segmentation Enhancement, Precision:93.627% different datasets necessitates
Data Recall:99.721% further testing and validation
augmentation for robustness and
applicability.
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Skin image | Resizing, Modified Accuracy:94.8% Shortcomings include a single
segmentation | Normalization, ChimeraNet | Jaccard:80.7% dermatologist evaluation and
Data Dice:88% a lack of new ground truths for
augmentation noisy data segments, affecting

noise level evaluation.
Lung image | Resizing, Modified U- | Accuracy:96.88% Requires many  images,
segmentation Normalization Net Dice:95.32% addressed by patching; time-
IoU:93.15% consuming  post-processing;
more suited for bacterial
infections, sensitive to small

datasets.
Table 6.1 Experimental results
7. CONCLUSION

Medical image segmentation has made significant strides shifting from traditional image processing
techniques to deep learning-based approaches algorithms. This evolution has changed the area of medical
diagnostics, planning of treatment and research. Segmentation aims to clearly define specific areas within medical
images including tumors, organs, or lesions. This clarity is crucial for effective diagnosis and clinical intervention.
Models based on deep learning, including Convolutional neural networks(CNNs) and U-Net have proven very
effective while detecting and outlining complex anatomical structures with high accuracy. This advancement has
shifted medical imaging from qualitative visual interpretation to precise, quantitative measurement. It has
improved both the consistency as well as the reliability of diagnoses. While these advances have been made, deep
learning models carry their own limits. They often require many computing power and large labelled datasets.
Additionally, they can struggle to generalize across many clinical situations. Their black box nature also reduces
interpretability, making it hard to build trust in clinical settings. Traditional segmentation techniques, although
less accurate for complex tasks, remain useful because they are straightforward and easy to understand, often
fitting into hybrid solutions. In real-world use, integrating medical image segmentation into systems with secure
web portals improves user experience. Doctors will be able to log in, post screens, analyse them, and look after
the records of patients without difficulty. The new patients are also automatically registered, and the old profiles
are updated to enable easy tracking and monitoring. Such a combination of automation, access, and smartness
creates more effective, precise, and individualized care, which will ultimately help achieve better patient outcomes
and reduce the burden that healthcare professionals have to make.

8. FUTURE ENHANCEMENT

In an effort to enhance real-time and faster speeds of medical image segmentation. In the case of systems,
we should employ the faster-processing technologies, especially during emergencies where swift action can lead
to the saving of lives. Physicians are able to use the system regardless of their geographic location thanks to the
technology of the cloud and the application of mobile devices time for example, in a hospital, clinics, or remote
places. This is giving a customer immediate answers and around-the-clock access to the information that matters.
Besides, the connection to the hospital databases and electronic health records (EHR) allows the automatic
reporting of segmented scans. This will allow the clinicians to use less time on administration and to focus on
treating the patient and coming up with informed decisions.

Other features involve the incorporation of Al-enablement, in the form of reminder prompts to notify
physicians about patterns of scan outcomes as they increase. This assists in the early identification of
complications or the progression of the diseases. Another opportunity that can be provided by the system is that
the experts of other specialties, i.e., radiology, oncology, will be able to act as a platform. Share, to collaborate in
the area of neurology and treat more effectively. Also, when given proper security rights, the patients may access
the history of scans and the scanned reports. This is because it makes them more involved in their health process.
These components together create a smarter, more efficient, patient-focused system, a goal of next-generation
healthcare systems.

PAGE NO : 387



Zhuzao/Foundry[ISSN:1001-4977] VOLUME 28 ISSUE 8

REFERENCES:

[1] Liu X, Song L, Liu S, Zhang Y. A review of deep-learning-based medical image segmentation methods.
Sustainability 2021;13(3):1224. http://dx.doi.org/10. 3390/su13031224.

[2] Aljabri M, AlGhamdi M. A review on the use of deep learning for medical images segmentation.
Neurocomputing 2022;506:311-35. http://dx.doi.org/10. 1016/j.neucom.2022.07.070.

[3] Qureshi I, Yan J, Abbas Q, Shaheed K, Riaz AB, Wahid A, Khan MW, Szczuko P. Medical image segmentation
using deep semantic-based meth ods: A review of techniques, applications and emerging trends. Inf Fusion
2023;90:316-52. http://dx.doi.org/10.1016/].inffus.2022.09.031.

[4] Lee, J.-G.; Jun, S.; Cho, Y.-W.; Lee, H.; Kim, G.B.; Seo, J.B.; Kim, N. Deep Learning in Medical Imaging:
General Overview. Korean J. Radiol. 2017,

[5] Biersmith, M.A.; Tong, M.S.; Guha, A.; Simonetti, O.P.; Addison, D. Multimodality Cardiac Imaging in the
Era of Emerging Cancer Therapies. J. Am. Heart Assoc. 2020.

[6] Jiao, Y. Research on Medical Image Segmentation Algorithm Basedon Enhanced Edge Region Learning. Ph.D.
Thesis, Xiamen University, Xiamen, China, 2021.

[7] Magnier, Baptiste: Edge detection: a review of dissimilarity evaluations and a proposed normalized measure.
Multimedia Tools & Applications (2017)

[8] Ronneberger, O., Fischer, P., Brox, T.: U-net: Convolutional networks for biomed ical image segmentation. In:
Medical Image Computing and Computer-Assisted Intervention-MICCAI 2015: 18th International Conference,
Munich, Germany, October 5-9, 2015, Proceedings, Part III 18, pp. 234-241 (2015).

[9] Otsu, N.: A threshold selection method from gray-level histograms. IEEE transactions on systems, man, and
cybernetics 9(1), 62—66 (1979).

[10] Shareef B, Vakanski A, Freer PE, Xian M. ESTAN: Enhanced small tumor-aware network for breast
ultrasound image segmentation. Healthcare 2022;10(11):2262. http://dx.doi.org/10.3390/healthcare10112262.

[11] Cetiner H, Metlek S. DenseUNet+: A novel hybrid segmentation approach based on multi-modality images
for brain tumor segmentation. J King Saud Univ- Comput Inf Sci 2023;35(8):101663.
http://dx.doi.org/10.1016/j.jksuci.2023. 101663.

[12] Alebiosu DO, Dharmaratne A, Lim CH. Improving tuberculosis severity assess ment in computed tomography
images using novel DAvoU-Net segmentation and deep learning framework. Expert Syst Appl 2023;213:119287.
http://dx. doi.org/10.1016/j.eswa.2022.119287.

[13] Luo S, Jiang H, Wang M. C2BA-UNet: A context-coordination multi-atlas boundary-aware UNet-like method
for PET/CT images based tumor segmen tation. Comput Med Imaging Graph 2023;103:102159.
http://dx.doi.org/10. 1016/j.compmedimag.2022.102159.

[14] Tyagi S, Kushnure DT, Talbar SN. An amalgamation of vision transformer with convolutional neural network
for automatic lung tumor segmentation. Comput Med Imaging Graph 2023;108:102258.
http://dx.doi.org/10.1016/j. compmedimag.2023.102258.

[15] Raza R, Ijaz Bajwa U, Mehmood Y, Waqas Anwar M, Hassan Jamal M. dResU Net: 3D deep residual U-net
based brain tumor segmentation from multimodal MRI. Biomed Signal Process Control 2023;79:103861.
http://dx.doi.org/10. 1016/j.bspc.2022.103861.

[16] Zhang Q, Liang Y, Zhang Y, Tao Z, Li R, Bi H. A comparative study of attention mechanism based deep
learning methods for bladder tumor segmentation. Int J Med Inform 2023;171:104984.
http://dx.doi.org/10.1016/j.ijmedinf.2023. 104984.

PAGE NO : 388


http://dx.doi.org/10.%203390/su13031224
http://dx.doi.org/10.1016/j.inffus.2022.09.031
http://dx.doi.org/10.3390/healthcare10112262

Zhuzao/Foundry[ISSN:1001-4977] VOLUME 28 ISSUE 8

[17] Kumar MD, Sivanarayana G, Indira D, Raj MP. Skin cancer segmentation with the aid of multi-class dilated
D-net (MD2N) framework. Multimedia Tools Appl 2023;82:35995-6018. http://dx.doi.org/10.1007/s11042-023-
14605-9.

[18] Lama N, Hagerty J, Nambisan A, Stanley RJ, Van Stoecker W. Skin le sion segmentation in dermoscopic
images with noisy data. J Digit Imaging 2023;36:1712-22. http://dx.doi.org/10.1007/s10278-023-00819-8.

[19] Rahman MF, Zhuang Y, Tseng T-LB, Pokojovy M, McCaffrey P, Walser E,Moen S, Vo A. Improving lung
region segmentation accuracy in chest X-ray images using a two-model deep learning ensemble approach. J Vis
Commun ImageRepresent 2022;85:103521. http://dx.doi.org/10.1016/j.jvcir.2022.103521.

[20] Youssef BE, Alksas A, Shalaby A, Mahmoud AH, Van Bogaert E, Alghamdi NS, Neubacher A, Contractor
S, Ghazal M, Elmaghraby AS, El-Baz A. Integrated deep learning and stochastic models for accurate segmentation
of lung nod ules from computed tomography images: A novel framework. IEEE Access 2023;11:99807-21.
http://dx.doi.org/10.1109/ACCESS.2023.3313174.

PAGE NO : 389


http://dx.doi.org/10.1007/s11042-023-14605-9
http://dx.doi.org/10.1007/s11042-023-14605-9
http://dx.doi.org/10.1007/s10278-023-00819-8
http://dx.doi.org/10.1016/j.jvcir.2022.103521

