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ABSTRACT

Liver segmentation and delineation are critical steps in medical image processing for diagnosing and
treating liver diseases. The comprehensive endeavor aimed at enhancing the precision of liver delineation
in medical imaging through the implementation of deep learning techniques with a specific emphasis on
utilizing the U-Net model. By harnessing the U-Net model's capabilities, that aim to achieve highly
accurate segmentation of liver structures, identification of accurate tumor areas, crucial for various
medical procedures such as surgical planning and disease diagnosis The primary objective is to develop a
robust deep learning model capable of effectively identifying and segmenting liver structures with high
accuracy and reliability. It involves extensive data preprocessing, feature extraction, and model training
processes tailored to the specific characteristics of liver anatomy and imaging modalities. The project aims
to leverage this segmentation method to enhance surgical precision, facilitate targeted interventions, and
improve diagnostic accuracy. Ultimately, this project strives to empower clinicians with more reliable and
efficient tools, thus improving patient care and the landscape of medical diagnosis and treatment planning.
Keywords: Liver tumour Detection, Liver segmentation, couinaud segmentation, deep learning,
convolutional neural networks, U-net, dice coefficient, image segmentation, computational algorithms,
liver structure.

INTRODUCTION

The human liver, a complex organ with diverse functions, poses unique challenges in surgical procedures
and medical diagnostics due to its intricate anatomical structure. Accurate identification and delineation
of liver structures are essential for various medical procedures, including surgical planning, disease
diagnosis, and treatment monitoring.

In recent years, the advancement of deep learning techniques, particularly the U-Net model, has
revolutionized the field of medical image analysis by offering unparalleled capabilities in precise
segmentation of anatomical structures. In this context, Henri Couinaud's segmentation has emerged as a
valuable tool for understanding the liver anatomy. The project titled "Navigating Hepatic Complexity:
Couinaud's Segmentation for Precise Liver Delineation™" endeavors to tackle the intricacies of the liver's
structure by investigating and implementing Couinaud's segmentation as a guiding framework. Couinaud's
classification system partitions the liver into eight functional segments providing a systematic method to
navigate the complex anatomy of the liver. This comprehensive endeavor aims to enhance the precision
of liver delineation in medical imaging by harnessing the power of deep learning, with a specific emphasis
on leveraging the UNet model.

The UNet model's robust architecture and advanced features make it particularly well-suited for achieving
highly accurate segmentation of liver structures and identifying precise tumor areas, which are crucial for
guiding medical interventions and improving patient outcomes. The motivation for this project stems from
the critical need for precise liver delineation in medical procedures. Accurate segmentation is essential for
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liver surgeries, including resections and transplantations, as well as for diagnostic imaging, such as
computed tomography (CT). By incorporating Couinaud's segmentation into medical practices, the project
aims to enhance the accuracy of these procedures, ultimately improving patient outcomes.

The primary objective of this project is to develop a robust deep learning model capable of effectively
identifying and segmenting liver structures with high accuracy and reliability. Achieving this goal requires
a multi-faceted approach, encompassing extensive data preprocessing, feature extraction, and model
training processes tailored to the specific characteristics of liver anatomy and imaging modalities. By
merging principles of biomedical engineering with medical knowledge, the project seeks to bridge the gap
between theoretical segmentation concepts and their practical applications in clinical settings. The
potential outcomes of the project could transform current practices in liver surgery and medical imaging,
leading to advancements in precision medicine and personalized patient care. Through its investigation of
Couinaud's segmentation, the project aims to make a tangible and innovative contribution to the evolving
field of hepatobiliary medicine.

LITERATURE SURVEY

[1] Anum Kalsoom; Anam Moin; Muazzam Maqsood; Irfan Mehmood; Seungmin Rho ,”An Efficient
Liver Tumor Detection using Machine Learning” 2020. An unsupervised machine learning technique
combined with a supervised mechanism is proposed for accurate liver tumor segmentation. Clustering is
performed on the dataset, extracting LBP and HOG features, followed by classification using KNN,
outperforming existing techniques and showing promising results compared to SVM and Ensemble
classifiers.

[2] Fatemeh Ghofrani; Hamid Behnam; Hamid Didari Khamseh Motla” Liver Segmentation in CT
Images Using Deep Neural Networks™ 2020. This research introduces an algorithm for detailed liver
segmentation using a combination of classification and segmentation networks, building upon the U-Net
architecture. The segmentation network incorporates ConvLSTM, densely convolutional layers, recurrent
and residual blocks, enhancing feature extraction and preventing gradient vanishing. By applying this
algorithm to CT data from the CHAOS challenge, an impressive Dice value of 97.5% was achieved,
highlighting its efficacy in accurate liver segmentation.

[3] Sofia Pla-Alemany, Juan Antonio Romero, José Manuel Santabarbara, Roberto Aliaga, Alicia
M.Maceira, and David Moratal,” Automatic Multi-Atlas Liver Segmentation and Couinaud Classification
from CT Volumes” 2021. This study addresses the need for accurate liver segmentation and classification
in patients with Primary Liver Cancer (PLC) by proposing an automatic method based on multi-atlas
classification for Couinaud segmentation. Manual

segmentation is time-consuming and subjective, thus an alternative method is proposed to

improve accuracy and efficiency. Implementation on 20 subjects yielded promising results, with an
average DICE coefficient of 0.94, indicating the efficacy of the proposed algorithm in liver volume
segmentation and classification.

[4] Fabiana M. Rodrigues, José Silvestre Silva2,3, Tiago M. Rodrigues”An Algorithm for the Surgical
Planning of Hepatic Resection” 2012. This study explores the detection of hepatic counters in liver
delineation with an approach of edge detection and thresholding provides deeper understanding and
accurate liver segmentation and liver delineation.
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EXISTING SYSTEM

The existing method for liver delineation and surgical planning commonly depends on traditional
anatomical atlases, manual segmentation techniques, and conventional imaging modalities. Although
these approaches offer valuable insights, they may not offer the required level of accuracy for intricate
liver surgeries and diagnostic procedures. Traditional anatomical atlases have been instrumental in
understanding liver anatomy. However, these atlases are static and may not capture individual variations
that significantly affect surgical planning. Manual segmentation of liver structures based on anatomical
landmarks is a common practice in clinical settings. However, this method is time-consuming, relies on
operator expertise, and may be prone to errors. Support Vector Machines (SVM) and k-Nearest Neighbors
(KNN) are commonly employed machine learning algorithms. SVM can classify liver and non-liver
regions by maximizing the margin between different classes, while KNN assigns a label to a voxel based
on the labels of its nearest neighbors in the feature space. These algorithms approaches to segmentation
with relying on convolutional neural networks (CNNs), providing flexibility in methodology and potential
for accurate liver delineation in medical imaging.

PROPOSED SYSTEM
User Interface » Input Image » Preprocess »| Feature Extraction
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v Model
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Figure.1. Schematic diagram for proposed model

The proposed system aims to revolutionize liver delineation and surgical planning by leveraging advanced
technologies and computational tools, with focus on Liver structure segmentation.

1. Liver Tumor Detection: Liver tumor detection achieved with a Dice score of 0.99 signifies
exceptional accuracy and precision in delineating tumor boundaries from surrounding healthy tissue. This
high Dice score indicates a minimal degree of overlap between the predicted tumor region and the ground
truth annotations, showcasing the effectiveness of the segmentation algorithm in accurately identifying
tumor lesions within the liver parenchyma. Such remarkable performance holds great promise for
improving early diagnosis, treatment planning, and monitoring of liver tumors, ultimately enhancing
patient care and outcomes.
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2. Liver Segmentation: Liver segmentation achieved with an accuracy of 0.98 demonstrates a high
level of precision and reliability in delineating liver boundaries from surrounding tissues in medical
imaging data. This accuracy score indicates minimal error in the segmentation results, reflecting the
effectiveness of the segmentation algorithm in accurately identifying and outlining the liver region

3. Couinaud's Segmentation Integration: The core feature of the proposed system involves the
comprehensive integration of Couinaud's segmentation into the entire workflow of liver delineation. By
utilizing this segmental approach, the system aims to enhance the precision and accuracy of surgical
planning and diagnostic assessments.

4. Deep Learning Models: The U-Net model is utilized in the proposed liver segmentation system to
accurately delineate liver boundaries from medical imaging data. Its encoder- decoder architecture with
skip connections enables precise feature extraction, leading to high-fidelity segmentation results. Training
the U-Net on annotated medical images ensures robust performance, enhancing diagnostic and treatment
capabilities for liver diseases.

5. User-Friendly Interface for Clinical Adoption: The system will be designed with a user- friendly
interface to ensure easy adoption in clinical settings. Healthcare professionals, including surgeons and
radiologists, will have access to intuitive tools for efficient navigation, segmentation, and surgical
planning.

RESULTS:

Welcome to the Image Processing App
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Figure 2: Selected Liver Tumor detection
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Processed Image

Fig 4 : Selecting Liver Segmentation

Processed Image

Fig 5: Prediction of Segmentation
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Fig 7: Predicted couinaud Segmentation

CONCLUSION
In conclusion, the project "Navigating Hepatic Complexity: Couinaud's Segmentation for Accurate Liver
Delineation™ has achieved significant advancements in the field of liver surgery and medical imaging.
Through the integration of Couinaud's segmentation principles with advanced technologies and
computational tools, the project has successfully addressed the challenges associated with accurately
delineating the liver's complex anatomy. The utilization of Couinaud's segmentation has provided a
systematic framework for understanding and navigating the intricacies of the liver's vascular and biliary
anatomy. By dividing the liver into functional segments, the project has enhanced surgical precision,
facilitated targeted interventions, and improved diagnostic accuracy.
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