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ABSTRACT In recent years, cardiac medical image segmentation using the variational level-set method has been widely applied in
image processing. However, the uneven grayscale of images and the symbolic distance function in the gradient descent method lead to
issues such as computational complexity and high computational cost during segmentation. To address these challenges, this paper
introduces modifications to the edge detection function based on the adaptive local fitting model and develops an improved active
contour model. This model is combined with fast computational image segmentation algorithm, alternating direction method of
multipliers (ADMM), to solve the level-set equations. The proposed approach, called the neighbor level set minimized with the ADMM
method, incorporates a data fitting term that leverages neighbor region information for enhanced medical image segmentation. The
introduction of the edge detection function smooths homogeneous regions and enhances edge information. The proposed model

effectively addresses common issues in medical image segmentation, such as intensity inhomogeneity, and produces accurate and fast

Y %5 B #5: 2024-09-12
EETIR: LAY QAR IS 54 T SR BT H (ZR2023LHZ009) ; 1117548 & S 0F & HR (BHE B Al B 35 BE J1 2 7 T ) %
BhI H (2024TSGC0216)


mailto:liurx@sdas.org
mailto:shank@sdas.org
mailto:liurx@sdas.org
mailto:shank@sdas.org
https://doi.org/10.13374/j.issn2095-9389.2024.09.12.003
https://doi.org/10.13374/j.issn2095-9389.2024.09.12.003
https://doi.org/10.13374/j.issn2095-9389.2024.09.12.003
http://cje.ustb.edu.cn

S U 45 5 T e A P SRR £ U P 2 S 3 - 1537

results. The problem of inaccurate segmentation is resolved by introducing a new level set active contour model that incorporates
neighborhood information to precisely segment the region of interest. The model mitigates the impact of grayscale variations by
leveraging local contextual information, which improves segmentation accuracy. The main purpose of this paper is to propose a new
model for medical image segmentation based on a neighborhood-level set framework and the ADMM method. Our energy function
comprises three terms: the data fitting term, the length term, and the regularization term, which together balance the fitting energy and
ensure a smooth boundary. The ADMM method is then employed to minimize the energy function and achieve the final segmentation
result. Traditional segmentation methods, such as gradient descent, are often time-consuming, computationally complex, and costly. In
contrast, the proposed approach breaks down a complex problem into several simpler sub-problems that can be solved sequentially to
enable faster and more accurate resolution using the ADMM algorithm. This approach also effectively addresses the challenges posed by
level-set equations. Experimental results demonstrate that the new model is not only robust to uneven grayscale images but also achieves
higher segmentation efficiency and accuracy. The model demonstrates the ability to quickly generate curves and accurately represent the
contours of cardiac images. To evaluate its effectiveness, we conduct comparative experiments using the Dice coefficient and Jaccard
index as evaluation metrics. The experimental results show that our proposed model consistently achieves higher Dice coefficients and
Jaccard indices compared with other existing models. This achievement highlights its superior segmentation performance. In conclusion,
our improved level-set contour model, combined with the fast computational ADMM algorithm, provides an effective solution to the

challenges commonly encountered in medical image segmentation. It offers significant improvements in accuracy, computational

efficiency, and cost-effectiveness.

KEY WORDS image segmentation; active profile model; multiplier alternating direction method; neighborhood information; calculus
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Fig.1 Flowchart of the proposed method
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Fig.2 Heart image segmentation: (a) original image; (b) initial contour; (c) segmented image; (d) segmentation result using our model
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Table 1 Experimental evaluation data for cardiac image segmentation

Image Dice J MAD Sen Acc
Left55 0.98 0.97 0.03 0.97 0.97
Left58 0.98 0.96 0.04 0.96 0.96
Leftl4 0.97 0.96 0.02 0.97 0.97
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Fig.3 Segmentation and comparison of different models: (a) original image; (b) segmentation result of the CV model; (c) segmentation result of the ALF
model; (d) segmentation result of the ACLEPF model; (¢) segmentation result of the U-NET + CE model; (f) segmentation result of the U-NET + DICE

model; (g) segmentation result of our model

: . . :
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Fig.4 Segmentation results of different models: (a) original image; (b) segmentation result of ALF model; (c) segmentation result of LGD model;

(d) segmentation result of ACLEPF model; (¢) segmentation result of our model
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Table 2 Comparison of Dice and HD under different models

Model Dice HD
LBF 0.11 124.62
Ccv 0.84 107.3
LoGRSF 0.83 9.57
U-Net+CE 0.89 4.05
U-Net+DIC 0.88 3.95
ViT-FRD 0.87 3.86
RAU-Net 0.85 3.94
TMS-Net 0.86 3.75
This work 0.89 3.13
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B 5 ASCOFEMRES: ) J7ikxt . (a) J5UAL (b) VIT-FRD #£%L; (c) RAU-Net #5484 (d) TMS-Net #52; (e) A7 1%
Fig.5 Comparison between the proposed method and deep learning methods: (a) original image; (b) segmentation result of the ViT-FRD model;
(c) segmentation result of the RAU-Net model; (d) segmentation result of the TMS-Net model; (¢) segmentation result of the proposed method
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Fig.6 Cardiac image segmentation across different datasets: (a) original image; (b) initial outline model of the different images; (c) segmented image;
(d) simplified image
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