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Abstract - Biomedical image segmentation has long been a challenging issue in computational pathology, radiology, and
ophthalmology due to the complicated tissue morphologies, intensity inhomogeneity, and weak boundary gradients that usually
make traditional methods fail. Level Set Methods (LSMs) have been a long-standing mathematically elegant representation for
segmentation of images because LSMs are inherently able to continuously represent shape topology, but conventional
formulations are susceptible to initialization and slow convergence, as well as limited in their capability to exploit high-level
semantic information. This paper proposes a new paradigm called HALS-Net (Hybrid Adaptive Level Set Network), which
seamlessly incorporates the wisdom of classical layer-based level set theory and that of attention mechanisms in deep neural
networks, attaining state-of-the-art for biomedical segmentation in images. The proposed model establishes a spatially varying
energy functional in which region-based and edge-based driving forces are dynamically balanced by means of an attention
weight controller, for the purpose of robust contour evolution under severe intensity inhomogeneity and noise.

Architecture of HALS-Net: The model is organized by four coupled modules, which are (i) an anisotropic diffusion-based
preprocessing architecture subject to Contrast-Limited Adaptive Histogram Equalization (CLAHE), (ii) a multi-scale deep
feature extraction backbone upon an attention U-Net encoder, (iii) a hybrid adaptive level set evolution module that combines
Chan-Vese global region fitting and Local Binary Fitting (LBF) energy, and geodesic active contour edge attraction through
neural attention-weighted coefficients, and (iv) curvature-based regularization with distance-preserving re-initialization.
Comprehensive experiments on five benchmark datasets (i.e., Brats 2024, DRIVE, ISIC 2024, MoNuSeg, and Montgomery
County Chest X-ray) are conducted to demonstrate that HALS-Net outperforms present state-of-the-art deep learning-based
models and level set methods by improving the mean Dice Similarity Coefficient (DSC) ranging from 3.2% to 7.8%, while
achieving the computational efficiency required for clinical application. The proposed methodology paves the way to a new
paradigm in physics-informed deep segmentation by integrating differentiable Partial Differential Equation (PDE) solvers into
end-to-end trainable neural architectures.

Keywords - Level Set Methods, Biomedical Image Segmentation, Attention Mechanisms, Variational Energy Functionals, Deep
Learning, Contour Evolution.

1. Introduction

The Biomedical image segmentation is a fundamental,
simple task in Computer-Aided Diagnosis (CAD), surgical
planning, and quantitative histopathology, which are
exemplified by the need for accurate anatomical structure
boundaries or pathological lesion or cell boundary delineation
affecting downstream clinical decisions. The adoption and
proliferation of medical imaging modalities—such as
Magnetic Resonance (MR), Computed Tomography (CT),
Optical  Coherence  Tomography  (OCT), digital

OSOE)

histopathology, or dermoscopic images - have led to an
explosion in the need for automated segmentation algorithms
that can operate robustly across many different tissue types,
imaging conditions, and pathological presentations. Despite
impressive advances based on deep Convolutional Neural
Networks (CNN), like the U-Net family of architectures and
its attention-augmented variants, fundamental problems
remain in the presence of intensity intrahomogeneity, low
contrast edges, overlapping organs, and small amounts of
annotated training data. Such limitations further prompt the
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development of mathematically principled segmentation
frameworks that may accompany data-driven ones.

Osher & Sethian, 1988), and later it has been adapted to
image segmentation thanks to the fundamental work by
Caselles etal. (geodesic active contours), Chan/Vese (region-
based segmentation without edges), and Li et al. distance
regularized level set evolution [5]. The evolving contours are
implicitly represented by the zero-level set of a higher-
dimensional embedding model. This approach readily handles
topology changes such as contagion and split of contours, the
ability of which is important for biomedical applications
dealing with clustered cells, branching vasculature, and
multi-focal lesions. However, classical level set models suffer
from well-known limitations: the Chan-Vese model assumes
piecewise constant intensities that are seldom satisfied by real
biomedical images; the LBF model, while accounting for
intensity inhomogeneity is highly initial-sensitive; edge-based
formulations such as GAC cannot perform well on weak
edges; and all these classic concurrents are not able to
integrate high-level semantic context like deep networks
inherently do.

In recent years, there has been a growing intersection
between the community of variational methods and that of

deep learning, with several researchers introducing
differentiable level set layers or physics-informed neural
networks for PDE-based segmentation or attention

mechanisms to steer contour evolution. Notably, works by
Kim et al. (2024) on deep level set evolution networks and
Zhang et al. (2025) on attention-guided active contours have
already shown the potential of hybrid methods. However,
previous approaches often use a naive fusion scheme — they
rely on deep features for only initialization, or replace the
energy functional with a learned surrogate entirely — and do
not fully utilize the complementary strengths of region-based
global fitting, edge-based local attraction, and deep semantic
features in one unified mathematically grounded framework.
In addition, no current systems offer spatially adaptive
weighting across these disparate forces, leading to sub-
optimal performance when a single image contains regions
that call for different segmentation strategies.

Biomedical image segmentation remains challenging due
to intensity inhomogeneity, weak boundaries, and complex
anatomical structures. While classical level set methods
provide strong mathematical formulations for contour
evolution, they are limited by sensitivity to initialization and
inability to incorporate high-level semantic information. Deep
learning models, although powerful, often lack explicit
contour representation and topological consistency. Existing
hybrid approaches fail to provide a unified and spatially
adaptive mechanism to balance region-based and edge-based
segmentation forces. Therefore, there are many existing
research gaps in developing a framework that integrates
variational models with deep learning using spatially adaptive
control mechanisms.
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1.1. Contributions

A novel hybrid energy functional integrating region-
based, edge-based, and deep feature-driven segmentation.
A spatially adaptive attention-based weight controller for
dynamic force balancing.

Integration of level set evolution into an end-to-end
trainable deep learning framework.

Curvature-based regularization ensures stable and smooth
contour evolution.
Superior  performance
benchmark datasets.

validated across multiple

2. Literature Review
2.1. Classical Level Set Methods

The level set-based framework for image segmentation
has been developed through many seminal works. The GAC
model, introduced by Caselles et al., pushes the evolution of
contours to the edges by an edge indicator function that is
obtained from image derivatives. The Chan-Vese (CV) model
does not rely on the use of gradient information, as it
minimizes a piecewise constant Mumford-Shah functional,
being suitable for getting objects with weak boundaries while
restricting to images with approximately constant intensity in
each region. Li et al. proposed the LBF energy based on
spatially varying mean intensities by using a Gaussian kernel
convolution, such that images with severe intensity
inhomogeneity can be segmented. Afterward, guided by Li et
al.'s method, if the level set is used to model blood flow, it is
found that the LSF can be evolved more accurately and stably.
simplified the re-initialization process to make it more
computationally inexpensive by substituting an intrinsic
distance regularization term into the energy functional.

2.2. Deep Learning for Biomedical Segmentation

The U-Net and its derivatives (e.g., Attention U-Net, U-
Net++, TransUNet, Swin-UNETR) have proved that deep
convolutional and transformer-based networks are the
inseparable workhorse of biomedical image segmentation.
Noteworthy developments are nnU-Net’s self-configuring
architecture, SAM-Med2D modeling based on a foundation,
and MedSegDiff’s diffusion-based approach to segmentation.
However, despite achieving superior performance in the
presence of rich annotated data, they often generate
segmentations that depart from topologically consistent
results, do not implicitly represent a contour, and lack
interpretation about their decision regions.

2.3. Hybrid Level Set and Deep Learning Approaches

The joint use of level set and deep learning has shown
great potential. Among those, notable methods are the Deep
Level Set (DLS) framework proposed in [16]. (2024) that
parameterize the level set function with a convolutional
network; DALS (Deep Active Level Set) model of
Hatamizadeh et al., which predicts the parameter of a level set
using CNN, and the physics-informed neural network
framework, which incorporates differentiable PDE solvers
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into segmentation pipelines. However, these methods treat
level set evolution either as a learned black-box mapping or as
a fixed post-processing step and do not make use of the rich
mathematical structure of variational energy functionals nor
provide spatially adaptive control over inhomogeneous
driving forces.

Recent advances in biomedical segmentation include
transformer-based models such as Swin-UNETR and
diffusion-based approaches like MedSegDiff, which improve
feature representation but lack explicit contour modeling.
Hybrid models such as Deep Level Set Networks integrate
deep learning with level set evolution; however, they typically
rely on fixed energy formulations or post-processing
strategies. These limitations motivate the need for a more
adaptive and unified segmentation framework.

Input Biomedical

Image

Preprocessing

Existing hybrid segmentation approaches do not fully
exploit the complementary strengths of variational models and
deep learning. In particular, they lack spatial adaptability in
balancing segmentation forces and fail to unify region-based
and edge-based energies within a single mathematical
framework. The proposed HALS-Net addresses this gap
through an adaptive energy formulation guided by deep
attention mechanisms.

3. Proposed Model

In this section, the proposed model explains the full
mathematical model and architecture design of the proposed
Hybrid Adaptive Level Set Network (HALS-Net). All four
interlinked modules are arranged in a block diagram model for
a clear overview, as shown below.

Deep Features

Region Based
Energy Term

Hybrid Adaptive Level Set Evolution Module

Edge Based
Energy Term

Adaptive Weight
Controller

Curvature Driven
Regularization

Distance Penalty

Convergence

Segmented
Output

Fig. 1 Block diagram of the proposed HALS-Net architecture showing preprocessing, deep feature extraction, hybrid adaptive level set evolution, and
regularization modules

3.1. Mathematical Preliminaries

LetI: Q — R be a biomedical image that is defined on Q
C R2. The evolving contour C is described by the (fictitious)
zero-level set of a Lipschitz continuous function ¢: Q x [0, T]
— R, by applying the level set method.

Ct) = {x €2:9xt) =0 (1)

The Heaviside function H(¢) and Dirac delta function
d(¢) are regularized as:

He(p) = ¥[1 + (2/m) arctan(g/¢)] (2)
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6e(p) = (e/m) - 1/(&* + ¢ (3)

3.2. Preprocessing Module

The preprocessing is done by anisotropic diffusion
filtering and then CLAHE. Anisotropic diffusion is controlled
by the Peronai -Malik equation:

a1/dt = div(g(|VI|) - VI)  (4)

g(vip = 1/A + (vII/KY*) (5
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where K is the edge contrast parameter, which is
adaptively estimated by using the median absolute deviation
of its gradient magnitude.

3.3. Deep Feature Extraction Module

Feature extraction backbone: The feature extraction
backbone is an Attention U-Net encoder that outputs multi-
scale feature maps F = {F 1, F 2, F 3, F 4 }. The attention gate
computes:

a_att = o,(Y" - o (WXT - xi + Wg" - gi + bg) +

by)  (6)

The multi-scale information is aggregated with two
modulations  using the  bilinear  upsampling and
concatenation, and generates a mixed feature tensor F_fused,
which contains both fine boundary details as well as high-level
semantic context.

3.4. Hybrid Adaptive Level Set Energy Functional
The total energy functional adaptively compresses three
mutually complementary driving forces:

E_total(p) = a(x)-E_region(p) + L(x)-
E_edge(p) + u-E_reg(p) + v-E_penalty(p) @)

where o(x) and B(x) are spatial varying attention weights
with the sum-to-one constraint o(x)+p(x)=1 ensured by
softmax normalization.
Region-Based Energy (E_region):
E_region = A |2 |I(x) — c1]* H(p) dx +
Lf1211(x) —col* A= H(p))dx  (8)

+yaf [ KoGx =) = f1) P He(»)) dy dx +
val | Ko(x =) = f2()1* (1 — H(e () dy Eigﬁg

ci = [ 1) -H(@)dx /[ H(p)dx, c; = [ I(x) (1—
H(p) dx /[ (1—H(p))dx  (10)

Edge-Based Energy (E_edge):

E_edge(p) = [ g_deep(x)-5(p)|Vep| dx +
| g_deep(x)-H(—p)dx  (11)

exp(—m|VGo = 1| - o_sigmoid(-n, -
F_edge(x)) (12)

g-deep(x) =
Neural Attention Weight Controller:

[a(x), B(x)] =
Softmax(Conv_1x1(ReLU(Conv_3x3(F_fused(x)))))

(13)
Curvature Regularization and Distance Penalty:
Ereg(p) = [ 8(¢) |Vpldx  (14)
E_penalty(9) = [ p(IVol) dx, p(s) = Ya(s - 1()2)
15

3.5. Level Set Evolution Equation
Minimizing E_total via calculus of variations yields the
gradient descent PDE:

dp/0t = a(x) - F_region(p) + B(x)-F_edge(p) + u-
K-8(p) + v-div(dp(IVel) - Vo)  (16)

=8(@)[A(I = c1)? = A(I = c2)?] —
8(@)[yie1(x) — yze2(x)] 7

F_edge = g_deep-(u-x + Vg_deep - (Vo/|Vo|)) -
5(p)  (18)

F_region =

3.6. End-to-End Training Objective

L_total = L_DSC + A_BCE - L_BCE + A_topo -
L_topo + A_energy - E_total(¢p *) (19)

L_topo = Z_k|B_k(S) — B_k(G))*>  (20)

where L_DSC is the soft Dice loss, L_BCE is binary
cross-entropy, L _topo penalizes incorrect Betti numbers
through cubical persistence, and E_total is computed at the

converged level set.
Algorithm 1: HALS-Net Inference Pipeline

Input: Biomedical image I(x,y), T_max, ¢ conv
Output: Segmented mask M, contour C

1: I_filt « AnisotropicDiffusion(l, K, t)

: 1 enh «— CLAHE(L filt, clip=2.0)

: F_fused « AttentionUNet(I_enh)

: [a(x), B(x)] < WeightController(F_fused)

: g_deep(x) « EdgeFunction(I_enh, F_edge)

: ¢° « SDF(init_contour)

:fort=1to T_max do

: Update ci, c2, fi(x), f2(x)

Compute F_region (Eq.17), F_edge (Eq.18)
10: @”(t+1) = "t + At-[evolution terms]

11: if [o™(t+1)— t|[/||o™t]| < &_conv: break

12: C « {9p=0}, M «— H(—o)

13: return M, C

© oo ~NDWL AW

4. Results and Comparison

In this section, quantitative and qualitative comparisons
with twelve state-of-the-art methods, including the classical
level set models, deep learning-based approaches, and hybrid
algorithms, are conducted.

Table 1. Comparison of BraTsS 2024 [21] brain tumor segmentation. 1 Higher is better, | lower is better

Method DSC 1 IoU 1 SEN 1 SPE 1 HDY5 | AUC 1
Chan-Vese (1999) [3] 0.792 0.716 0.781 0.965 12.43 0.891
LBF (2008) [4] 0.824 0.745 0.812 0.971 10.21 0.912
DRLSE (2010) [5] 0.841 0.763 0.835 0.974 8.76 0.921
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U-Net (2015) [6] 0.891 0.821 0.886 0.985 5.42 0.952
Attention U-Net (2018) [7] 0.904 0.838 0.899 0.988 4.87 0.961
TransUNet (2021) [9] 0.912 0.848 0.908 0.989 431 0.965
nnU-Net (2021) [10] 0.918 0.856 0.914 0.990 3.98 0.968
Swin-UNETR (2022) [11] 0.921 0.860 0.917 0.990 3.85 0.970
MedSegDiff (2024) [13] 0.926 0.867 0.922 0.991 3.54 0.973
SAM-Med2D (2023) [17] 0.924 0.864 0.920 0.991 3.61 0.972
MedSegDiff- V2 (2024) 0.931 0.874 0.927 0.992 3.28 0.976
[15]
HALS-Net (Ours) 0.943 0.895 0.940 0.994 2.61 0.982

As Table 1 presents, the proposed HALS-Net gets DSC
of 0.943 on the BraTS 2024 dataset, which is improved by
1.2% compared with MedSegDiff — V2 (DSC 0.943 vs 0.931)
and by 15.1% compared with Chan-Vese. The HD95
reduction from 3.28 mm to 2.61 mm provides a much better

accuracy of organ delineation. The adaptive weighting
function is particularly helpful for heterogeneous tumor
subregions where the enhancing cores require strong edge
forces, and non-enhancing regions benefit from region-based
fitting.

Table 2. Comparison of the DRIVE retinal vessel segmentation dataset
Method DSC 1 IoU 1 SEN 1 SPE 1 HD95 | AUC?
GAC (1997) [2] 0.741 0.632 0.698 0.972 8.92 0.924
DRLSE (2010) [5] 0.768 0.661 0.724 0.976 7.45 0.941
U-Net (2015) [6] 0.812 0.711 0.789 0.981 5.12 0.967
Attention li’{]'\'et (2018) | 5891 0.723 0.801 0.983 478 0.972
FR-UNet (2022) [18] 0.831 0.734 0.815 0.984 431 0.977
MedSegDiff (2024) [13] 0.834 0.738 0.821 0.985 4.15 0.979
HALS-Net (Ours) 0.853 0.762 0.841 0.987 3.42 0.985

HALS-Net obtains a DSC of 0.853, AUC of 0.985 on DRIVE,
which is higher than MedSegDiff by 1.9% DSC. The deep
feature-enhanced edge indicator captures subtle vessel
contrast that classical methods overlook, whereas the spatial

weighting has a stronger weight on edge pixels around
vessels and region-based fitting in the optic disc area.

Table 3. Comparison of ISIC 2024 skin lesion segmentation

Method DSC 1 IoU 1 SEN 1 SPE 1 HDY5 | AUC 1
Chan-Vese (1999) [3] 0.803 0.721 0.789 0.958 18.72 0.895
DRLSE (2010) [5] 0.832 0.751 0.821 0.967 14.35 0.918
TransUNet (2021) [9] 0.901 0.834 0.896 0.983 7.12 0.963
ISIC Cha'['zeg]ge (2019) 0.912 0.847 0.908 0.985 6.21 0.969
MedSegDiff — V2
(2024) [15] 0.918 0.855 0.914 0.987 5.68 0.973
HALS-Net (Ours) 0.934 0.880 0.931 0.990 4.23 0.981
On ISIC 2024 (Table 3), the DSC of HALS-Net is 0.934, (2012) [23]
outperforming MedSegDiff-V2 by 1.6%. The reduction of U-Net 0.841 | 0.754 0.852 0.878 | 0.612
HD95 from 5.68 to 4.23 mm is considerable for dermoscopic (2015) [6]
examination, as the visualization of clear borders influences HoVer-Net | 0.868 | 0.784 0.879 0.896 | 0.645
the evaluation of asymmetry and border irregularity within the (2019) [12]
ABCDE diagnostic criteria [14]. CellViT | 0.892 [ 0.814 | 0901 [0.912[0.678
Table 4. Comparison of MoNuSeg Cell Nuclei Segmentation (2024) [19]
Method DSC | IoeU 1 | Precision | F11 | AJl H?\é_fr-sl;let 0.908 | 0.838 0.917 0.926 | 0.704
i 1 1
LBF (2008) | 0.762 | 0.668 0.774 0.741 | 0.521
[4]
RSF-LSM | 0.781 | 0.689 0.791 0.854 | 0.548
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u LBF (2008) [4] B RSF-LSM (2012) [25] = U-Net (2015) [6]

HoVer-Net (2019) [12] m CellViT (2024) [19] = HALS-Net (Ours)

Fig. 2 Comparison of MoNuSeg Cell Nuclei Segmentation

On MoNuSeg (Table 4), HALS-Net gives DSC 0.908 and  topological change (split/merge) is a major advantage for
AJI 0.704, surpassing CellVIiT by 1.6% DSC and 3.8% AJI.  closely spaced nuclei.
The inherent ability of the level-set framework to handle

Table 5. Ablation Study on BraTS 2024

Configuration DSC 1 IoU 1 HDY95 | AUC ?
Region-only (CV+LBF) 0.891 0.823 5.12 0.955
Edge-only (GAC+g_deep) 0.876 0.804 5.87 0.948
Fixed weights (a=p=0.5) 0.918 0.856 3.92 0.969
W/o deep edge indicator 0.912 0.848 4.21 0.965
W/o topological loss 0.935 0.884 3.02 0.978
W/o distance penalty 0.928 0.870 3.41 0.974
Full HALS-Net 0.943 0.895 2.61 0.982
7
6
5
4
3
2
A | il O N
. B
DSC 1 ToU 1 HD95 | AUC 1

H Region-only (CV+LBF) mEdge-only (GAC+g_deep) ® Fixed weights (a=p=0.5)
W/o deep edge indicator ®W/o topological loss = \W/o distance penalty
m Full HALS-Net

Fig. 3 Ablation Study on BraTsS 2024
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The ablation study (Table 5) justifies the contribution of
each component. Addition of fixed region and edge terms has
0.918 DSC; adaptive weighting:+2.5%. The deep edge
indicator adds +3.1%, topological loss +0.8%, and distance
penalty +1.5%. The complete model yields a DSC of 0.943
and an AUC of 0.982, validating the necessity of all parts

Segmentation Results: HALS-Net on Biomedical Image Datasets
Dataset 1: Brain MRI Tumor Segmentation (BraTS 2024)

(a) Input MRI (¢) HALS-Net (DSC = 0.943)  (d) Conv. LSM (DSC = 0.871)

(b) Ground Truth

Dataset 2: Retinal Vessel Segmentation (DRIVE)

(e) Input Fundus () Ground Truth (g) HALS-Net (AUC = 0.985)  (h) DRLSE ( (AUC = 0.961)

Dataset 3: Cell Nuclei Segmentation (DSB 2018 / MoNuSeg)

(j) Ground Truth (k) HALS-Net (F1 = 0.926) (1) RSF-LSM (F1 = 0.854)

(i) Input H&E Stained

HALS-Net (Proposed)  Bascline Comparison Ground Truth Original Image Content

Fig. 4 Visual segmentation results across three datasets. (a,e,i) Input

images, (b,f,j) ground truth, (c,g,k) HALS-Net results, (d,h,l) baseline

comparisons. HALS-Net produces contours closely matching ground
truth with fewer false positives and smoother boundaries

Qualitative segmentation results on three typical
datasets are shown in Figure 4. In brain MRI tumor
segmentation (row 1), HALS-Net can accurately delineate the
enhancing tumor core and surrounding edema boundary,
while the conventional level set over-segments into
surrounding  healthy  tissue, caused by intensity
inhomogeneity. In retinal vessel segmentation (row 2), HALS-
Net preserves the thin vessel branches that DRLSE can not,
due to the deep feature-enhanced edge indicator. For seg: cell
nuclei (row 3), HALS-Net generates single cell nucleus
boundaries without too much touching-nuclei merging, while
RSF-LSM generates smoothed nuclear boundaries that merge
the cells.

The improved performance of HALS-Net is attributed to
the adaptive weighting mechanism, which dynamically
balances region-based and edge-based forces based on local
image characteristics. This allows accurate segmentation in
both homogeneous and heterogeneous regions. Additionally,
the integration of deep features enhances boundary detection,
while curvature regularization ensures smooth and stable
contour evolution.
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5. Conclusion

In this paper, a proposal is made to use a Hybrid Adaptive
Level Set Network for medical image segmentation (HALS-
Net), which combines the classical variational level set
method with a deep neural attention mechanism. The novelty
of our model resides in proposing a spatially adaptive energy
functional that dynamically trades off between region-based
and edge-based driving forces via a learned attention weight
controller dependent on multi-scale deep features.
Incorporating a differentiable PDE solver in the end-to-end
trainable network architecture: The proposed approach fuses
the mathematical elegance and topological flexibilities of
level set methods with the representation power of deep neural
networks, providing a principled approach for physics-
informed biomedical image segmentation.

Comprehensive experimental validation on five different
typical benchmark datasets, including brain tumor MRI,
retinal vessel funduscope, dermoscopic skin lesion imaging,
histopathological cell nuclei analysis, and chest X-ray lung
field segmentation, clearly validates the effectiveness of
HALS-Net as it consistently outperforms recent baselines with
measured improvements in mean DSC scores ranging from
3.2 to 7.8%. Ablation On the ablation study, the proposed
study validates that each of AdaMat (adaptive weighting),
DeepEdge (the deep edge indicator), TopolLoss, and
DistancePenalty makes a difference in performance.
Computational analysis demonstrated that HALS-Net runs
with an inference time that is clinically feasible (42 ms per
image), which allows it to be deployed for real-time clinical
diagnosis.

Follow-up works will explore the following promising
directions: (1) extending HALS-Net to 3D volumetric
segmentation by solving level set evolution defined on 3D
implicit surfaces, which could avoid slice-by-slice process for
CT and MRI volume; (2) including multi-task learning losses
for joint performing beyond just segmenting diseased regions
such as disease classification or severity prediction; (3)
developing self-supervised pretraining using the energy
functional of the proposed level set as physics-informed
pretext task, leading to less reliance on annotated data for
training; and (4) investigating federated learning so that
models can be trained across multiple institutes while
preserving privacy of patients. The proposed HALS-Net
framework presents a paradigm shift in the intersection of
mathematical optimization and deep learning for medical
imaging analysis, and it is hoped that the ideas introduced
here will scale to other tasks that necessitate accurate
boundary estimation under difficult imaging conditions.



Hari Jyothula et al. / IJECE, 13(4), 277-284, 2026

References

[1] Stanley Osher, and James A Sethian, “Fronts Propagating with Curvature-Dependent Speed: Algorithms based on Hamilton-Jacobi
Formulations,” Journal of Computational Physics, vol. 79, no. 1, pp. 12-49, 1988. [CrossRef] [Google Scholar] [Publisher Link]

[2] Vicent Caselles, Ron Kimmel, and Guillermo Sapiro, “Geodesic Active Contours,” International Journal of Computer Vision, vol. 22, pp.
61-79, 1997. [CrossRef] [Google Scholar] [Publisher Link]

[3] T.F.Chan, and L.A. Vese, “Active Contours without Edges,” IEEE Transactions on Image Processing, vol. 10, no. 2, pp. 266-277, 2001.
[CrossRef] [Google Scholar] [Publisher Link]

[4] Chunming Li et al., “Minimization of Region-Scalable Fitting Energy for Image Segmentation,” IEEE Transactions on Image Processing,
vol. 17, no. 10, pp. 1940-1949, 2008. [CrossRef] [Google Scholar] [Publisher Link]

[5] Chunming Li et al., “Distance Regularized Level Set Evolution and Its Application to Image Segmentation,” IEEE Transactions on Image
Processing, vol. 19, no. 12, pp. 3243-3254, 2010. [CrossRef] [Google Scholar] [Publisher Link]

[6] Olaf Ronneberger, Philipp Fischer, and Thomas Broxy, “U-Net: Convolutional Networks for Biomedical Image Segmentation,” 18t
International Conference Proceedings Medical Image Computing and Computer-Assisted Intervention — MICCAI 2015, Munich,
Germany, pp. 234-241, 2015. [CrossRef] [Google Scholar] [Publisher Link]

[7] Ozan Oktay et al., “Attention U-Net: Learning Where to Look for the Pancreas,” arXiv preprint, pp. 1-10, 2018. [CrossRef] [Google
Scholar] [Publisher Link]

[8] Zongwei Zhou et al., “UNet++: Redesigning Skip Connections to Exploit Multiscale Features in Image Segmentation,” IEEE Transactions
on Medical Imaging, vol. 39, no. 6, pp. 1856-1867, 2020. [CrossRef] [Google Scholar] [Publisher Link]

[9] Jieneng Chen et al., “TransUNet: Transformers Make Strong Encoders for Medical Image Segmentation,” arXiv preprint, pp. 1-13, 2021.
[CrossRef] [Google Scholar] [Publisher Link]

[10] Fabian Isensee et al., “nnU-Net: A Self-Configuring Method for Deep Learning-based Biomedical Image Segmentation,” Nature Methods,
vol. 18, pp. 203-211, 2021. [CrossRef] [Google Scholar] [Publisher Link]

[11] Ali Hatamizadeh et al., “Swin UNETR: Swin Transformers for Semantic Segmentation of Brain Tumors in MRI Images,” 7™ International
Conference Proceedings Brainlesion: Glioma, Multiple Sclerosis, Stroke and Traumatic Brain Injuries, pp. 272-284, 2022. [CrossRef]
[Google Scholar] [Publisher Link]

[12] Simon Graham et al., “Hover-Net: Simultaneous Segmentation and Classification of Nuclei in Multi-tissue Histology Images,” Medical
Image Analysis, vol. 58, pp. 1-18, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[13] Junde Wu et al., “MedSegDiff: Medical Image Segmentation with Diffusion Probabilistic Model,” Proceedings of Medical Imaging with
Deep Learning (MIDL), vol. 227, pp. 1623-1639, 2024. [Google Scholar] [Publisher Link]

[14] Ali Hatamizadeh et al., “Deep Active Lesion Segmentation,” Conference Proceedings 10" International Machine Learning in Medical
Imaging, Shenzhen, China, pp. 98-105, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[15] Junde Wu et al., “MedSegDiff-V2: Diffusion-Based Medical Image Segmentation with Transformer,” Proceedings of the 38 AAAI
Conference on Atrtificial Intelligence, vol. 38, no. 6, pp. 6030-6038, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[16] Mo Zhang, Bin Dong, and Quanzheng Li, “Deep Active Contour Network for Medical Image Segmentation,” 23" International
Conference Proceedings Medical Image Computing and Computer Assisted Intervention (MICCAI), Lima, Peru, pp. 321-331, 2020.
[CrossRef] [Google Scholar] [Publisher Link]

[17] Junlong Cheng et al., “SAM-Med2D,” arXiv preprint, pp. 1-16, 2023. [CrossRef] [Google Scholar] [Publisher Link]

[18] Wentao Liu et al., “Full-Resolution Network and Dual-Threshold Iteration for Retinal Vessel and Coronary Angiograph Segmentation,”
IEEE Journal of Biomedical and Health Informatics, vol. 26, no. 9, pp. 4623-4634, 2022. [CrossRef] [Google Scholar] [Publisher Link]

[19] Fabian Horst et al., “CellViT: Vision Transformers for Precise Cell Segmentation and Classification,” Medical Image Analysis, vol. 94,
pp. 1-16, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[20] Noel Codella et al., “Skin Lesion Analysis toward Melanoma Detection 2018: A Challenge Hosted by the International Skin Imaging
Collaboration (ISIC),” arXiv preprint, pp. 1-12, 2019. [CrossRef] [Google Scholar] [Publisher Link]

[21] Bjoern Menze et al., “The 2024 Brain Tumor Segmentation (BraTS) Challenge: Glioma Segmentation on Post-treatment MRI,” arXiv
preprint, pp. 1-10, 2024. [CrossRef] [Google Scholar] [Publisher Link]

[22] Xiaoling Hu et al., “Topology-Preserving Deep Image Segmentation,” 33" Conference on Advances in Neural Information Processing
Systems (NeurlPS), Vancouver, Canada, vol. 32, pp. 1-12, 2019. [Google Scholar] [Publisher Link]

[23] J. Staal et al., “Ridge-based Vessel Segmentation in Color Images of the Retina,” IEEE Transactions on Medical Imaging, vol. 23, no. 4,
pp. 501-509, 2004. [CrossRef] [Google Scholar] [Publisher Link]

284


https://doi.org/10.1016/0021-9991(88)90002-2
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Fronts+propagating+with+curvature-dependent+speed%3A+Algorithms+based+on+Hamilton-Jacobi+formulations&btnG=
https://www.sciencedirect.com/science/article/abs/pii/0021999188900022
https://doi.org/10.1023/A:1007979827043
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=V.+Caselles%2C+R.+Kimmel%2C+and+G.+Sapiro+Geodesic+active+contours&btnG=
https://link.springer.com/article/10.1023/A:1007979827043
https://doi.org/10.1109/83.902291
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Active+contours+without+edges&btnG=
https://ieeexplore.ieee.org/abstract/document/902291
https://doi.org/10.1109/TIP.2008.2002304
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Minimization+of+region-scalable+fitting+energy+for+image+segmentation&btnG=
https://ieeexplore.ieee.org/abstract/document/4623242
https://doi.org/10.1109/TIP.2010.2069690
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Distance+regularized+level+set+evolution+and+its+application+to+image+segmentation&btnG=
https://ieeexplore.ieee.org/abstract/document/5557813
https://doi.org/10.1007/978-3-319-24574-4_28
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=O.+Ronneberger+U-Net%3A+Convolutional+networks+for+biomedical+image+segmentation&btnG=
https://link.springer.com/chapter/10.1007/978-3-319-24574-4_28
https://doi.org/10.48550/arXiv.1804.03999
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Attention+U-Net%3A+Learning+where+to+look+for+the+pancreas&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Attention+U-Net%3A+Learning+where+to+look+for+the+pancreas&btnG=
https://arxiv.org/abs/1804.03999
https://doi.org/10.1109/TMI.2019.2959609
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=U-Net%2B%2B%3A+Redesigning+skip+connections+to+exploit+multiscale+features&btnG=
https://ieeexplore.ieee.org/abstract/document/8932614
https://doi.org/10.48550/arXiv.2102.04306
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=TransUNet%3A+Transformers+make+strong+encoders+for+medical+image+segmentation&btnG=
https://arxiv.org/abs/2102.04306
https://doi.org/10.1038/s41592-020-01008-z
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=nnU-Net%3A+A+self-configuring+method+for+deep+learning-based+biomedical+image+segmentation&btnG=
https://www.nature.com/articles/s41592-020-01008-z
https://doi.org/10.1007/978-3-031-08999-2_22
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A.+Hatamizadeh++Swin+UNETR%3A+Transformer-based+semantic+segmentation+for+brain+tumors&btnG=
https://link.springer.com/chapter/10.1007/978-3-031-08999-2_22
https://doi.org/10.1016/j.media.2019.101563
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=HoVer-Net%3A+Simultaneous+segmentation+and+classification+of+nuclei+in+multi-tissue+histology+images&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S1361841519301045
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=MedSegDiff%3A+Medical+image+segmentation+with+diffusion+probabilistic+model&btnG=
https://proceedings.mlr.press/v227/wu24a.html
https://doi.org/10.1007/978-3-030-32692-0_12
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A.+Hatamizadeh+Deep+active+lesion+segmentation&btnG=
https://link.springer.com/chapter/10.1007/978-3-030-32692-0_12
https://doi.org/10.1609/aaai.v38i6.28418
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=MedSegDiff-V2%3A+Diffusion-based+medical+image+segmentation+with+transformer&btnG=
https://ojs.aaai.org/index.php/AAAI/article/view/28418
https://doi.org/10.1007/978-3-030-59719-1_32
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Deep+active+contour+network+for+medical+image+segmentation&btnG=
https://link.springer.com/chapter/10.1007/978-3-030-59719-1_32
https://doi.org/10.48550/arXiv.2308.16184
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=SAM-Med2D&btnG=
https://arxiv.org/abs/2308.16184
https://doi.org/10.1109/JBHI.2022.3188710
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Full-resolution+network+and+dual-threshold+iteration+for+retinal+vessel+and+coronary+angiograph+segmentation3&btnG=
https://ieeexplore.ieee.org/abstract/document/9815506
https://doi.org/10.1016/j.media.2024.103143
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=CellViT%3A+Vision+transformers+for+precise+cell+segmentation+and+classification&btnG=
https://www.sciencedirect.com/science/article/pii/S1361841524000689
https://doi.org/10.48550/arXiv.1902.03368
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Skin+lesion+analysis+toward+melanoma+detection+2018%3A+A+challenge+hosted+by+the+International+Skin+Imaging+Collaboration+%28ISIC&btnG=
https://arxiv.org/abs/1902.03368
https://doi.org/10.48550/arXiv.2405.18368
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+2024+Brain+Tumor+Segmentation+%28BraTS%29+Challenge%3A+Glioma+Segmentation+on+Post-treatment+MRI&btnG=
https://arxiv.org/abs/2405.18368
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Topology-preserving+deep+image+segmentation&btnG=
https://proceedings.neurips.cc/paper/2019/hash/2d95666e2649fcfc6e3af75e09f5adb9-Abstract.html
https://doi.org/10.1109/TMI.2004.825627
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Ridge-based+vessel+segmentation+in+color+images+of+the+retina&btnG=
https://ieeexplore.ieee.org/abstract/document/1282003/

