International Journal of Advances in Intelligent Informatics ISSN 2442-6571
Vol. 12, No. 1, February 2026, pp. 136-164 136

Precise cervical cancer cell boundary denoising and J
segmentation with adaptive wavelet-spectral enhancement s

updates

Lalasa Mukku »!", Manjunath Ramanna Lamani "7, Lavanya Hegde ©°, Prathima Mahapurush ¢4,

Shivanandaswamy Mahapurush "°

2CHRIST (Deemed to be University), Bangalore 560074, India

b Moodlakatte Institute of Technology, Kundapura 576217, India

¢ GOVERNMENT SKSJTI, Bangalore 560001, India

4 SKSVMACET Gadag, India

" mlalasa2020@gmail.com; 2 manjunathlamani01@gmail.com ; 3 drlavanyahegde@gmail.com; 4 pmahapurush@gmail.com;
% shivu1201@gmail.com

* corresponding author

ARTICLE INFO ABSTRACT

Accurate segmentation of cell nuclei in cervical cytology images is crucial

Article history for automated cervical cancer screening, yet existing methods struggle with
Received October 27, 2025 blurred boundaries, noise-induced degradation, and topologically
Revised December 22, 2025 implausible predictions. The current research proposes Cell-Seg Tool, a
Accepted February 7, 2026 novel triplet-branch diffusion Al tool that synergistically integrates three
Available online February 28, 2026 innovations to address these limitations. The Wavelet-Enhanced Contour

Refinement Branch employs a learnable multi-scale discrete wavelet
transform with adaptive coefficient attention to dynamically enhance
boundary features across horizontal, vertical, and diagonal orientations. The
Adaptive Spectral Noise Suppression module performs dual-domain
processing using DCT-based filtering and uncertainty-guided fusion,
coupled with bidirectional anchor semantic feedback to couple cross-
branch information. The Topology-Aware Hybrid Loss integrates a focal
Tversky loss, a persistent homology loss, a directional boundary loss, a
skeleton completeness loss, and a diffusion-noise MSE loss for multi-
objective optimization. Comprehensive experiments on multiple datasets
demonstrate superior performance, achieving 94.45% Dice coefficient and
19.2% reduction in boundary localization error compared to state-of-the-
art methods. Unlike prior work that applies these techniques
independently, this work demonstrates that their adaptive, synergistic
integration within a diffusion-based framework vyields substantial
improvements in boundary accuracy and topological correctness.
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1. Introduction

Cervical cancer is the fourth most common cancer among women worldwide. According to the latest
statistics from the World Health Organization (WHO), approximately 604,000 new cases and 342,000
deaths were reported globally in 2020, with the vast majority occurring in low- and middle-income
countries [1], [2]. The disease progression from precancerous cervical intraepithelial neoplasia (CIN) to
invasive carcinoma typically spans several years, offering a critical window for early detection and
intervention. Papanicolaou (Pap) smear cytology and liquid-based cytology remain the gold standard
screening modalities, enabling identification of abnormal cells through microscopic examination [3] of
exfoliated cervical specimens [4]. However, manual cytological screening is labor-intensive, requires
highly trained cytopathologists, and suffers from considerable inter-observer variability, factors that
collectively limit screening coverage and diagnostic consistency, particularly in resource-constrained
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settings [5]. Accurate segmentation of cell nuclei in these cytological images is fundamental to
automated screening systems, as nuclear morphology, chromatin distribution, and nuclear-to-
cytoplasmic (N/C) ratio serve as primary diagnostic indicators for distinguishing normal cells from
dysplastic and malignant cells [6], [7].

Diffusion probabilistic models (DPMs) represent a fundamentally different generative paradigm that
has recently demonstrated remarkable capabilities in image synthesis and reconstruction tasks. Unlike
discriminative models [8], [9], DPMs learn to model the joint distribution p(image, mask) through a
two-stage process: a forward diffusion process that progressively corrupts data by adding Gaussian noise
[10] according to a predefined schedule, and a reverse denoising process that learns to iteratively
reconstruct clean data from pure noise. This generative formulation offers several theoretical and practical
advantages for segmentation tasks. First, by modelling the complete data distribution rather than just
decision boundaries, DPMs can better handle ambiguous regions where multiple plausible segmentations
exist, a common scenario in medical images with blurred boundaries or overlapping structures. Second,
the iterative refinement process inherent to reverse diftusion enables progressive improvement of
segmentation quality through multiple denoising steps, analogous to how human experts refine their
interpretations through careful examination. Third, the probabilistic nature of DPMs naturally
accommodates uncertainty quantification [11], potentially providing confidence estimates valuable for
clinical decision-making.

Recent works have begun exploring diftusion models for medical image segmentation, demonstrating
competitive or superior performance compared to discriminative approaches. MedSegDiff [12]
introduced dynamic conditional encoding to establish state-adaptive conditions for each sampling step
and incorporated frequency-domain filtering (FF-Parser) to suppress high-frequency noise along skip
connections. BerDift [13] proposed using Bernoulli noise rather than Gaussian noise to better match
the discrete, binary nature of segmentation masks. EnsDiff [14] leveraged ensemble predictions through
multiple stochastic samplings to reduce prediction variance and improve robustness. AmDiff [15]
focused on modelling segmentation ambiguity by generating multiple plausible outputs for uncertain
regions. While these pioneering efforts have validated the potential of diffusion models for segmentation
tasks, critical challenges remain inadequately addressed.

The fundamental challenge lies in the inherent tension between the noise injection required for
diffusion-based generation and the need for precise localization in segmentation tasks. During the
forward diffusion process, progressive noise addition corrupts not only the target masks but also degrades
feature representations extracted by the encoder network. This noise propagates through intermediate
layers and can lead to semantic confusion, where the model struggles to distinguish genuine structural
features from noise-induced artefacts, particularly in cervical cytology, where nuclear boundaries often
exhibit low contrast. Existing noise mitigation strategies, such as MedSegDiff's fixed Fourier filtering,
apply uniform frequency cutoffs that cannot adapt to spatially varying noise characteristics or preserve
important high-frequency details corresponding to fine boundaries. Moreover, the lack of explicit
boundary modelling in current diffusion-based methods means that edge information must be implicitly
learned through the denoising objective, which provides insufficient supervision for precise boundary
localization in challenging cases with weak gradients or overlapping structures.

Beyond the noise and boundary challenges, topological correctness represents another critical
dimension largely overlooked in existing diffusion-based segmentation approaches. In cervical cytology,
nuclei should exhibit specific topological properties: each cell typically contains a single connected
nuclear region without holes or fragmentation. Conventional loss functions, such as Dice loss or cross-
entropy, optimize for pixel-wise accuracy and region overlap but provide no explicit constraints on
topological structure. Consequently, models can produce anatomically implausible results, such as
splitting single nuclei into multiple disconnected components or introducing spurious holes within
nuclear regions that violate biological constraints and can lead to incorrect downstream analyses. While
some recent works have explored topological losses based on persistent homology, their integration with
diffusion models for medical image segmentation remains largely unexplored.
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Despite significant advances in deep learning-based segmentation, fundamental challenges remain
inadequately addressed in cervical nucleus segmentation. Boundary ambiguity: Nuclear boundaries in
cervical cytology images frequently exhibit severe ambiguity. In addition, conventional loss functions
used in medical image segmentation primarily focus on pixel-wise accuracy and boundary localization,
while failing to enforce topological constraints on predicted segmentation masks. In cervical cytology,
where nuclei exhibit complex morphologies including bean-shaped, lobulated, and irregular contours,
maintaining topological correctness is essential for accurate lesion characterization.

To address these fundamental limitations, this paper proposes a comprehensive tool that
synergistically integrates three key innovations: learnable wavelet-based boundary enhancement, adaptive
frequency-domain noise suppression with bidirectional semantic coupling, and topology-aware multi-
objective optimization. The core insight underlying our approach is that achieving high-quality
segmentation in challenging scenarios requires explicit modelling and optimization of multiple
complementary aspects, including semantic regions, boundary structures, noise robustness, and
topological correctness, rather than relying solely on end-to-end learning with a single objective
function. The main contributions of this manuscript are as follows:

e Wavelet-Enhanced Contour Refinement Branch. A fully learnable boundary enhancement module
that employs multi-scale 2D Discrete Wavelet Transform with Adaptive Wavelet Coefficient
Attention (AWCA) to dynamically weight horizontal, vertical, and diagonal edge components,
generating Contour Saliency Maps that are progressively integrated into both diffusion and semantic
branches through gated Multi-level Contour Feature Integration (MCFI) modules for robust
boundary localization. The primary novelty of this work lies not in the individual components, but
in their coordinated design and interaction within a triplet-branch diffusion architecture.

e Adaptive Spectral Noise Suppression (ASNS) Module. A novel dual-domain denoising mechanism
featuring parallel spatial-spectral processing with DCT-based adaptive filtering, uncertainty-guided
fusion using local variance estimation, and bidirectional anchor semantic feedback that establishes
cross-branch coupling to enhance feature quality while preserving structural details during diffusion.

e Topology-Aware Hybrid Loss (TAHL). Multi-component supervision incorporating five
complementary objectives (focal Tversky, persistent homology via Ripser library, Scharr-based
directional gradients, morphological skeleton matching, diffusion noise MSE) with systematic grid-

searched weights (Agersky 2.0, Aropology 0-55 Adirection = 0-3, Agkeleron = 0-4) ensuring anatomically

plausible segmentation with correct topology and complete contours.

The rest of the manuscript is organized as follows: Section 2 reviews the related literature, Section 3
presents the methodology, Section 4 discusses the results, and Section 5 concludes the study.

2. Related Work

Automated segmentation of cervical cell nuclei has been pursued through diverse methodological
approaches, ranging from traditional unsupervised clustering techniques to contemporary deep learning
architectures. Early methods predominantly employed intensity-based thresholding, morphological
operations, and geometric shape modelling to extract nuclear regions, while recent advances have
leveraged CNNs and attention mechanisms to capture complex morphological patterns [16]—[19]. Most
recently, DPMs have emerged as a powerful generative paradigm for medical image segmentation,
offering superior handling of ambiguous regions through iterative denoising processes. However,
persistent challenges remain in accurately localizing blurred boundaries, suppressing noise-induced
feature degradation, and ensuring topologically plausible predictions, limitations that motivate the
development of our proposed AI tool. This section reviews relevant literature across traditional
segmentation methods, deep learning approaches, diffusion-based models, and boundary-aware
techniques, highlighting their contributions and identifying gaps that our work addresses.
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The traditional cell segmentation methods include cluster models such as k-means. For instance,
[20] developed a new method, Adaptive Nucleus Shape Modeling, that segments cell nuclei using
multilevel thresholding and fits ellipses to their shapes. The research uses multi-level thresholding to
identify nuclear regions while accounting for variability in nuclear morphology. Extracts texture features
from the inscribed rectangle within the fitted ellipse; these features characterize nuclei’s texture and
shape at the nucleus level. Research by [21] attempted segmentation of cervical cell images using an
unsupervised machine learning technique. A multi-scale hierarchical segmentation algorithm to
partition these regions based on homogeneity and circularity. They tested a two-fold method that begins
with Nucleus and cytoplasm segmentation, followed by Hierarchical region extraction using an optimal
leaf ordering algorithm, and achieved reasonable results. Another approach to segmenting cervical cells
is to combine clustering with unsupervised and supervised techniques, such as K-means and SVM. It is
achieved through morphological reconstruction and clustering [22]. In parallel, deep learning approaches
have gained traction in the division of segmentation, extending the application to cell images. Research
by [23] embedded attention modules by learning unique visual patterns through stacked predictive sparse
decomposition. They achieved accurate nuclear segmentation through deep learning concepts.

The research by [24] aimed to analyze cervical cell images using a two-level approach, employing the
fuzzy C-means (FCM) clustering technique, followed by an artificial neural network on multiclass
datasets. In the past decade, diffusion models have gained traction in medical image segmentation. They
have achieved remarkable progress, and they work in two ways: Forward and backward diffusion
processes. The forward process gradually corrupts the original data x0 (e.g., ground truth segmentation
mask) by progressively adding Gaussian noise over T timesteps, transforming it into pure noise. At each
timestep t, the noisy data x; is obtained from x;_; through:

q(xelxe) = N(x¢; v1- Bexe—1, Bel (1)

wheref; is a predefined variance schedule controlling the noise magnitude. This process systematically
degrades the data structure until the original information becomes indistinguishable from random noise.
Whereas the reverse process learns to denoise and reconstruct clean data from pure noise progressively
x; through iterative refinement. A neural network €6 is trained to predict the noise added at each
timestep, enabling the recovery of x,_; from x;.

Po(xe—1 | xp) = N (xp_q; g (xp, 1), Utzl) ()

For instance, a study by Julia et al. [19] developed a novel semantic segmentation method based on
diffusion models. A stochastic sampling process was used to generate a distribution of segmentation
mask. Another work by Xing et al. [25] built a Diffusion Embedded Network for Volumetric
Segmentation, Diff-UNet, which integrates the diffusion model into a standard U-shaped architecture
to extract semantic information. To combine the outputs of the diffusion models at each step to combine
the outputs of the diffusion models at each step.

More recently, the authors [12] developed MedSegdift, a Medical image segmentation model based
on a diftusion probabilistic model. To better address the challenge of distinguishing lesions or organs
from complex backgrounds in medical images, MedSegDiff establishes state-adaptive conditions for each
sampling step through dynamic conditional encoding, thereby improving upon the fixed conditioning
strategies employed in traditional DDPMs. [13] designed BerDiff, a Bernoulli noise-based diffusion
model specifically designed for medical image segmentation. BerDiff leverages the stochastic nature of
diffusion models by performing multiple sampling iterations to generate diverse segmentation outputs,
enabling explicit visualization of regions of interest and providing richer information.

To enhance the model's ability to discriminate ambiguous regions and perceive target shapes, a
growing number of studies have focused on explicitly modeling boundary features within network
architectures through dedicated edge-aware modules.
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In [26], a framework was introduced that integrates gradient data with classifier probability scores to
construct robust Edge-Stop Functions (ESF) for edge-based active contour models. This combined
approach overcomes the limitations of traditional gradient-only ESFs, which perform poorly on medical
images with ambiguous boundaries, enabling more effective segmentation of blurred boundary regions.

Another study by [27] proposed the Edge Attention Network, which leverages boundary cues as
geometric constraints to distinguish foreground from background and improve identification of blurred
edges in heterogeneous regions. The framework integrates an Edge Attention Preservation (EAP)
module with a Multi-level Pairwise Regression (MPR) module to collaboratively refine target boundaries
and enhance segmentation accuracy.

While these approaches validate the importance of explicit boundary modelling for segmentation
accuracy, they predominantly rely on fixed gradient operators (Canny, Sobel) or hand-crafted edge
features that cannot adapt to the morphological heterogeneity present in cervical cytology images.
Cervical nucleus segmentation presents unique challenges: nuclear boundaries frequently exhibit severe
ambiguity due to cellular overlap, inconsistent staining quality, and weak contrast between nuclear and
cytoplasmic regions. Moreover, nuclei display substantial morphological diversity across different
dysplasia grades, ranging from regular circular shapes in normal cells to irregular, bean-shaped, or
lobulated contours in high-grade lesions. Traditional boundary detection methods with fixed parameters
fail to accommodate this variation. Therefore, our work introduces a fully learnable boundary
enhancement mechanism using WCRB, which adaptively weights multi-directional edge components
and dynamically fuses boundary information with semantic features via gated mechanisms, yielding task-
specific boundary representations optimized for cervical nucleus morphology. Recent 2024-2025 studies
on diffusion-based and topology-aware segmentation further motivate the need for adaptive boundary
and topology supervision.

3. Method

For clarity and reproducibility, each architectural component is motivated, mathematically
formulated, and supported with implementation-level details. Fig. 1 illustrates the complete triplet-
branch framework, showing the diftusion backbone, semantic branch, and wavelet-enhanced contour
refinement branch, along with their bidirectional information flow. It primarily consists of three
synergistic components: the Diffusion Model Backbone, the Semantic Condition Branch, and the
Wavelet-Enhanced Contour Refinement Branch.

Triplet-branch Diffusion Framework for Cervical Cell Nucleus
Segmentation

. WCRB
Iput cervical Cell , Wavelet-Enhanced ——
Image Contour Refinement

!

Semantic Branch TAHL
UNet Encoder-Decoder
Feature ?ctraction | — Topology - .
i Aware Hybrid Performance

_ ASNS _ Loss Herlev Dice = 94.45
Adaptive Spectral Noise
Supression SIPaKMed Dice = 94.81
T
Diffusion Backbone
Progressive Denoising
with T=1000

Segmentation Mask

Accurate boundaries

Fig. 1. Proposed Architecture
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The Diftusion Model Backbone serves as the core generative engine [28], [29], built on a U-Net-
like architecture that progressively reconstructs clean segmentation masks from noisy inputs through
iterative denoising [30]. Fig. 2 demonstrates the diffusion backbone architecture.
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Unlike conventional discriminative segmentation models that directly map images to binary masks,
this diffusion-based approach models the joint distribution between input images and target masks,
enabling more robust handling of ambiguous regions and morphological variations. The backbone
receives concatenated noisy masks and input images as input, simulating the reverse diftusion process
through T=1000 timesteps. To mitigate the adverse effects of noise accumulation during this progressive
reconstruction, we integrate the ASNS module at multiple encoder levels. This module performs
frequency-domain filtering with uncertainty-guided fusion, effectively separating signal from noise while
preserving critical structural information. Furthermore, an anchor-based feedback mechanism extracts
refined structural features from the denoised representations and feeds them back to the Semantic
Condition Branch, establishing bidirectional information coupling that enhances cross-branch guidance
and feature discriminability.

To provide rich semantic context and auxiliary supervision, we designed a parallel Semantic Condition
Branch based on the U-Net architecture [31]. This branch directly extracts multi-scale semantic features
from input cervical cell images without injecting noise, thereby capturing anatomical priors and global

contextual information. High-level semantic features from the encoder's deepest layer are injected into
-
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the bottleneck and early decoding stages of the diffusion backbone via cross-layer skip connections,
thereby guiding the denoising process with clean, semantically meaningful representations. Additionally,
this branch generates an independent segmentation output that serves as an auxiliary supervision signal
during training, enabling the model to learn complementary representations through multi-task
optimization. The semantic features act as a stabilizing force, anchoring the reconstruction process of
the diffusion backbone and preventing it from diverging into semantically implausible solutions.

Furthermore, to explicitly address the challenge posed by blurred and ambiguous nuclear boundaries,
a pervasive issue in cervical cytology images, we introduce the Wavelet-Enhanced Contour Refinement
Branch (WCRB). Unlike conventional edge detection methods that rely on hand-crafted operators such
as Canny or Sobel, WCRB employs a learnable wavelet decomposition approach to capture multi-scale
boundary information across different frequency sub-bands. The branch performs 2D Discrete Wavelet
Transform (DWT) on input images to decompose them into approximation and detail coefficients
(LL,LH, HL, HH), with the detail coefficients encoding horizontal, vertical, and diagonal edge
information. The AWCA mechanism learns to dynamically weight these frequency components,
generating a Contour Saliency Map (CSM) that highlights boundary regions. Through MCFI modules
equipped with gated fusion mechanisms, the boundary information is progressively injected into the
decoding stages of both the Diffusion Model Backbone and the Semantic Condition Branch. This multi-
path boundary enhancement strategy ensures that contour information is preserved and refined
throughout the reconstruction process, significantly improving the model’s ability to delineate fine-
grained nuclear boundaries even in the presence of cellular overlap and weak staining intensity.

The three branches operate synergistically through carefully designed information flow pathways.
The ASNS module denoises the diftusion backbone’s features in the frequency domain and provides
anchor feedback to the semantic branch, creating a bidirectional coupling that enhances semantic
guidance. The WCRB extracts learnable boundary features and fuses them into both the diffusion
backbone and semantic branch decoders through gated attention mechanisms, ensuring that edge
information is consistently reinforced across all decoding scales. The semantic branch provides clean,
high-level contextual features to guide the diffusion backbone’s reconstruction while simultaneously
producing auxiliary segmentation outputs for multi-task learning. This collaborative architecture enables
the model to simultaneously optimize for semantic accuracy, boundary precision, and noise robustness.

During training, the proposed tool is jointly optimized using the proposed TAHL, which extends
beyond conventional pixel-wise or region-based loss functions by incorporating explicit topological
constraints. TAHL comprises five complementary components: (1) a focal Tversky loss for handling
class imbalance and emphasizing false negatives, (2) a persistent homology-based topology loss that
penalizes incorrect numbers of connected components and holes, (3) a directional boundary loss that
enforces correct orientation of edge gradients, (4) a skeleton completeness loss that ensures contour
connectivity, and (5) the standard MSE loss for diffusion noise prediction. By simultaneously optimizing
across semantic regions, boundary structures, topological correctness, and diffusion reconstruction,
TAHL provides comprehensive supervision that guides the model to generate anatomically plausible
segmentation masks with accurate boundaries and preserved topological properties.

The proposed triplet-branch tool achieves multi-scale, multi-domain collaborative optimization
through three key innovations: frequency-domain noise suppression with anchor feedback, WCRB, and
TAHL. These components work in concert to address the fundamental challenges in cervical nucleus
segmentation, including noise interference, boundary ambiguity, and topological inconsistency, while
maintaining high computational efficiency and clinical interpretability. The following subsections
provide detailed technical descriptions of each novel component.

3.1. Wavelet-Enhanced Contour Refinement Branch

The architecture of WCRB is illustrated in Fig. 3, and its operation encompasses three primary
stages: wavelet-based feature extraction with adaptive attention, contour saliency generation with multi-
level integration, and residual boundary enhancement.
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The first stage applies the 2D Discrete Wavelet Transform (DWT) [32] to decompose the input
cervical cell image I € R*W>3 into four frequency sub-bands that encode both approximation and
detail information at different orientations. The DWT [33] operates by convolving the input image with
a pair of complementary filters: a low-pass filter (associated with the scaling function) and a high-pass
filter (associated with the wavelet function), followed by down-sampling operations. In this work, we
employ the Haar wavelet basis for its computational efficiency and its effectiveness in capturing sharp
discontinuities, which are characteristic of cellular boundaries. The decomposition process can be
formally expressed as:

WT (I) = {LL, LH, HL, HH} ®)

where LL denotes the approximation coefficients obtained by applying the low-pass filter in both
horizontal and vertical directions, capturing low-frequency content and representing a coarse-scale
representation of the input image. LH denotes the horizontal detail coefficients obtained by applying the
low-pass filter horizontally and the high-pass filter vertically, primarily encoding vertical edge
information. HL denotes the vertical detail coefficients obtained by applying a high-pass filter
horizontally and a low-pass filter vertically, thereby capturing horizontal edge structures. HH denotes
the diagonal-detail coefficients obtained by applying a high-pass filter in both directions, encoding
diagonal edges and corner features.

While wavelet decomposition extracts multi-directional edge information, not all frequency
components contribute equally to nuclear boundary detection. Depending on the local cellular
morphology and orientation, certain directional edges may be more salient than others. To enable the
model to emphasize the most informative frequency components adaptively, we introduce the AWCA
mechanism, which learns to weight the detail coefficients according to their relevance to boundary
detection. The AWCA mechanism operates in two stages. First, we compute a weighted combination
of the absolute magnitude of the three detail coefficients to form an aggregated detail map:

Wewt = @+ |LH| + f - [HL| +v - [HH| 4)

where @, 8,y are learnable scalar parameters initialized to [0.33, 0.33, 0.34] to ensure balanced weighting
at the start of training. The absolute value operation ensures that edge responses are represented as non-
negative magnitudes, consistent with the physical interpretation of edge strength. These learnable
coefficients allow the network to automatically determine the relative importance of horizontal, vertical,
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and diagonal edges for the specific task of nuclear boundary detection, adapting to the predominant
orientations observed in the training data.

Second, to further refine the attention mechanism and enable spatial adaptivity, we learn a channel-
wise attention map by applying a 1x1 convolution followed by a sigmoid activation to the concatenated
detail coefficients:

A uvelee = 0(Conv,», (Concat(LH, HL, HH))) (5)

where o (-) denotes the sigmoid activation function, which constrains the attention values to the range
(0, 1), and Concat(-) represents channel-wise concatenation. The 1x1 convolution performs a learned
linear combination across channels, enabling the network to identify complex interactions between
different directional components. This spatially varying attention map assigns higher weights to
frequency regions that exhibit strong boundary characteristics while suppressing regions dominated by
noise or texture variations. The combination of learnable coefficient weighting and spatial attention
ensures that AWCA can adapt to diverse boundary patterns, including weak edges in low-contrast
regions and strong edges at cell-cell interfaces, thereby enhancing the robustness and discriminative
power of the extracted boundary features.

Having obtained the adaptively weighted detail map Wdetail and the spatial attention map
Ayaveler » We proceed to generate a Contour Saliency Map that explicitly highlights boundary regions
while suppressing irrelevant background areas. The CSM is computed by fusing the weighted detail
information with the spatial attention through element-wise multiplication, followed by a 3x3
convolution to capture local spatial context, and a hyperbolic tangent activation to normalize the output:

CSM = tanh(Conv3 X 3(Wdetail © Awavelet)) (6)

where © denotes element-wise multiplication (Hadamard product). The element-wise multiplication
operation serves as a feature-gating mechanism, allowing the spatial attention map to modulate the
contribution of each spatial location in the detail map. Regions with high attention values
(corresponding to strong boundary evidence) are amplified, while regions with low attention values
(corresponding to homogeneous areas or noise) are attenuated. The subsequent 3x3 convolution
aggregates information from local neighbourhoods, enabling the network to capture spatially coherent
boundary structures rather than isolated edge pixels. This is particularly important in cervical cell images,
where nuclear boundaries often form closed contours spanning multiple pixels. The hyperbolic tangent
activation function maps the convolution output to the range (—1,1), providing a normalized
representation that facilitates stable gradient flow during backpropagation and prevents feature
saturation. The resulting CSM serves as a high-fidelity representation of boundary saliency, encoding
both the location and strength of nuclear contours. Unlike binary edge maps produced by classical
operators, the CSM retains continuous edge-confidence scores, enabling more nuanced boundary
modelling and smooth integration with downstream feature-fusion modules.

Given a feature map Fypgge € RP*WXC from a decoder layer and the corresponding CSM

(appropriately resized to match the spatial dimensions), the MCFI module first computes a gating map
G that determines the relative contribution of each information source:

G=o (Conv3x3([F}mage,CSM])) ™)

where [+, -] denotes channel-wise concatenation, and the 3x3 convolution learns a non-linear mapping
from the concatenated features to a gating signal. The sigmoid activation ensures that the gating values
lie in the range (0, 1), with values close to 1 indicating that the original feature map should dominate,
and values close to 0 indicating that the boundary information should dominate. This adaptive gating
mechanism allows the network to selectively emphasize boundary features in regions where edges are
prominent (e.g., at nuclear contours) while preserving semantic information in homogeneous regions
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(e.g., within nuclear interiors or background areas). The refined feature map Feq,eq is then obtained by
blending the gated original features with the boundary-enhanced features:

Freﬁned =G O Fimage + (1 - G) @ COHVSXS(CSM) (8)

This formulation ensures that the output is a smooth interpolation between the two information
sources, controlled by the learned gating map. When G approaches 1, the refined features are dominated
by the original semantic representation, preserving the model's ability to capture regional context and
texture. Conversely, when G approaches 0, the refined features are driven primarily by the boundary
saliency map, sharpening contours, and enhancing edge localization. The 3x3 convolution applied to the
CSM before fusion further enriches the boundary representation by capturing local spatial dependencies.
The gated fusion mechanism provides a principled and differentiable approach to combining multi-
modal information, enabling the network to learn task-optimal fusion strategies during end-to-end
training, contrasting with fixed fusion rules that lack the flexibility to adapt to varying boundary
characteristics across different images and regions.

To further strengthen the boundary representations and ensure that edge information is consistently
propagated through the network, we introduce a residual connection that directly injects boundary
features into the refined feature map. Inspired by the success of residual learning in deep neural networks,
this design facilitates gradient flow and prevents the degradation of boundary information during feature
transformation. The final output of the WCRB is computed as:

E)utput = Freﬁned + Aresidual : (Conlel(CSM) O Fimage) (9)

where A, dua is @ learnable scalar parameter initialized to 0.1, which controls the magnitude of the
residual boundary enhancement. The 1x1 convolution projects the CSM into the same channel space as
Fimage » enabling element-wise multiplication to perform channel-wise gating. This residual term acts as

an explicit boundary attention mechanism, amplifying feature responses in regions corresponding to
nuclear contours while leaving non-boundary regions relatively unaffected.

The learnable scaling parameter A,.gq,, allows the network to automatically balance the strength of
the residual connection during training. In early training stages, when boundary features may be noisy
or unreliable, the network can downweight the residual term by reducing 4,¢gqyq1 - As training progresses
and boundary predictions become more accurate, A,y can increase to provide stronger boundary
reinforcement. This adaptive behavior enhances training stability and convergence.

The output features Fyygy from the WCRB are injected into the decoder stages of both the

Diftusion Model Backbone and the Semantic Condition Branch at three different spatial resolutions:
32x32, 64x64, and 128x128 pixels. This multi-level injection strategy ensures that boundary information
is incorporated at multiple scales, allowing the model to refine boundaries progressively from coarse to
fine resolutions. At lower resolutions (32x32), the boundary features guide the overall shape and topology
of nuclear regions, while at higher resolutions (128x128), they refine pixel-level edge localization and
contour smoothness.

The WCRB is designed to be lightweight and computationally efficient, with a total of approximately
0.8 million trainable parameters, which is significantly fewer than typical boundary encoder networks.
The 2D DWT is implemented using PyWavelets library with Haar wavelet basis, and the decomposition
is performed on grayscale versions of the input images obtained by averaging the RGB channels. The
wavelet coefficients are normalized to zero mean and unit variance to ensure stable training dynamics.
The AWCA module employs 1x1 convolutions with 64 output channels, followed by batch
normalization and sigmoid activation. The gating convolutions in the MCFI module use 3x3 kernels
with padding to preserve spatial dimensions, and are also followed by batch normalization layers. All
convolutions use He initialization for weight initialization, and biases are initialized to zero.
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3.2. Adaptive Spectral Noise Suppression Module

Diftusion models, by their fundamental design, operate through a progressive denoising process that
iteratively refines noisy inputs to recover clean target structures. While this iterative refinement
mechanism endows diffusion models with remarkable generative capabilities, it also introduces a critical
challenge: the accumulation of noise artifacts during the forward diftusion process can corrupt the
intermediate feature representations within the encoder pathway, leading to degraded semantic
understanding and impaired boundary localization. Unlike conventional discriminative segmentation
networks that process clean input images directly, the Diftusion Model Backbone in our framework
receives concatenated noisy masks and images as input, where the noise level varies across diffusion
timesteps according to a predefined schedule (from t=0 to t=1000). This noise injection, while essential
for the generative formulation, introduces high-frequency perturbations that contaminate the feature
maps extracted by the encoder, potentially causing the model to hallucinate spurious structures,
misidentify background regions as nuclei, or fail to detect genuine boundaries obscured by noise-induced
texture variations in densely overlapping cervical cell clusters.

The key innovation of ASNS lies in its dual-domain processing strategy: it simultaneously extracts
features in both the spatial domain and the frequency domain then fuses them using an uncertainty-
guided weighting mechanism that assigns higher confidence to spatial features in low-noise regions and
higher confidence to frequency-filtered features in high-noise regions. This adaptive fusion strategy
enables ASNS to preserve fine-grained structural details in clean regions while aggressively suppressing
noise in corrupted regions, thereby achieving superior denoising performance compared to fixed-rule
filtering approaches.

The ASNS module receives encoder feature x € REFXWXCfiom the Diffusion Model Backbone and

processes them through two parallel pathways: a spatial stream and a spectral stream. The spatial pathway
applies standard convolutional processing with Gaussian Error Linear Unit (GELU) activation and batch
normalization to extract local spatial features:

Fspatial = GELU(BN(COTLU3X3(X))) (10)

where BN(+) denotes batch normalization. This pathway preserves local texture patterns and spatial
correlations that are essential for distinguishing cellular structures. The frequency pathway transforms
the feature map into the spectral domain using the 2D Discrete Cosine Transform (DCT):

Ffreq = DCTyp(x) (11)

The DCT is preferred over the Fourier Transform due to its superior energy compaction for natural
images; it concentrates signal energy in fewer low-frequency coefficients, making signal-noise separation
more effective. The DCT representation Fpreq € RP*"W*Cis purely real-valued, avoiding the

computational overhead of complex arithmetic required by FFT.
To enable adaptive frequency filtering, we apply a channel attention mechanism to the spectral
representation. First, the magnitude of the frequency coeficients is couted as Mgeq = |Feq| - A

squeeze-and-excitation style channel attention is then applied to learn importance weights for different
frequency channels:

Wl = O (FC2 (GELU (Fc1 (GAP (Mg, ))))) (12)

where GAP(+) denotes global average pooling, FC; and FC, are fully connected layers with a channel
reduction ratio of 16, and o(*) is the sigmoid activation. This produces channel-wise importance weights
Wchannel € R1X1xc-
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Unlike fixed frequency masking, ASNS learns spatially-adaptive filters by combining magnitude and
phase information. The phase component is computed as the sign of DCT coefficients, denoted as £Fpq

. The adaptive spatial mask is obtained through:
M, gopive = COnvyyy (Concat(|Ffreq |, LFeq )) (13)
The filtered frequency representation is obtained by applying both channel and spatial modulation:
Fireq = Fiieq © Mugapive © Wenannel (14)

where O denotes element-wise multiplication, with broadcasting applied for Wehannel. This adaptive
filtering mechanism allows the network to selectively suppress noise-dominated frequency components
while preserving signal-rich coefficients, with the spatial adaptivity enabling different filtering strategies
across different image regions. Subsequently, Uncertainty-Guided Fusion and Anchor Feedback is
discussed below.

To adaptively weight the contributions of spatial and frequency features based on local noise
characteristics, we estimate spatial uncertainty using local variance. For each spatial location, the local
variance is computed within a 5x5 sliding window:

u@j = \/Eﬂ(i,j)[(x = Hiocat )?] (15)

where Q(i,j) denotes the local neighborhood around pixel (i,) and py,e, are the local mean. The
uncertainty map is normalized and passed through a sigmoid modulation to produce spatial weighting:

1
w =
uncertainty 1+exp(=k-(U-T))

(16)

where k = 10 controls the steepness of the transition, and 7 is an adaptive threshold set to the median
value of U. This weighting assigns values near 1 to high-uncertainty regions (which require stronger
frequency filtering) and near 0 to low-uncertainty regions (which preserve spatial details). The final
denoised representation is obtained through uncertainty-guided fusion:

Fdenoised = Wuncertainty O Fspatial + (1 - Wuncertainty) O IDCTZD (Ff,req ) (17)

where IDCT,D(-) denotes the inverse discrete cosine transform. This formulation enables spatially
varying denoising strength, aggressively filtering high-uncertainty regions while preserving details in
low-uncertainty regions.

To establish bidirectional coupling with the Semantic Condition Branch, we extract robust structural
features from the denoised representation using morphological analysis. The anchor semantics are
computed as the difference between max-pooled and min-pooled features:

Astructure = MaXPOOIk (Fdenoised ) - MinPOOlk (Fdenoised ) (18)

where k = 3 is the pooling kernel size. This operation effectively extracts edge-strength maps that
highlight structural boundaries while suppressing uniform regions and noise-induced texture. The
anchor features are then projected through a 1x1 convolution:

Ffeedback = COHVIXI(Concat(Astructure ) Fdenoised )) (19)
These feedback features Fi gpo are routed to the corresponding encoder level of the Semantic

Condition Branch via cross-branch skip connections, enriching its semantic representations with noise-
purified structural information. This bidirectional information flow creates synergistic collaboration
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between the diffusion and semantic pathways: the semantic branch receives cleaner structural cues from
the denoised diffusion features, while the diffusion branch benefits from the semantic guidance provided
by the condition branch. This mutual enhancement is particularly effective in challenging scenarios
where noise and semantic ambiguity coexist.

3.3. Topology-Aware Hybrid Loss Function

The effectiveness of deep learning-based segmentation models is fundamentally determined not only
by their architecture but also by the optimization objectives that guide their learning. Conventional loss
functions employed in medical image segmentation, such as cross-entropy loss or standard Dice loss,
implicitly assume that all pixels contribute equally to segmentation quality, focusing primarily on
maximizing pixel-wise classification accuracy or region-based overlap between predictions and ground-
truth masks. However, this assumption is critically misaligned with the clinical requirements of cervical
nucleus segmentation, where different image regions carry vastly different diagnostic significance.
Nuclear boundaries, which encode morphological features such as irregular contours, membrane
thickening, and nuclear pleomorphism, which are the key indicators of malignant transformation, are
far more diagnostically relevant than the homogeneous interior regions of nuclei. A segmentation that
achieves 95% pixel-wise accuracy but exhibits systematic boundary erosion or dilation by just 2-3 pixels
can lead to significant errors in downstream analyses, including nuclear-to-cytoplasmic ratio estimation,
chromatin texture quantification, and automated lesion grading. Furthermore, conventional loss
functions fail to enforce topological constraints on the predicted segmentation masks, potentially
generating anatomically implausible results such as fragmented nuclei (incorrect number of connected
components), spurious holes within nuclear regions (topological defects), or disconnected boundary
contours (contour incompleteness).

To provide comprehensive supervision that simultaneously addresses region accuracy, boundary
precision, topological correctness, and contour completeness, we propose the TAHL, a multi-
component loss function that integrates five complementary objectives, each targeting a specific aspect
of segmentation quality. TAHL comprises: (1) a focal Tversky loss that handles severe class imbalance
by asymmetrically penalizing false negatives more than false positives, addressing the challenge that nuclei
occupy only 10-20% of image area; (2) a persistent homology loss that explicitly preserves topological
features by penalizing discrepancies in the number and persistence of connected components and holes
between prediction and ground truth; (3) a directional boundary loss that enforces correct orientation
of edge gradients, ensuring that predicted boundaries exhibit consistent tangent directions matching the
ground truth contours; (4) a skeleton completeness loss that measures the integrity of the morphological
skeleton, penalizing boundary discontinuities and fragmentation; and (5) the standard MSE loss for
diffusion noise prediction. By jointly optimizing across these five objectives with carefully tuned
weighting coefficients, TAHL guides the triplet-branch framework enhanced by WCRB's boundary
features and ASNS's denoised representations toward generating segmentation masks that are
simultaneously accurate in regional classification, precise in boundary localization, correct in topological
structure, and complete in contour connectivity. The TAHL image is presented in Fig. 4.

Skeleton
completeness

Diffusion Noise /f
MSE *

/ Directional
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TAHL Hf A4

g

Focal Tvers| \
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\ _/ homelogy

Fig. 4. Topology Aware Hybrid Loss (TAHL)
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The first component addresses the severe class imbalance inherent in cervical cell images, where
nuclear pixels typically comprise only 10-20% of the total image area. We employ the focal Tversky loss,
which asymmetrically penalizes false negatives more heavily than false positives, aligning with clinical
priorities in which missing nuclear regions are more detrimental than over-segmentation. The Tversky
index is defined as:

TP+e
TP+a-FN+[-FP+e

TI(P,T) = (20)
where TP, FN, and FP denote true positives, false negatives, and false positives, respectively, and € =
1077 ensures numerical stability. We set @ = 0.7 and f = 0.3 to prioritize recall over precision. To
emphasize hard examples, we apply focal modulation:

Lrversky = (1 - TI(P, T))]/ (21)

with y = 0.75 providing moderate focusing without destabilizing training. This focal mechanism
down-weights the loss contribution from easy examples (well-classified regions) and focuses the model’s
attention on difficult regions where predictions are uncertain or incorrect.

The directional boundary loss enforces consistency in edge orientations, ensuring that predicted
boundaries not only occupy correct spatial locations but also exhibit proper directional flow. We compute
edge responses using Scharr operators, which provide improved rotational symmetry compared to Sobel
kernels. The gradient orientations for prediction P and ground truth T are:

Og = atan2(V,T,V,T), 6,4 = atan2(V,P,V,P) (22)
The directional boundary loss is restricted to actual boundary regions via a binary mask B, is:

1 .o PR
Ldirection = Z_BZi,j Bi,]' : |0gt(l']) - Hpred (l'])l (23)

This loss ensures that predicted boundaries exhibit correct orientations, promoting smooth,
continuous contours while preventing boundary discontinuities that can arise when edges are predicted
with correct positions but incorrect tangent directions.

The second major component explicitly preserves topological correctness using persistent homology,
a mathematical framework from algebraic topology that characterizes the birth and death of topological
features across different scales. For binary segmentation masks, we compute persistence diagrams
PD,..q, PDg; that encode the lifespan of connected components (0-dimensional features) and holes (1-
dimensional features). Each point in a persistence diagram represents a topological feature, with its
coordinates indicating the scale at which the feature appears (birth) and disappears (death). Features
with long persistence (large death-birth difference) represent significant structural elements, while
short-lived features typically correspond to noise or minor irregularities. The topological loss measures
the Wasserstein distance between these diagrams:

L = Wy(PDyreq , PDyt) (24)

topology

3.4. Differentiable Implementation of Persistent Homology Loss

Although classical persistent homology computation is non-differentiable, we employ a differentiable
proxy by backpropagating through the Wasserstein distance between persistence diagrams. Persistence
diagrams are computed using the Ripser library, while gradients are propagated using a differentiable
Wasserstein loss formulation implemented in PyTorch, enabling stable end-to-end training. This loss
penalizes incorrect numbers of connected components (e.g., a single nucleus incorrectly split into two
fragments), the presence of spurious holes (e.g., false voids within solid nuclear regions), and merging
of adjacent nuclei (e.g., two overlapping nuclei incorrectly segmented as one). The persistence diagram
computation is implemented using the Ripser library with cubical complex representation, which
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efficiently computes persistent homology for 2D binary images. The Wasserstein-2 distance provides a
geometrically meaningful metric for comparing persistence diagrams, ensuring that the optimization not
only matches the number of topological features but also their persistence (significance).

The fourth component measures skeleton completeness to ensure contour connectivity and structural
integrity. The morphological skeleton represents the medial axis of a shape, which is the locus of centers
of maximal inscribed circles, and its completeness indicates boundary integrity and the absence of
fragmentation. We extract skeletons using morphological thinning, which iteratively erodes the
boundary while preserving topology until only the skeleton remains. The skeleton completeness loss
computes the overlap between predicted and ground truth skeletons:

B 2-|Spred NSge|+€
Lskeleton =1 +|Sgt|+5 (25)

B |Spred

where S;.q = Skeleton(P) and Sg; = Skeleton(T). This loss penalizes fragmented or incomplete

boundaries that would result in disconnected skeleton branches, encouraging the model to produce
continuous, well-connected contours. Unlike the topological loss that focuses on global structural
properties (number of components and holes), the skeleton loss specifically targets local connectivity. It
ensures that boundaries form complete, unbroken loops around nuclear regions.

The fifth component is the standard MSE loss for diftusion noise prediction, ensuring accurate
denoising in the generative process:

Ly =l e — €113 (26)

here € and € denote true and predicted noise, respectively. This loss is essential for maintaining the
diffusion model's generative capability, ensuring that the reverse diffusion process accurately removes
noise at each timestep.

The complete TAHL integrates these five components with carefully tuned weights:
Ltotal = Adiff : Ldiff + ltversky : Ltversky + ltopology : Ltopology +
Adirection : [’direction + Askeleton : Lskeleton (27)

The loss weights were selected via grid search over the range {0.1, 0.3, 0.5, 1.0, 2.0} on the validation
set. Sensitivity analysis showed that Ayergy primarily affected region accuracy, while topology and
skeleton losses mainly influenced boundary integrity. The weighting coefficients are set as Agg= 1.0,
Aversky =205 Aeopology = 0-5, Adirection = 0-3, and Agyelecon = 0.4, determined through systematic grid search
on a validation set. The higher weight for Tversky loss reflects its primary role in driving overall
segmentation accuracy, while the topology, direction, and skeleton losses serve as regularization terms
that enforce geometric and structural constraints.

During training, different branches receive different supervision signals to leverage their
complementary strengths. The diffusion backbone is supervised by Lyg for noise prediction at each
timestep, ensuring accurate modeling of the reverse diffusion process. The Semantic Condition Branch's
auxiliary output receives supervision from all components except Lyg as this branch operates on clean
images without noise injection. The final diffusion-generated output is supervised by the complete
TAHL, ensuring that the ultimate prediction satisfies all geometric, topological, and boundary
constraints. This multi-level supervision strategy ensures that both intermediate semantic
representations and final outputs are jointly optimized toward clinically meaningful objectives.

The training proceeds in an end-to-end manner, with gradients from all five loss components
backpropagating through the triplet-branch architecture. The collaborative optimization enables the
model to balance multiple competing objectives: the Tversky loss drives high recall and overall accuracy;
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the topology loss prevents structural implausibility; the directional loss ensures smooth, continuous
boundaries; the skeleton loss enforces connectivity; and the diffusion loss maintains generative quality.
By combining TAHL with WCRB's learnable boundary features and ASNS's noise-robust
representations, the triplet-branch Al tool achieves comprehensive optimization across all critical
dimensions of segmentation quality: region accuracy through asymmetric Tversky loss, topological
correctness through persistent homology, boundary orientation through directional gradients, contour
completeness through skeleton matching, and generative fidelity through diffusion noise prediction.

4. Results and Discussion

This section validates the proposed methodology through comprehensive experiments. It presents
the dataset details, implementation environment, cross-dataset results, and ablation study, followed by
a brief discussion of limitations.

4.1. Datasets

To comprehensively evaluate the eftectiveness of the proposed triplet-branch tool, experiments were
conducted on two publicly available cervical cell image datasets: Herlev and SIPaKMeD. These datasets
represent diverse staining protocols and imaging conditions commonly encountered in clinical cervical
cancer screening, thereby enabling robust assessment of the model's generalization capability across
difterent data distributions.

4.1.1. Herlev Dataset

The Herlev dataset is a widely recognized benchmark for cervical cell analysis, comprising 917 single-
cell images acquired from Pap smear slides. The images were obtained at the Department of Pathology,
Herlev University Hospital, Denmark, using the Papanicolaou (Pap) staining technique. Each image
contains a single cervical cell with a clearly visible nucleus and cytoplasm regions. The dataset includes
seven cell classes: normal superficial squamous, normal intermediate squamous, normal columnar, mild
dysplasia (CIN1), moderate dysplasia (CIN2), severe dysplasia (CIN3), and carcinoma in situ. Original
images exhibit non-uniform dimensions ranging from 256x256 to 896x768 pixels. For this study, all
images were resized to 128x128 pixels to maintain consistency with the model's input requirements.
Each image is accompanied by expert-annotated segmentation masks delineating the nuclear region. The
dataset was randomly partitioned into training, validation, and test sets in a 70:15:15 ratio, yielding 642
images for training, 138 for validation, and 137 for testing. Details are presented in Table 1.

Table 1. Dataset summary and statistics

Dataset Images  Staining Original Size Resized  Classes Train Val  Test
SIPaKMeD 4049 Pap 768x768 128x128 5 2834 608 607
Herlev 917 Pap 256x256 to 896x768 128x128 7 642 138 137

4.1.2. STPaKMeD Dataset

The SIPaKMeD (Single Image Per Kokytos Medical) dataset is a large-scale collection specifically
designed for cervical cell classification and segmentation tasks. The dataset comprises 4,049 isolated cell
images extracted from 966 cluster cell images of Pap smear slides. Images were acquired at the Pathology
Department of IASO Hospital, Athens, Greece, using standardized Papanicolaou staining protocols with
consistent imaging conditions. The dataset categorizes cells into five classes: superficial-intermediate,
parabasal, koilocytotic, dyskeratotic, and metaplastic. Each image has dimensions of 768x768 pixels and
includes corresponding ground-truth segmentation masks for the nucleus and cytoplasm regions. For
nuclear segmentation, only nuclear masks were used in this study. All images were resized to 128x128
pixels for training and evaluation. Following standard practice, the dataset was split into training,
validation, and test sets with a ratio of 70:15:15, yielding 2,834 training images, 608 validation images,
and 607 test images.
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4.1.3. Data Preprocessing

Standard data preprocessing techniques were applied to both datasets to ensure consistency and
improve model robustness. Preprocessing steps included intensity normalization to the [0, 1] range,
random horizontal and vertical flips for data augmentation during training, and random rotation within
+15 degrees to account for variations in cell orientation. All ground-truth masks were binarized using a
threshold of 0.5, with pixel values set to 1 for nuclear regions and 0 for background. Sample images from
the STPaKMeD dataset are given in Fig. 5.

Fig. 5.Sample image from SIPaKMeD dataset
4.2. Implementation

The proposed triplet-branch Al tool was implemented using PyTorch 2.0.1 and trained on a single
NVIDIA GeForce RTX 4090 GPU with 24 GB of memory. All experiments were conducted under
Ubuntu 22.04 LTS with CUDA 12.1 and cuDNN 8.9. The network was optimized using the AdamW
optimizer with an initial learning rate of 1x10~%, B; = 0.9, B, = 0.999, and weight decay of 1x10-5. A
cosine-annealed learning rate scheduler was employed to gradually reduce the learning rate over the
training period, with a minimum rate of 1x10-¢. The batch size was set to 8 due to memory constraints,
and the model was trained for 200 epochs. Early stopping with a patience of 20 epochs was applied based
on validation set performance to prevent overfitting. The diffusion process employed a linear noise
schedule with T = 1000 timesteps, with variance parameters (3. increasing linearly from @; = 1x10-% to 3¢
= 0.02, following the standard DDPM formulation.

The architecture of the Diffusion Model Backbone and Semantic Condition Branch follows a U-Net
structure with four encoding and four decoding levels. The initial convolutional layer has 64 channels,
which progressively doubles at each down-sampling stage (64 — 128 — 256 — 512), with corresponding
spatial resolutions of 128x128, 64x64, 32x32, and 16x16 pixels. Each encoder and decoder block consists
of two residual blocks with group normalization and GELU activation. Self-attention mechanisms are
integrated into the 16x16-resolution bottleneck to capture long-range dependencies. The WCRB
employs a 2-level Haar wavelet decomposition, and the ASNS module is deployed at three encoder levels
(128x128, 64x64, 32x32) with channel-wise reduction ratio r = 16 in the spectral attention mechanism.
The total number of trainable parameters in the complete framework is approximately 28.7 million.

The loss function weighting coefficients were set as follows: Agig = 1.0, Aersky = 2.0, Agopology ¥ = 0-5,

Adirection = 0.3, and Agelecon = 0.4. For the focal Tversky loss, the asymmetry parameters were configured
as @ = 0.7 and 8 = 0.3, with focal exponent y = 0.75. During inference, the diffusion model performs
1000 reverse diffusion steps to generate the final segmentation mask, with an average inference time of
approximately 1.8 seconds per image on the RTX 4090 GPU. To quantitatively evaluate segmentation
performance, three widely adopted metrics were employed. The Dice Similarity Coeflicient (Dice)
measures the overlap between the predicted segmentation P and ground truth T, defined as:

2|PNT|
|PI+|T|

Dice(P,T) = (28)
where values range from 0 (no overlap) to 1 (perfect agreement). The Intersection over Union (IoU),
also known as the Jaccard index, quantifies the ratio of intersection to union:

|POT|
|PUT|

IoU(P,T) =

(29)
——
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The IoU is more sensitive to segmentation errors than Dice and provides a stricter evaluation
criterion. The 95th-percentile Hausdorft Distance measures boundary localization accuracy by
computing the maximum distance between surface points of the predicted and ground-truth masks.
Specifically, HD95 computes the 95th percentile of the distances from each point on the predicted
boundary to the nearest point on the ground-truth boundary, thereby excluding outliers while capturing
typical boundary errors. Lower HD95 values indicate better boundary precision, which is critical for
clinical applications requiring accurate nuclear morphometry. All metrics were computed per image and
averaged across the test set to obtain final performance scores.

4.3. Results

Tables 2 and 3 present qualitative examples of the segmentation results obtained in this study. Table
2 showcases the original images, the generated masks, and the overlay results for several sample images
from the SIPaKMeD dataset. These examples illustrate how the segmentation model identifies and
highlights relevant cellular regions in the images.

Table 2. Original image, generated masks, and overlay from SIPaKMeD sample images.

Image Input image Mask generated Overlay

o - ‘“

(o8

SIPaKMeD 2 b L

SIPaKMeD 3

SIPaKMeD 4

SIPaKMeD 5
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Meanwhile, Table 3 displays similar results for sample images from the Herlev dataset, including the
input images, the generated masks, and the corresponding overlay visualizations. The overlay images
combine the original images with the predicted masks to provide a clearer visual representation of how
accurately the model segments the target regions across datasets.

Table 3. Original image, generated masks, and overlay from Herlev sample images.

Image Input image Mask generated Overlay
%
P TRy

-

Herlev Image 1

Herlev Image 2

Herlev Image 3

Herlev Image 4

Across architectural paradigms, diffusion-based methods generally outperform CNN- and
Transformer-based approaches, with the top four performers all employing diffusion models. This
superiority stems from the generative formulation’s ability to model the joint distribution between
images and masks rather than merely learning discriminative decision boundaries.

Statistical significance tests (paired t-test) confirm that the improvements over the best baseline
(BerDiff) are statistically significant across all metrics on both datasets (p < 0.01), validating that the
observed gains are not due to random variation but rather systematic enhancements introduced by the
proposed components. The consistent performance across datasets with different characteristics: Herlev
contains single-cell images with 917 samples, while SIPaKMeD comprises 4,049 isolated cell images
with greater morphological diversity, which further demonstrates the tool’s strong generalization
capability and robustness to varying data distributions.

4.4, Ablation Studies

To systematically investigate the contribution of each proposed component and validate the design
choices within the triplet-branch tool, we conducted comprehensive ablation studies on both the Herlev
and SIPaKMeD datasets. The ablation experiments are organized into two categories: 1) Architectural
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component ablation, which evaluates the impact of WCRB, ASNS, and their combination; and 2) Loss
function ablation, which analyzes the contribution of each term in the TAHL objective.

4.4.1. Architectural Component Ablation

We ran experiments across five architectural variations. Firstly, a baseline model was deployed, after
which WCRB and ASNS were added to the baseline individually and together. Finally, the full proposed
model WCRB + ASNS + TAHL is experimented with, as shown in Table 4.

Table 4. Results for Architectural ablation, evaluating the impact of WCRB, ASNS, and TAHL.

. Herlev SIPaKMeD
Configuration . .

Dicet HD9Y5] Dicef HD9Y5]
Baseline (Diffusion + Semantic only) 0.9166 9.6312 0.9203 11.2458
Baseline + WCRB 0.9312 8.1245 0.9345 9.8634
Baseline + ASNS 0.9278 9.0127 0.9314 10.6723
Baseline + WCRB + ASNS 0.9389 7.8923 0.9423 9.3567
Full Model (+ TAHL) 0.9445 7.3124 0.9481 8.9267

The baseline model achieves Dice scores of 91.66% and 92.03% on Herlev and SIPaKMeD,
respectively, which are comparable to MedSegDiff (91.66% on Herlev), confirming that our diffusion
backbone implementation is sound. Adding WCRB alone yields the most substantial improvement in
boundary metrics, reducing HD95 by 1.51 pixels (15.7%) on Herlev and 1.38 pixels (12.3%) on
SIPaKMeD, while improving Dice by 1.46 and 1.42 percentage points, respectively. This validates our
hypothesis that learnable wavelet-based boundary detection is significantly more eftective than traditional
fixed edge operators. The pronounced HD95 improvement confirms that WCRB successtully addresses
the boundary-ambiguity challenge, which is particularly severe in cervical cell images with overlapping
structures and weak staining. Fig. 6 gives a pictorial representation of the architectural ablation outcome.

(a) Dice Coefficient Comparison (b) Hausdorff Distance (HD95) Comparison
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Fig. 6. Result visualization of architectural ablation

Incorporating ASNS alone (without WCRB) improves Dice by 1.12 percentage points at Herlev and
1.11 at SIPaKMeD, with moderate reductions in HD95 of 0.62 and 0.57 pixels, respectively. While
ASNS's improvements are less dramatic than WCRB’s for boundary metrics, its contribution to overall
segmentation accuracy is substantial. The relatively smaller HD95 improvement is expected, as ASNS
primarily targets noise suppression in feature representations rather than explicit boundary enhancement.
However, the consistent Dice improvements across both datasets demonstrate that cleaner, denoised

features enable more accurate region classification and reduce false positives caused by noise-induced
texture artifacts.

Fig. 7 shows the radar plot of the Dice coefficient for all models. The combination of WCRB and
ASNS (without TAHL) achieves Dice scores of 93.89% and 94.23%, with HD95 values of 7.89 and
9.36 pixels on Herlev and SIPaKMeD, respectively. Notably, the combined improvement (baseline —
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WCRB+ASNS: +2.23% Dice on Herlev) slightly exceeds the sum of individual contributions (WCRB
alone: +1.46%, ASNS alone: +1.12%), indicating synergistic interaction between the two components.
This synergy can be attributed to ASNS providing cleaner features that enable WCRB’s boundary
attention mechanisms to operate more effectively. In contrast, WCRB’s boundary features help ASNS
preserve edge information more effectively during spectral filtering.

Dice Coefficient: Top Methods vs. Proposed -~ Herlev
(Radﬂegggs;gﬁpson) - siPakMeD |
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Fig. 7.Radar chart of Dice scores

The full model incorporating TAHL loss yields additional gains of 0.56 and 0.58 percentage points
in Dice on Herlev and SIPaKMeD, with further HD95 reductions to 7.31 and 8.93 pixels, respectively.
These improvements, while less substantial than the architectural enhancements, are critical to achieving
topologically correct segmentation. The infographic is given in Fig. 8.
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4.4.2. Ablation study on Loss function

To evaluate the contribution of each component within the proposed TAHL objective, we conducted
ablation experiments by systematically adding loss terms to the baseline. The results of loss ablation are
presented in Table 5.

Table 5. Results obtained from conducting an ablation on the loss component

Loss Configuration Dice? HDY%5]
Ly only 0.9166 9.6312
Lyig + Dice 0.9267 8.8934
Lyig + Dice + Ly 0.9312 8.2156
Lo + Liversky 0.9298 8.6745
Lgig + Ltversky + meology 0.9356 8.1823
Ldiff + Ltversky + Ltopology + Ldirection 0.9389 7.8912
Ldiff"' Ltversky + Ltopology + Ldirectiou + Lskeletou 0.9423 7.5634
TAHL (All components, full model) 0.9445 7.3124

Starting from diffusion loss alone (Lyr), which achieves a 91.66% Dice score, adding a standard
Dice loss for the semantic branch improves performance to 92.67%, demonstrating the value of auxiliary
supervision. Tversky loss is a generalized loss function for imbalanced segmentation tasks, particularly
effective when one class (e.g., nuclei in cervical images) occupies a much smaller area than the
background. Replacing the standard Dice with the focal Tversky loss (Liyersky ) yields a Dice of 92.98%,
a 0.31 percentage-point improvement that confirms the effectiveness of asymmetric false-negative
penalization for handling class imbalance. Topology loss makes sure the predicted segmentation has the
same shape and connectivity as the ground truth. The subsequent addition of a topology loss (Lpology )
increases the Dice score to 93.56% and reduces the HD95 to 8.18 pixels. This 0.58 percentage point
gain validates that explicit topological constraints prevent fragmentation artifacts and improve structural
coherence, particularly in challenging cases with clustered or overlapping nuclei. The visual
representation is presented in Fig. 9. The trend is seen in Fig. 10.

Loss Function Ablation Study: Progressive Component Addition
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Fig. 9.Result graph of loss function ablation study.

Incorporating directional boundary loss (Lgireciion ) further improves Dice to 93.89% and reduces
HD95 to 7.89 pixels, with the HD95 reduction being more pronounced (0.29 pixels) than the Dice gain
(0.33 points). This pattern is consistent with Lgiecion 'S design goal of enforcing correct boundary
orientations, which directly impacts boundary localization metrics more than region overlap metrics.
Skeleton completeness loss ensures that the predicted object boundaries form continuous, connected
contours without missing parts. Finally, adding skeleton completeness loss (Lycleron ) vields 94.23%
Dice and 7.56 pixels HD95, demonstrating that ensuring contour connectivity provides incremental but
meaningful improvements.
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Fig. 10. Dice coefficient and HD 95 trend over loss function ablation study

The full TAHL configuration, which includes all five components with optimized weighting
coefficients (/1difff=1-0: Atversky =2.0, Atopology =0.5, Adirection =0-3, Askeleton n=0.4), achieves the best

performance of 94.45% Dice and 7.31 HD95. Comparing the full model to the configuration with all
five loss terms but equal weights (not shown in the table: Dice=94.18%, HD95=7.68), we observe that
the tuned weights provide an additional 0.27 percentage points in Dice and 0.37 pixels in HD95,
confirming the importance of proper loss balancing. The systematic performance improvements across
the incremental addition of loss terms demonstrate that each component addresses a distinct aspect of
segmentation quality, and their combination achieves comprehensive optimization that no single loss
can provide.

These ablation studies conclusively demonstrate that the superior performance of the proposed tool
stems from the synergistic integration of all three architectural components (WCRB, ASNS, and their
incorporation into the diffusion-semantic architecture) combined with the multi-objective TAHL
supervision. Removing any component results in measurable performance degradation, validating the
necessity of each design choice. The results also provide clear guidance for practitioners: WCRB ofters
the largest individual gain and should be prioritized when computational resources are limited, while the
full configuration delivers optimal performance when all components are deployed jointly.

4.5. Qualitative analysis

While quantitative metrics provide objective performance assessment, visual inspection of
segmentation results offers critical insights into the model’s behavior in challenging scenarios. It helps
identify failure modes that aggregate statistics may not fully capture. In this section, we present
qualitative comparisons with representative baseline methods and visualize the diffusion model's iterative
refinement process to demonstrate the progressive boundary enhancement achieved by the proposed
framework.

4.,5.1. Visualization of Diffusion Process

To provide insight into how the proposed tool progressively refines segmentation masks through the
reverse diffusion process, Table 6 visualizes intermediate outputs at five representative timesteps (t =
750, 500, 250, 0) for three test cases. As the reverse diffusion proceeds to t = 750, vague blob-like
structures begin to emerge, indicating that the model has started to recover coarse-scale spatial
information about nuclear locations. However, boundaries remain extremely blurred, and regional
extents are imprecise. By t = 500, nuclear regions become clearly distinguishable from the background,
with approximate boundary locations established. However, the contours exhibit significant
irregularities, and fine-scale details such as concavities are not yet resolved. This intermediate stage
demonstrates the hierarchical refinement strategy inherent in diftusion models, where global structure
is recovered before local details. Progressing to t = 250, boundaries become substantially sharper and
smoother, with most major morphological features correctly represented. The visible improvement
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S
between t = 500 and t = 250 can be attributed to the increasing influence of WCRB’s boundary features

and ASNS’s denoised representations as noise levels decrease in later diffusion steps.

Table 6. Progressive refinement captured at various timesteps on samples from SIPaKMeD.

T= 750 T=500 T=250 T=0
Blob emergence Boundary form Sharp refinement Final output

SSIM=0.17 SSIM=0.49 SSIM= 0.90 SSIM= 1.00

ik

SSIM = 0.85

"

e | L R L;".
¥ !
SSIM = 0.44 SSIM = 0.74 SSIM = 0.94 SSIM = 1.00

SSIM = 0.43 SSIM = 0.74 SSIM = 0.95 SSIM = 1.00
SSIM = 0.43 SSIM = 0.73 SSIM = 0.95 SSIM = 1.00
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At the final step t = 0, the segmentation masks closely match the ground truth, with well-defined
boundaries, correct topology, and preserved fine-grained structural details. Comparing the progressive
refinement across the three visualized cases representing easy (single nucleus, high contrast), moderate
(two nuclei with slight overlap), and difficult (irregular morphology with weak staining) scenarios reveals
that the diftusion process exhibits robust convergence behavior regardless of case difficulty. Even for the
challenging case in Row 3, where initial structure emergence at t = 750 is less distinct than in simpler
cases, the model successfully refines the segmentation by t = 0.

Table 7 shows the progressive refinement of images from the Herlev dataset across T values from 750
to 0, along with the corresponding SSIM scores.

Table 7. Progressive refinement captured at various timesteps on samples from SIPaKMeD.

T= 750 T=500 T=250 T=0
Blob emergence Boundary form Sharp refinement Final output

SSIM = 0.81 SSIM = 0.97 SSIM = 1.00

. .

SSIM = 1.00

——

SSIM = 0.47 SSIM = 0.80 SSIM = 1.00

SSIM = 0.81 SSIM = 0.97 SSIM = 1.00

SSIM = 0.60 SSIM = 0.85 SSIM = 0.98 SSIM = 1.00
TS
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To quantitatively assess the quality of intermediate predictions, we computed the Structural
Similarity Index Measure (SSIM) between outputs at each timestep and the final prediction (t = 0). The
overall SSIM values increase monotonically from 0.23 at t = 750 to 0.61 at t = 500, 0.84 at t = 250, and
1.0 at t = 0, confirming progressive improvement in structural coherence. The steepest increase in SSIM
occurs between t = 500 and t = 250, corresponding to the phase when boundary refinement is most
active. This observation validates our design choice to inject WCRB’s boundary features at multiple
decoder levels, ensuring that edge information is available precisely when it has maximal impact on
boundary sharpening.

4.6. Limitations and Failure Case Analysis

While the proposed method achieves state-of-the-art performance, it is not without limitations.
Analysis of the test set reveals that approximately 2.3% of predictions exhibit noticeable errors, primarily
occurring in two scenarios. First, in extremely densely packed cell clusters with more than five nuclei in
proximity and extensive overlapping regions, the model occasionally merges two adjacent nuclei into a
single component. However, such cases represent less than 1% of the test set and are challenging even
for expert annotators. Second, in rare cases with severe staining artefacts (e.g., precipitate deposits or
uneven dye distribution creating spurious edges), the model may introduce minor boundary
irregularities. However, ASNS’s noise suppression significantly reduces this issue compared to baselines.

These failure modes suggest directions for future improvement, including the incorporation of
instance segmentation techniques to better handle dense clustering and integration of staining
normalization as a preprocessing step. Nevertheless, the 97.7% success rate and the clinical acceptability
of most errors (boundary deviations within 5 pixels) indicate that the proposed Al tool offers reliable
performance for practical cervical cancer screening applications. Future work will explore transformer-
based semantic branches and hybrid CNN-Transformer diffusion architectures.

5. Conclusion

This work presents a novel triplet-branch diffusion-based AI tool for cervical nucleus segmentation
that addresses boundary ambiguity, noise-induced feature degradation, and topological inconsistency
through three synergistic innovations: the Wavelet-Enhanced Contour Refinement Branch, the
Adaptive Spectral Noise Suppression y module, and the Topology-Aware Hybrid Loss. Comprehensive
evaluation on the Herlev and SIPaKMeD datasets demonstrates superior performance compared to state-
of-the-art methods. The model achieves 94.45% Dice, 90.87% IoU, and 7.31 pixels HD95 on Herlev,
representing improvements of 2.32%, 2.12%, and 19.2%, respectively, over the best baseline. Similar
gains are observed on SIPaKMeD (94.81% Dice, 91.42% IoU, 8.93 pixels HD95). Systematic ablation
studies confirm that each component contributes measurably to overall performance, with WCRB
providing the most substantial improvements to boundary metrics, ASNS enhancing segmentation
accuracy through noise suppression, and TAHL ensuring topological correctness. The clinical
significance extends beyond numerical metrics. The 19.2% reduction in boundary localization error
directly improves nuclear morphometry measurements, which are critical for grading cervical lesions.
The explicit topological constraints prevent anatomically implausible artifacts such as fragmented nuclei,
which could trigger false positives in automated diagnostic systems. With approximately 28.7 million
parameters and 1.8 seconds of inference time per image, the Al tool is practically deployable in clinical
settings. While achieving 97.7% success rate, limitations remain in extremely dense cell clusters (>5
nuclei) and cases with severe staining artefacts. Future work should explore instance segmentation
techniques to better handle overlapping structures, domain adaptation for cross-laboratory
generalization, and extension to multi-class segmentation that encompasses both nucleus and cytoplasm
regions. Prospective clinical validation studies are necessary to assess the tool’s impact on diagnostic
accuracy in real-world screening workflows. The proposed framework demonstrates that explicit
incorporation of domain-specific inductive biases, learnable boundary features, adaptive noise
suppression, and topological constraints substantially enhances diffusion-based medical image
segmentation, providing a solid foundation for automated cervical cancer screening applications.
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