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Abstract—SKkin lesion segmentation is a key step in computer-
aided skin cancer analysis, yet dermoscopic images often contain
hair that obscures lesion boundaries and degrades segmentation
performance. Most existing methods address hair via a separate
preprocessing stage (e.g., hair removal or inpainting), which
complicates the pipeline and can introduce additional artifacts. In
this paper, we propose FSSM-ResNet, a hair-aware segmentation
model that embeds a Fuzzy Structural Suppression Module
(FSSM) directly within the network. FSSM exploits simple,
interpretable fuzzy logic based on typical hair characteristics,
dark, thin, and linear, to generate a hair-likelihood map and
selectively suppress hair regions during decoding, eliminating the
need for external preprocessing. To rigorously assess robustness
to hair, we introduce VHI (Very Hairy Images), a manually
annotated benchmark of 936 strongly hair-occluded dermoscopic
images collected from multiple public datasets. Experiments on
PH2 and ISIC 2016-2018 show that this fuzzy logic—driven struc-
tural suppression not only improves performance on standard
benchmarks, but also maintains superior reliability under severe
hair occlusion on VHI.

Index Terms—skin lesion segmentation, fuzzy logic, ResNet,
attention mechanism, U-Net,

I. INTRODUCTION

Skin cancer is among the most prevalent and rapidly in-
creasing malignancies worldwide, affecting all populations [1]].
According to Global Burden of Disease estimates, melanoma
and non-melanoma skin cancers jointly account for roughly
128,000 deaths per year and contribute substantially to mor-
bidity and disability-adjusted life years [2]. Clinically, skin
lesions span a broad spectrum from benign growths to highly
malignant and aggressive tumors. Benign lesions typically
exhibit slow growth, symmetry, uniform pigmentation, and
well-defined borders, whereas malignant lesions arise from
uncontrolled cellular proliferation and often display asymme-
try, irregular borders, color variegation, and rapid expansion
[3]]. Although initially confined to the skin, these cancers can
metastasize to distant organs, making early detection critical.
Timely and accurate diagnosis of malignant skin lesions can
improve five-year survival rates by up to 90% and reduce
the need for extensive surgery, chemotherapy, and radiother-

apy, thereby lowering treatment-related morbidity and overall
socio-economic burden [4]).

Distinguishing malignant from benign skin lesions is chal-
lenging even for experienced dermatologists, given the subtlety
and variability of visual patterns. Dermoscopic interpretation
and histopathological assessment are both time-consuming and
subject to inter-observer variability [3]. In addition, access
to these diagnostic modalities and trained specialists is often
limited in rural or underserved regions. Integrating auto-
mated diagnostic tools into broader smart e-health and remote
monitoring frameworks [5] can help bridge this healthcare
gap. Together, these factors highlight the need for reliable
computer-assisted tools that can support clinicians in evalu-
ating dermoscopic images and detecting patterns indicative of
malignancy.

A critical prerequisite for reliable computer-aided diagnosis
is accurate lesion segmentation, since boundary- and shape-
related cues directly influence clinically interpretable criteria
such as asymmetry, border irregularity, and diameter. However,
dermoscopic images frequently exhibit occlusion by body hair,
which appears as dark, thin, elongated structures crossing
lesion borders. These artifacts can mislead segmentation mod-
els by introducing uncertainty and discontinuities, and most
existing pipelines address the problem via explicit hair removal
or inpainting as a separate preprocessing step [6]—[8]. While
sometimes effective, such preprocessing adds computational
overhead and may introduce irreversible distortions that prop-
agate to downstream analysis.

In this work, our main goal is to develop a hair-robust
and interpretable skin lesion segmentation pipeline without
explicit hair preprocessing. To achieve this, we propose FSSM-
ResNet, an encoder—decoder architecture that integrates fuzzy
reasoning about hair directly into the segmentation network.
Inspired by fuzzy attention mechanisms in medical image
segmentation [9], the proposed Fuzzy Structural Suppression
Module (FSSM) computes a continuous hair-likelihood map
from dermatologically motivated cues and suppresses hair-
corrupted regions during decoding. This design preserves end-
to-end efficiency, improves robustness under severe hair occlu-



sion, and maintains interpretability through explicitly defined
fuzzy memberships and rules.

The main motivation for this work stems from the gap
between clinical needs and current technical solutions for der-
moscopic analysis. Early and accurate detection of malignant
skin lesions critically depends on reliable lesion segmentation,
since shape- and border-based criteria directly influence diag-
nostic decisions. However, dermoscopic images are frequently
occluded by body hair, dark, thin, elongated structures crossing
lesion boundaries, that can severely degrade both traditional
and deep learning—based segmentation methods.

Most existing pipelines treat hair as a nuisance to be
removed in a separate preprocessing step (e.g., morphological
filtering, inpainting, or GAN-based repair). While sometimes
effective, such approaches introduce several drawbacks: addi-
tional computational overhead, brittle binary hair masks that
fail on thin or low-contrast hairs, and irreversible distortions
of fine lesion texture that propagate to downstream classifiers.
Recent fuzzy and attention-based segmentation networks im-
prove robustness to generic uncertainty but do not explicitly
model hair artifacts in dermoscopy, and fuzzy hair detection
is typically confined to standalone preprocessing rather than
being integrated into the segmentation model.

These limitations motivate a shift from “hair removal” to
hair-aware segmentation: embedding interpretable fuzzy hair
modeling directly into the network so that hair is treated
as a structured cue rather than mere noise. By learning
a continuous hair-likelihood map and using it to modulate
decoder features, the model can suppress hair responses while
preserving diagnostically important lesion boundaries. At the
same time, there is a clear need for a dedicated benchmark of
strongly hair-occluded images (VHI) to rigorously stress-test
hair robustness beyond standard, relatively clean datasets.

The main contributions of this paper are summarized as
follows:

o We introduce FSSM-ResNet, a segmentation architecture
that embeds fuzzy hair suppression directly into the
network, eliminating the need for separate hair-removal
or inpainting stages.

o We design a Mamdani-style fuzzy inference module with
learnable Gaussian memberships and compare single-rule
vs. multi-rule variants, enabling an explicit interpretabil-
ity—performance trade-off.

e We construct VHI (Very Hairy Images), a manually
annotated set of 936 severely hair-occluded dermoscopic
images from multiple public sources, and use it as an
external stress test for hair robustness.

The remainder of this paper is organized as follows. Section
reviews related work on hair handling and fuzzy/attention-
based medical image segmentation. Section describes the
proposed FSSM-ResNet architecture and the Fuzzy Structural
Suppression Module in detail. Section [[V]presents the datasets,
the new VHI benchmark, implementation details, and exper-
imental results, including ablation studies and comparisons
with state-of-the-art methods. Finally, Section |V| summarizes
our findings and outlines directions for future research.

II. RELATED WORK

Hair detection remains a critical preprocessing bottleneck
in automated dermoscopic image analysis, directly impacting
the accuracy of lesion segmentation and the preservation of
clinically relevant textural patterns. Traditional approaches rely
on morphological filtering [[10], edge-based operators [11]],
intensity-thresholding heuristics [[12]], and curvilinear structure
modeling [[11]. Although effective in relatively constrained set-
tings, these methods struggle in challenging scenarios such as
thin, overlapping, or low-contrast hairs, particularly when hair
structures resemble lesion textures, thereby interfering with
accurate lesion boundary segmentation and feature extraction
(13]], [14].

Sequential pipelines typically follow hair detection with
post-processing or repair strategies such as interpolation, in-
painting, or patch-based synthesis [15]-[17]. Although deep
learning—based reconstruction methods can produce visually
plausible hair-free images, they may smooth or blur high-
frequency lesion details and generate textures that differ
from the underlying anatomy, potentially affecting subsequent
segmentation performance [12]. Although reconstruction tech-
niques can generate visually plausible hair-free images, they
often produce blurring and artifacts when filling large masked
regions, indicating potential loss of fine structural details
[17]. In addition, comprehensive surveys of computer-aided
melanoma analysis note that Al-based diagnostic pipelines
are often computationally intensive and face challenges in
preserving detailed feature information during preprocessing
and segmentation [|18].

Recent deep learning approaches aim to mitigate these
limitations by integrating hair-related cues directly into the
segmentation pipeline or by learning robust feature represen-
tations that are less sensitive to hair artifacts. Encoder—decoder
architectures such as ChimeraNet [13] employ multi-scale
feature fusion to learn detailed hair morphology, while seg-
mentation networks such as ADF-Net [19] leverage adaptive
attention mechanisms to implicitly suppress artifact-corrupted
features during lesion segmentation, thereby improving ro-
bustness and segmentation performance without relying on
explicit hair mask generation. Similarly, fuzzy attention—based
models like FA-SegNet [20] employ adaptive fuzzy weighting
to emphasize important regions, enhancing robustness in low-
contrast or ambiguous areas.

Fuzzy logic provides a natural framework to address these
challenges. By assigning continuous membership values, fuzzy
systems avoid hard binary decisions, better capturing low-
contrast or partially occluded structures [12]. In medical imag-
ing, fuzzy clustering techniques such as Maximum Variance
Fuzzy Clustering (MVFC) have been used to identify hair-
like regions by integrating color, intensity, and structural cues
into graded memberships [12]. Yet, such methods remain
preprocessing steps, feeding memberships into classical re-
pair algorithms rather than directly informing segmentation
networks.

Emerging fuzzy attention networks and fuzzy-integrated ar-



chitectures demonstrate how these principles can be embedded
into deep learning models to modulate feature responses ac-
cording to uncertainty. FuzzyNet [21]] uses fuzzy attention for
polyp segmentation, dynamically weighting features based on
local ambiguity. FuzzyTransNet [22]] fuses fuzzy transformer
layers for rectal polyp and skin lesion segmentation, effec-
tively capturing uncertain boundaries. FCAU-Net [23]] employs
frequency-channel fuzzy attention to highlight informative
regions while suppressing noise, improving robustness in low-
contrast and texture-variable areas. Complementary work in
fuzzy attention models, such as FA-SegNet [20], demonstrates
how differentiable fuzzy weighting can enhance medical image
segmentation by adaptively emphasizing relevant features in
low-contrast or ambiguous regions.

Despite these advances, no existing work explicitly ad-
dresses hair-aware fuzzy segmentation in dermoscopy. In
this context, hair artifacts can be modeled as a continuous
fuzzy set H, where uy(x) € [0, 1] quantifies the degree to
which a pixel z belongs to hair, informed by local intensity,
gradient magnitude, directional curvature, and contextual le-
sion probability. Some recent studies integrate hair detection
and lesion segmentation within a unified deep architecture
[24], but these models typically rely on separate processing
streams for hair and lesion boundaries. We argue that injecting
fuzzy membership information directly into the segmentation
decoder, e.g., through fuzzy attention mechanisms or fuzzy-
weighted loss functions, would support joint optimization
of hair representation and lesion contours, thereby obviating
the need for separate repair modules. Such designs could
better preserve high-frequency textural details while reducing
computational overhead. This direction represents a natural
evolution from hair removal to hair-aware segmentation, aligns
with uncertainty-aware modeling principles, and promotes
improved interpretability and diagnostic fidelity in clinical
dermoscopy.

III. METHODOLOGY

This section presents the proposed FSSM-ResNet frame-
work. We first describe the overall encoder—decoder archi-
tecture and baseline backbone, then introduce the Fuzzy
Structural Suppression Module (FSSM), including its hair-
likelihood modeling and feature suppression strategy. Finally,
we outline the training setup, loss functions, and implementa-
tion details used to optimize the network.

A. Overall pipeline

Our proposed solution Fig[l] focuses on hair-robust lesion
segmentation. Given a dermoscopic RGB image x, we predict
a binary lesion mask 7 which can be further used for
classification tasks. Hair artifacts are a major obstacle in this
step because hairs can occlude diagnostically relevant lesion
boundaries and internal structures [6]—[8|]. Our key idea is to
avoid external hair-removal preprocessing and instead make
the segmentation network hair-aware by design.

B. Skin lesion segmentation

FSSM-ResNet adopts an encoder—decoder architecture in
which a ResNet backbone (ResNet34/ResNet50) extracts
multi-scale features, and a U-Net—style decoder progressively
upsamples them with skip connections for precise localization
[25]], [26]. Unlike a standard U-Net decoder, each decoder
block in FSSM-ResNet incorporates a lightweight Fuzzy Self-
Attention (FSA) module and is modulated by the predicted
hair-likelihood map H(x) produced by FSSM.

C. Relation to F>CAU-Net (baseline)

Our baseline is F?CAU-Net [9], which introduces fuzzy
modeling to improve robustness to uncertainty in medical
images. In particular, the authors emphasize fuzzy components
to handle ambiguous boundaries and noise, stating that they
integrate a fuzzy convolution module and a fuzzy attention
mechanism to improve robustness [9]]. However, F2CAU-Net is
not designed for dermoscopic hair artifacts specifically, which
are among the most disruptive artifacts for segmentation and
structure detection [7]. We therefore retain the general mo-
tivation (uncertainty-aware modeling) but add a task-specific
fuzzy hair module and redesign attention for efficiency on high-
resolution dermoscopy.

D. Fuzzy Structural Suppression Module (FSSM)

Classical artifact-handling pipelines typically apply explicit
hair removal before segmentation, e.g., DullRazor [6] or
SharpRazor [7]. While effective, such preprocessing increases
runtime and can introduce inpainting errors that propagate into
segmentation and downstream diagnosis. In contrast, FSSM is
an internal module that produces a continuous hair-likelihood
map and suppresses hair responses directly inside the network,
enabling end-to-end training.

a) Dermatological prior.: Hairs in dermoscopy appear
prototypically dark, thin, and elongated. This is consistent
with early hair-removal literature as they report that dark
thick hairs confused their program, resulting in unsatisfactory
segmentation [[6] and later work emphasizing the criticality of
hair removal for lesion analysis [7]], [8]. We encode this prior
using a Mamdani-style fuzzy inference rule with interpretable
antecedents [27]].

b) Feature maps.: From the input RGB image z €
[0, 1]3*H*W we compute three normalized maps: (i) grayscale
intensity I(x), (ii) gradient magnitude G(z) using fixed Sobel
kernels, and (iii) a learned line-response map L(x) using a
lightweight ConvNet.

¢) Gaussian membership functions.: We define three
linguistic sets Dark, Edge—1ike, and Line-strong using
Gaussian membership functions
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with learnable (¢, o) initialized to plausible values (e.g., lower
c for Dark).
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Fig. 1. The proposed FSSM-ResNet34 with 1 rule architecture diagram. The model consists of a ResNet34 Encoder, a parallel Fuzzy Hair Module for mask
generation, and a Fuzzy Decoder that integrates both to predict the lesion mask.

d) Single-rule (1-rule) inference.: Our simplest and most
interpretable variant uses a single rule:
R;: IF intensity is Dark AND gradient is Edge-
like AND line response is Line-strong THEN hair-
membership is High.
We compute the firing strength using a product T-norm:

R, (P) = pdark (L ()™ * fedge (G(P))*C + putine (L(p))*", (2)

where «ag,aq,ar are scalar weights (we upweight line ev-
idence, since hair is strongly linear). The output H(z) €
[0, 1] XW i5 a continuous hair-likelihood map.

e) Multi-rule (MR) extension.: To address broader hair
appearance variation (e.g., thick vs. thin, dark vs. light) and
explicitly reject confusing artifacts, we implement a multi-
rule variant. Unlike the single-rule baseline, this approach
aggregates evidence from six distinct fuzzy prototypes: two
positive rules to maximize recall and four negative rules to
ensure precision by suppressing specific artifacts. The rule
base is defined as follows:

e Positive Rules (Hair Evidence):

Ryp1: IF intensity is Dark AND line-response is Line-like

AND width is Thin AND orientation is Coherent
THEN hair-membership is High. (Targets standard
dark hairs).
IF line-response is Line-like AND width is
Thin AND orientation is Coherent THEN hair-
membership is High. (Targets light-colored hairs by
relaxing the intensity constraint).

Rhgl

o Negative Rules (Artifact Suppression):

Ry1: IF gradient is Strong-Edge THEN hair-membership
is Low. (Suppresses sharp skin folds).

R,2: IF width is Wide THEN hair-membership is Low.
(Suppresses thick vessels or lesions).

R, 3: IF structure is Blob-like THEN hair-membership is
Low. (Suppresses bubbles and globules).
R,4: IF orientation is Isotropic THEN hair-membership is

Low. (Suppresses non-directional noise).
Here, orientation refers to the dominant local direction of an
image structure. It represents orientation coherence, defined

as M s “
A+ te’

where A\; and Ay are the eigenvalues of the local struc-
ture tensor. High coherence indicates a strongly directional,
anisotropic pattern, as expected for hair-like fibers, whereas
low coherence corresponds to isotropic structures that ex-
hibit similar properties in all directions and therefore lack a
dominant orientation. In addition, blob-like structures denote
compact, rounded, non-elongated regions. Within the multi-
rule fuzzy system, coherent orientation supports positive hair
rules, while isotropic and blob-like responses activate negative
rules to suppress non-hair artifacts such as bubbles, globules,
and non-directional noise.

This configuration increases coverage but reduces sim-
plicity, as interpretability is shared across several rules. In
experiments, we therefore report both the 1-rule (maximal
interpretability) and multi-rule (maximal coverage) variants.

f) Hair-aware suppression inside the decoder.: Given a
decoder feature map I’ and a resized hair map H |, we suppress
hair regions by

coh =

F+ Fo((-Hy, “4)

so the network learns to rely less on corrupted evidence when
forming lesion boundaries.

E. Fuzzy Self-Attention (FSA): efficient fuzzy fusion

F?CAU-Net [9] presents fuzzy attention as a mechanism to
reduce redundancy and improve robustness under uncertainty.
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Fig. 2. Qualitative comparison of lesion segmentation predictions on the VHI
dataset. Our FSSM-ResNet produces cleaner lesion boundaries and fewer hair-
induced artifacts.

We keep the fuzzy motivation but redesign attention to be fast
and spatially native for dermoscopy.

Given X € RE*HxW "ESA applies: (1) channel attention
(SE-style) [28], (2) spatial attention (CBAM-style) [29]], and
(3) fuzzy residual fusion with a single learnable scalar w €
(0,1).

After channel attention A, and spatial attention Ag, we
obtain the refined features

Xs = (X ®A(’) ®As> (5)

which has the same shape as X. We introduce a single
learnable scalar s € R and convert it to a mixing weight
w = o(s) € (0,1), then fuse by

X' =01-wX+wX,. (6)

This scalar w can be interpreted as a membership degree
controlling how much to trust the refined features. Compared
with heavier attention designs, this is parameter-efficient (+1
scalar per block) and has linear complexity O(C HW), which
is important for high-resolution dermoscopy.

IV. EXPERIMENTS & RESULTS

This section evaluates FSSM-ResNet on public benchmark
datasets and the proposed VHI dataset. We first describe
the datasets, evaluation metrics, and baseline methods, then
present quantitative segmentation results, robustness under
heavy hair occlusion, and ablation studies assessing the con-
tribution of each module. We also provide qualitative visual
results to illustrate hair suppression behavior and discuss the
implications of these findings.

A. Experimental Setup

We evaluate segmentation robustness under hair occlusion
by reporting performance on both standard dermoscopy bench-
marks and our hair-stress benchmark.

1) Datasets:

o Training data: All segmentation models are trained on
HAMI10000 (10,015 dermoscopic images from mul-
tiple acquisition sources) [30]. We wuse an 80/20
train/validation split and do not use any VHI images for
training or model selection.

Fig. 3. Qualitative comparison of hair mask predictions of the FSSM on the
VHI dataset. FSSM produces clean and accurate hair masks.

e VHI (Very Hairy Images): We curate VHI, a custom
benchmark of 936 dermoscopic images selected to ex-
hibit strong hair occlusion (dense, dark, line-like arti-
facts crossing the lesion boundary). Images are sourced
from multiple public dermoscopy collections, includ-
ing ISIC 2019 [31]], ISIC 2020 [32], ISIC 2024 [33],
and the MILKI10k benchmark [34]]. Every VHI image
was manually annotated (or quality-checked when an
initial mask existed) to produce a binary lesion mask
using CVAT [35]. VHI is used only for evaluation (no
train/validation/test split, no hyperparameter tuning) and
we verified no overlap between VHI and HAM10000.

o Hair mask dataset: The fuzzy hair module (FSSM) is
trained separately on a dedicated hair-mask dataset con-
taining 500 dermoscopic images with manually refined
hair segmentation masks [36]]. This provides direct pixel-
level supervision for learning hair-likelihood maps with-
out altering the lesion segmentation labels.

o Additional evaluation benchmarks: To contextualize per-
formance beyond hair-occluded images, we evaluate on
PH2 [37] and ISIC2016-2018 [38], [39], [40] lesion seg-
mentation benchmarks. For ISIC2016, we follow the of-
ficial challenge setting with expert-derived ground truth.

2) Metrics: We report Intersection over Union (IoU) and
Dice, which are overlap-based metrics commonly recom-
mended for medical image segmentation evaluation [42]. IoU,
also called the Jaccard Index, measures how much the pre-
dicted region overlaps with the true region relative to their
union. Dice coefficient, also called the F1 score for segmenta-
tion, measures overlap with slightly different weighting. IoU
penalizes under-/over-segmentation more strongly, while Dice
is more forgiving when boundaries are uncertain (typical in
dermoscopy under occlusion).

3) Training Details: All models were trained for 100
epochs with 320 x 320 input shape and a Binary Cross-Entropy
(BCE) with Dice loss function [9]]. The FSSM is either (i)
frozen after standalone training or (ii) made trainable end-to-
end (tunable) to test whether joint optimization improves hair
robustness.



TABLE I
QUANTITATIVE COMPARISON OF SEGMENTATION MODELS ACROSS FIVE BENCHMARK DATASETS. THE BEST-PERFORMING RESULT FOR EACH METRIC
WITHIN A DATASET IS SHOWN IN BOLD, WHILE THE SECOND-BEST RESULT IS INDICATED BY UNDERLINING.

Models VHI PH2 ISIC 2016 ISIC 2017 ISIC 2018
IoUT Dicet IoUtT Dicet IoUT Dicet IoUT Dicet IoUT Dicef
U-Net [25] 0.4838 0.6188 0.7551 0.8458 0.7672 0.8462 0.6007 0.7098 0.6883 0.7966

BA-Transformer (ResNet-50 backbone) [41]
F>CAU-Net (baseline) [9]

0.5961 0.6763 0.8272 0.8862 0.8175 0.8617 0.6669 0.7321 0.7781 0.8434
0.5159 0.6406 0.8328 0.9011 0.8008 0.8678 0.6217 0.7260 0.7636 0.8518

Ours FSSM-ResNet50 (FSSM frozen, multi-rule) 0.4248 0.5712 0.8730 0.9275 0.8605 0.9204 0.7391 0.8349 0.8072 0.8849

Ours FSSM-ResNet50 (FSSM frozen, 1-rule)
Ours FSSM-ResNet50 (no FSSM)

0.5055 0.6483 0.8611 0.9214 0.8621 0.9210 0.7250 0.8248 0.8027 0.8822
0.4775 0.6238 0.8663 0.9253 0.8629 0.9218 0.7317 0.8308 0.8031 0.8835

Ours FSSM-ResNet34 (FSSM frozen, multi-rule) 0.5051 0.6310 0.8377 0.9049 0.8023 0.8679 0.6393 0.7462 0.7639 0.8547

Ours FSSM-ResNet34 (FSSM frozen, 1-rule)
Ours FSSM-ResNet34 (no FSSM)
Ours FSSM-ResNet34 (tunable, 1-rule)

0.5354 0.6647 0.8470 0.9083 0.8072 0.8724 0.6737 0.7697 0.7800 0.8637
0.5159 0.6406 0.8328 0.9011 0.8008 0.8678 0.6217 0.7260 0.7636 0.8518
0.5128 0.6372 0.8436 0.9077 0.8219 0.8846 0.6507 0.7537 0.7708 0.8578

TABLE IT
COMPARISON OF THE MODELS IN TERMS OF PARAMETER COUNT AND
INFERENCE THROUGHPUT.

Model Parameters Throughput (samples/s)
UNet 7.85M 363.57
F2CAUNet 8.55M 155.00
BA-Transformers 46.74M 126.22
Ours: FSSM-ResNet34 24.48M 345.00
Ours: FSSM-ResNet50 44.00M 200.00

B. Segmentation Results and Analysis

Table ([ reports the segmentation results. Overall, hair robust-
ness and clean-image performance do not necessarily correlate.

FSSM-ResNet50 (frozen, multi-rule) achieves the highest
IoU and Dice scores on PH2 and ISIC2017-2018, making it
the best-performing model on these benchmarks. In contrast,
FSSM-ResNet50 (no FSSM) attains the top result on ISIC
2016, indicating that the effect of the proposed hair sup-
pression mechanism may vary across datasets. This suggests
that dataset-specific image characteristics influence the extent
to which explicit hair-aware processing is beneficial. When
combined with a sufficiently expressive encoder, the proposed
FSSM module appears to act as a regularizing filter, sup-
pressing dark structures unrelated to the lesion and improving
boundary consistency on typical dermoscopic images.

A different trend is observed on VHI, which serves as
a challenging stress test for severe hair occlusion. On this
dataset, BA-Transformer achieves the best segmentation per-
formance, while FSSM-ResNet34 ranks second. This result
is reasonable given the substantially higher representational
capacity of BA-Transformer as shown in Table which
uses 46.74M parameters and exhibits the lowest inference
throughput among the compared models (126.22 samples/s).
The throughput was measured on NVIDIA RTX 4090. Its
stronger performance on VHI therefore comes at a consider-
able computational cost. By contrast, FSSM-ResNet34 attains
competitive segmentation accuracy while operating with nearly

half the parameter count (24.48M) and much higher through-
put (345 samples/s). This indicates that the best scores of BA-
Transformer comes at the cost of efficiency, while the proposed
FSSM-ResNet34 provides a substantially better efficiency—
performance balance, making them more attractive for real-
world clinical systems where both segmentation quality and
inference speed are critical.

The multi-rule and ResNet50 configurations degrade on
VHI benchmark. This indicates a practical trade-off: (i)
stronger backbones may overfit to non-hair cues prevalent
in standard datasets, and (ii) multi-rule fuzzy detectors can
become overly aggressive under severe occlusion, suppressing
not only hair but also genuine dark lesion regions, thereby
reducing IoU. In other words, the hair-occlusion stress test
favors simpler fuzzy hair logic.

The tunable variant does not surpass the frozen 1-rule model
on VHI. A plausible explanation is that segmentation loss
alone does not explicitly reward accurate hair localization. In
the absence of a dedicated hair loss, gradients can drive the
hair mask toward shortcut behaviors (e.g., suppressing any
dark region), which in turn degrades the boundaries of the
lesion in heavily occluded images.

When the hair module is disabled, FSSM-ResNet50 (no
FSSM) has lower scores than FSSM-ResNet50 (FSSM frozen,
1-rule). This emphasizes the importance of FSSM for hairy
images. Furthermore, FSSM-ResNet34 (no FSSM) matches
the baseline F2ZCAU-Net, since the resulting architecture is
essentially the similar decoder-attention design without hair
gating. This highlights that performance gains are specifically
attributable to the FSSM component.

This interpretation is further supported by the qualitative
results shown in Fig. 3] which illustrate the hair segmentation
outputs produced by the proposed FSSM module. It can be
seen that FSSM generates clean and well-localized masks
that are subsequently used within the decoder to suppress
occluding structures. Importantly, the module also responds
to bubble artifacts commonly introduced during dermoscopic
imaging. Since air bubbles are also recognized as a source of



interference in dermoscopic image analysis, their suppression
may provide an additional benefit to the segmentation of the le-
sion [43]]. This behavior offers a plausible explanation for why
the proposed models remain competitive not only on heavily
occluded images, but also on standard public benchmarks,
where such artifacts can also degrade segmentation quality.

Taken together, the results show that integrating explicit
hair reasoning improves robustness. As illustrated in Fig. [2]
FSSM-ResNet produces cleaner and more complete lesion
masks under hair occlusion, with fewer boundary breaks and
reduced leakage into hair structures than competing methods.
Quantitatively, the multi-rule, large-backbone model performs
best on standard benchmarks, whereas the compact, single-
rule variant generalizes better under extreme hair occlusion,
revealing an accuracy-robustness trade-off across operating
conditions. At the same time, the throughput analysis shows
that these gains are not achieved at the expense of excessive
computational cost, further supporting the practicality of the
proposed approach.

C. Ablation Study

To assess the contribution of the main components, we
conducted an ablation study by varying the backbone archi-
tecture, the complexity of the fuzzy rules, and the training
configuration of FSSM. The quantitative results are reported
in Table [

1) Impact of Backbone Architecture: We compared ResNet-
34 and ResNet-50 as backbone feature extractors. Overall,
ResNet-50 performs better on most datasets. Under the “FSSM
frozen, 1-rule” setting, it achieves higher IoU on PH2 (0.8611
vs. 0.8470), ISIC 2016 (0.8621 vs. 0.8072), and ISIC 2017
(0.7250 vs. 0.6737). Although ResNet-34 remains competitive
on VHI, the deeper ResNet-50 generally provides stronger
feature representations for lesion segmentation.

2) Single Rule vs. Multi-Rule: We also compared a simple
1-rule fuzzy configuration with a more complex multi-rule
variant. The 1-rule version uses a compact fuzzy expression
based on intensity, gradient, and line responses, while the
multi-rule version uses six rules, including both positive
hair-detection rules and negative rules to suppress non-hair
artifacts.

As shown in Table |I, FSSM-ResNet50 (FSSM frozen, multi-
rule) improves performance on PH2 and the ISIC datasets
compared to FSSM-ResNet50 (no FSSM), but performs worse
on VHI. This suggests that the effectiveness of the multi-
rule design depends on dataset characteristics such as artifact
type and lesion appearance. In contrast, the 1-rule variant
shows more consistent performance across both ResNet-34
and ResNet-50, indicating that a simpler fuzzy design may
generalize better. The stronger VHI results of ResNet-34 with
1-rule further suggest that performance is influenced not only
by backbone depth, but also by dataset-specific characteristics
and backbone—module interactions.

3) FSSM Configuration:: Finally, we examined the training
strategy for the FSSM module by comparing three configura-
tions: "No FSSM” (baseline), “Tunable” (learnable fuzzy pa-

rameters), and “Frozen” (fixed fuzzy parameters). Introducing
FSSM improves performance over the baseline. However, the
FSSM “Frozen” setting consistently outperforms the tunable
variant. For instance, on the ISIC 2016 dataset, the frozen 1-
rule model attains an IoU of 0.8621, whereas the tunable 1-rule
model reaches only 0.8219. This indicates that fixing the fuzzy
parameters helps avoid overfitting and allows the network to
concentrate on learning better feature representations, thereby
improving generalization.

V. CONCLUSION

In this paper, we presented FSSM-ResNet, a hair-aware
skin lesion segmentation architecture designed to address
hair occlusion in dermoscopic images. By integrating the
Fuzzy Structural Suppression Module (FSSM) directly into
a ResNet—U-Net backbone, the proposed approach removes
the need for separate hair-removal or inpainting stages. The
Mamdani-style fuzzy inference module encodes simple der-
matological priors by modeling hair as dark, thin, and lin-
ear structures, producing an interpretable hair-likelihood map
that suppresses hair-corrupted regions during decoding. To
rigorously evaluate hair robustness, we also introduced the
VHI (Very Hairy Images) benchmark, a manually annotated
dataset focused on severe hair artifacts. Experiments on PH2,
ISIC 2016-2018, and VHI show that FSSM-ResNet improves
segmentation quality on standard benchmarks and provides
stronger robustness under heavy hair occlusion, while reveal-
ing a trade-off between backbone capacity, fuzzy rule com-
plexity, and robustness. Overall, the results show that simple
and interpretable fuzzy modeling can effectively complement
deep learning for artifact-aware segmentation. A limitation of
the proposed approach is the possible over-suppression of dark
lesion regions under severe occlusion.

As future work, we plan to extend the proposed seg-
mentation framework to broader computer-aided diagnosis
tasks, including lesion classification, subtype characterization,
and automated extraction of ABCD criteria and shape-based
biomarkers. We also aim to explore multi-task learning for
joint segmentation, attribute detection, and risk scoring, poten-
tially with clinical metadata. In addition, we intend to adapt
FSSM-ResNet to large-scale total-body imaging and real-time
dermoscopy workflows to further assess its clinical utility.
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