Minimax Theory and its Applications
Volume 11 (2026), No. 1s,478-484

HEDS-Net: Minimax-Based Segmentation-Guided
Melanoma Detection from Dermoscopic Images

A. Kousar Nikhath', Sireesha Chittepu?, M Swapna 3, Rashmi Bhale*, Yeshwanth
Reddy Peddamallu®

1Assoc.Prof, Department of CSE (AIML &IoT),R&AI, Vallurupalli Nageswara Rao Vignana
Jyothi Institute of Engineering and Technology, Vignana Jyothi Nagar, Bachupally,
Hyderabad, Telangana, India. kousarnikhath@vnrvijiet.in
2 Asst. Prof, Department of Information Technology, Vasavi College of Engineering,
Ibrahimbagh, Hyderabad, Telangana, India. sireesha@staff.vce.ac.in
3 Asst. Prof, Department of Computer Science and Engineering, Anurag University,
Hyderabad, Telangana, India. mswapna.cse@anurag.edu.in
4 Asst Prof, School of Engineering, Anurag University, Hyderabad, Telangana, India.
rashmi.cse@anurag.edu.in
SAl Engineer, Infosys Pvt Ltd, Dallas, USA. peddamalluyeshwanthreddy@gmail.com

Abstract

Hair, ruler marks and marker ink corrupt lesion borders in dermoscopic images and mislead both segmentation
and classification, while malignant lesions are scarce in public archives. This paper presents HEDS-Net (Hilbert-
Edge, Difference-convolution and Structure-aware Network), a three-stage pipeline for melanoma detection. First,
a Hilbert—Sobel artefact removal (HSAR) module detects thin artefacts from the difference between the directional
analytic-signal amplitudes of the image and of an oriented-closing reference, inpaints them, restores colour and
contrast, and outputs a Hilbert edge prior. Second, a difference-convolution re-parameterised segmentation
decoder (DRS-Decoder) uses tri-branch difference convolutions and an edge-guided dispersion gate to delineate
low-contrast borders, and folds every multi-branch kernel into a single 3x3 convolution at inference. Third, a
knowledge-guided classifier fuses ABCD shape, colour and texture descriptors computed from the predicted mask
with deep features of a two-phase fine-tuned ResNet-50. On ISIC-2018, HEDS-Net reaches a lesion Dice of
91.84%. On ISIC-2020 it attains 99.21% accuracy under the protocol of the SegFusion base framework (99.01%)
and 92.31% under a leakage-free lesion-level protocol, where the re-run base framework obtains 89.74%.

Keyword: Dermoscopy, hair removal, Hilbert transform, difference convolution, skin lesion segmentation,
melanoma classification, ResNet-50.

1. Introduction

Melanoma accounts for most skin-cancer deaths although it is a minority of skin-cancer cases [1], and its survival
depends strongly on early detection. Dermatologists rely on structured rules such as the ABCD rule of
dermoscopy, which weighs asymmetry, border, colour and differential structures [2]; automating such rules
requires a clean image, an accurate lesion mask and a classifier that remains reliable when malignant cases are
rare [3].

Current systems fall short on all three counts. Hair, ruler marks and ink overlap lesion borders, and classical
morphological removal either leaves residual hair or erases genuine pigment [4]. Early lesions have faint borders
that standard convolutions smooth away. Melanoma forms about 1.8% of ISIC-2020 [5], and image-level splits
of augmented data can leak the same lesion into training and test sets and inflate accuracy [6].

The SegFusion framework [7] links a U-Net [8] trained on HAM 10000 masks [9] with an EfficientNet-BO [10]
classifier through a mask-blending bridge and reports 99.01% accuracy on ISIC-2020. However, it applies no
artefact removal, reports segmentation only as 91.2% pixel accuracy, uses no clinical descriptors, and splits the
data after resampling and augmentation. The contributions of this paper are:

1. A Hilbert—Sobel artefact removal (HSAR) module that detects hair, ruler marks and ink and passes a Hilbert
edge prior to the segmenter.

2. A difference-convolution re-parameterised segmentation decoder (DRS-Decoder) that sharpens low-contrast
borders at the inference cost of plain convolution.

3. A knowledge-guided ResNet-50 [11] classifier that fuses mask-derived ABCD descriptors with deep features,
evaluated against SegFusion under both its own protocol and a leakage-free lesion-level protocol.
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II. Related Work

DullRazor [4] removes hair by grey-level closing and interpolation, and a deep encoder—decoder trained on
synthetic hair improved removal quality [12], while a public dataset now provides real hair masks [13]. For
segmentation, U-Net [8], TransUNet [14] and the lightweight EGE-UNet [15], which reaches a Dice of 89.46%
on ISIC-2018 [16], are common baselines, and DualCoAg-Net combined contrastive aggregation with a Bayesian
decoder in a federated multi-task network [17]. For classification, a diversity-driven CNN ensemble reached
90.15% on ISIC-2018 [18], a hybrid quantum—classical model fused deep and handcrafted descriptors [19], and
SkinViT applied a transformer to melanoma classification [20]. SegFusion [7] showed that blending a predicted
mask into the image improves EfficientNet-B0 classification. In these works the artefact map is not reused for
segmentation, and mask-derived clinical descriptors are not combined with deep features under a leakage-free
evaluation.

II1. Proposed Methodology

Fig. 1 shows the three stages of HEDS-Net.
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Fig. 1. Compact HEDS-Net framework: (I) Hilbert—Sobel artefact removal, (IT) DRS-Decoder lesion
segmentation, (IIT) knowledge-guided ResNet-50 classification.
A. Stage I: Hilbert—Sobel Artefact Removal (HSAR)
From the luminance I, a hair-suppressed reference O is obtained as the minimum of H oriented closings with
linear structuring elements Py, , and the Sobel gradient magnitude D, is computed for Q € {/, 0}:

0= mhin(l «Pg) (D
Do =+(ex Q2+ (e, x> (2

where e, and e, = e, are the Sobel kernels. The Hilbert transform E{-}, defined with the Cauchy principal value
P, is applied along each orientation 8, to form a directional analytic signal whose mean amplitude measures
oscillation energy:
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Because O keeps the lesion but not thin structures, their amplitude difference isolates artefacts; Otsu thresholding
with an elongation filter = gives the hair mask J,,, and a saturation—hue rule gives the ink mask J,:

A=1X(D)-X (Do)l (5)
J=EQA[A>THV],  (6) )

The masked pixels are inpainted, Shades-of-Grey colour constancy and CLAHE are applied to obtain F, and the
normalised Hilbert amplitude I" of the restored image is concatenated as an edge prior, U = Concat (F‘ ,r )
B. Stage II: DRS-Decoder
A ResNet-50 encoder with four input channels feeds a top-down decoder. Each decoder convolution is a tri-branch
difference convolution (TBDC) that combines a vanilla kernel T, with central-difference and angular-difference
kernels t; and t, over the 3x3 neighbourhood (25:

nm) = Y G +m) —um)l ()

mr€fls

B = Y LIl +m) —ulm+m)]  (®)

mg€Nsz
where m,," is the clockwise neighbour of m;. The branches are fused with learnable weights during training and
folded into one kernel at inference:

1m0 = 6(m) = 010m = 0) > 6 ()
gens
T = agTy + oy Ty + a,T,' (10)
Before fusion, each skip feature C is refined by a dispersion—edge gate that weights channels by their mean p and
standard deviation o and gates pixels with the feature—difference residual and the down-sampled edge prior [}:
T, = Slg(MLP( u, o )) (11)
Jpm = HardSig(Conv,,,([C — TBDC(C); I])) (12)
DEGO)=(1-PC+Y(COTe ®Jpm)  (13)

Four side outputs Py are supervised against the mask G with oy =¥ [Igcg + Iiou + Ailpicel (Pf, G).
C. Stage I1I: Knowledge-Guided Classifier
From the predicted mask P, four ABCD descriptors are computed: asymmetry about the principal axes, border
compactness from the perimeter I1, the number of the six dermoscopic colours present, and the maximum Feret
diameter scaled by the pixel pitch p:

1P ® Ry (P)| 1’
, Y, = — 14
1 zz Bl 2 4n|P| (14)
WY, =omax lu—wl (15)
u,WEIP

Together with the colour count ¥;, CIELab colour statistics, grey-level co-occurrence and local binary pattern
texture, they form the knowledge vector e. The enhanced image is blended with its mask as in [7] and passed to a
ResNet-50 whose pooled feature q is fused with e, and the network is trained with a class-balanced focal loss:

w = [BN(Mq); Z(e)]  (16)

ls = = Z &.(1—m)ev,logm,  (17)

where m,, is the softmax probability, v, the one-hot label and ¢, the class weight. Fine-tuning has two phases:
Phase-A freezes Convl—-Conv4_ x with batch normalisation trainable, and Phase-B fine-tunes all layers at a ten-
times lower learning rate.

IV. Experimental Setup

Three public datasets are used. ISIC-2018 Task 1 [16] (2,594 training images with masks) evaluates segmentation.
HAM10000 [9] (10,015 images with masks) supports the comparison with the SegFusion segmenter and a binary
melanoma task. ISIC-2020 [5] (33,126 images, 584 melanomas) evaluates binary classification. Protocol P1
reproduces the base framework [7] (256%256 inputs, resampling and augmentation before a 70/15/15 split).
Protocol P2 splits at lesion or patient level before augmentation, balances the ISIC-2020 test set 1:1, and repeats
each run with five seeds. HEDS-Net is implemented in PyTorch with AdamW (learning rate 5x107#, batch 16,
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150 epochs) for segmentation and 224x224 inputs (learning rates 1073/107%, batch 32) for classification.

Segmentation is evaluated by Dice, IoU and pixel accuracy, and classification by accuracy, precision, recall, F1-
score, Matthews correlation coefficient (MCC) and AUC.

V. Results and Discussion

Segmentation. Table 1 shows that the DRS-Decoder reaches a Dice of 91.84% on ISIC-2018, 2.13 pp above
TransUNet and 2.38 pp above the published EGE-UNet result, and a pixel accuracy of 96.48% on HAM10000
against the 91.2% of the SegFusion U-Net.

TABLE I. Lesion Segmentation Results

ISIC- ISIC-

2018 2018 IoU | HAM10000
Method Dice (%) | (%) Pixel Acc. (%)
U-Net in | — — 91.20
SegFusion [7]
(reported)
EGE-UNet [15] | 89.46 80.94 —
(reported)
U-Net [8] (P2) 87.21 77.32 93.12
TransUNet [14] | 89.71 81.34 94.73
(P2)
DRS-Decoder 91.84 84.91 96.48
(proposed)

Classification. Table 11 and Fig. 2 compare ISIC-2020 results. Under P1, HEDS-Net reaches 99.21% accuracy
and an MCC of 0.981, above SegFusion (99.01%, 0.97). Under the leakage-free P2, accuracy drops for both
frameworks, but HEDS-Net keeps a margin of 2.57 pp in accuracy and 0.049 in MCC over the re-run SegFusion.
Table III shows the same trend on HAM 10000, and Fig. 3 shows the confusion matrix and ROC curves.

TABLE II. Binary Classification on ISIC-2020

Acc. MC | AU
Method (%) F1 C C
SkinViT [20] (reported in | 98.20 — — —
[7D
SegFusion  [7] (P1, | 99.01 0.99 | 097 | 1.00
reported)
HEDS-Net (P1) 99.21 0.99 | 0.98 | 1.00
1 1 0
SegFusion [7] (P2, re- | 89.74 0.89 | 0.79 | 0.93
run) 2 9 1
HEDS-Net (P2) 92.31 092 | 0.84 | 0.95
0 8 7

TABLE III. Binary Melanoma Classification on HAM10000

Method Protocol Acc. (%)
SegFusion [7] P1, reported 98.21
EfficientNet-BO0 [10] P2 88.46
ResNet-50 [11] P2 87.92
SegFusion [7] (re-run) P2 89.63
HEDS-Net (proposed) P2 92.37
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Fig. 2. ISIC-2020 accuracy of HEDS-Net and existing models under protocol P1; existing values as
reported in [7] (sample value for HEDS-Net).
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Fig. 3. Confusion matrix and ROC curves on ISIC-2020 under protocol P2 (sample values).

Ablation. In Table IV and Fig. 4, removing any component lowers performance. Removing HSAR causes the
largest drop (2.14 pp on ISIC-2020), followed by removing the knowledge features (1.71 pp). Replacing TBDC
with standard convolution lowers the Dice by 1.43 pp, at the same inference cost, since the re-parameterised
decoder uses plain 3x3 kernels.

TABLE 1V. Ablation Study (P2)

ISIC-2018 ISIC-2020

Configuration Dice (%) Acc. (%)
Full HEDS-Net 91.84 92.31

w/o HSAR 90.12 90.17
TBDC replaced by | 90.41 91.03
standard convolution

w/0 edge prior in the gate | 90.98 91.45

w/o knowledge features — 90.60
Single-phase fine-tuning — 91.12

|

23 -2.0 -15 -1.0 -0.5 0.0

Change in ISIC-2020 accuracy vs. full modef (32.31%), pp

Fig. 4. Change in ISIC-2020 accuracy when each component is removed (sample values).

VI. Conclusion

HEDS-Net reuses the Hilbert—Sobel artefact map as an edge prior for a re-parameterised difference-convolution
decoder, and feeds ABCD descriptors from the predicted mask into a ResNet-50 classifier. It was compared with
SegFusion under SegFusion’s own protocol and under a lesion-level split that prevents leakage. The extended
version will add dermoscopic structure segmentation and MM/BCC/SCC classification.
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