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Abstract. Accurate skin lesion segmentation from dermoscopic images is a fundamental
prerequisite for early-stage melanoma detection. The diagnostic richness of intrinsic, shading-
attenuated, and retinex-decomposed representations is overlooked by current deep learning
techniques, which mostly rely on fixed RGB input channels. In this work, we offer a Differentiable
Neural Architecture Search (DARTS) framework for a modified Transformer—CNN hybrid
segmentation network (TMU-Net) that automatically selects the best input channel combinations
based on gradients. The suggested method relaxes the channel-selection space to a continuous
domain, allowing end-to-end joint optimization of both the segmentation network parameters and
the channel weights, in contrast to discrete combinatorial search techniques like Genetic
Algorithms. Tests on the ISIC 2016, ISIC 2017, and ISIC 2018 benchmark datasets show that
DARTS-guided channel selection consistently performs better than GA-guided selection and
fixed-channel baselines, with a Dice coefficient of up to 0.912 on ISIC 2018. These findings prove
that differentiable architectural search is a scalable and efficient method for choosing input
modalities in medical image segmentation.

Keywords. Skin lesion segmentation, dermoscopy, neural architecture search, channel
selection, transformer-CNN, medical image analysis.

AnHoTanusa. TouHas cerMeHTalus TOPAXEHHM KOXHM HAa  JIEPMATOCKOIMHUYECKUX
M300paxeHusX sABIsSETCS PyHIAMEHTAIbHBIM YCIOBUEM ISl OOHAPYKEHUS MEJIaHOMbBI Ha paHHEH
craqun. CoBpeMEHHbIE METOABl TIIIyOOKOro O0OydeHHs, B OCHOBHOM HCHOJB3YIOIIUE
¢bukcupoBaHHble BXOAHbIE KaHalbl RGB, urHopupyroT nuarnoctudeckoe 00rarcTBO BHYTPEHHUX,
0CJa0JIEHHBIX 3aTCHEHUEM W Pa3JIOKEHHBIX C IMOMOUIBI0 PETHHEKCA MpeAcTaBieHui. B maHHOM
paboTe MBI TpemaraeM CTPYKTypy mnoucka auddepeHupyeMoil HEHPOHHOM apXHUTEKTYphI
(DARTS) pns momudunmupoBaHHOW THOpHIHONW cermeHTannoHHOW cetn Transformer—CNN
(TMU-Net), koTopasi aBTOMaTHYECKHA BBIOMPAET HAUTYYIIME KOMOMHALIMM BXOJHBIX KAaHAJIOB Ha
OCHOBE TpaaueHTOB. llpeanokeHHBII METOJ CBOAMT NPOCTPAHCTBO BHIOOpAa KaHAIOB K
HEMpephIBHOW 00JacTH, MO3BOJIAS OCYIIECTBIATH CKBO3HYIO COBMECTHYIO ONTHUMH3AIUIO KaK
rapaMeTpoOB CErMEHTAI[MOHHOM CETH, TaK U BECOB KaHAJIOB, B OTJIMYME OT JUCKPETHBIX METOJIOB
KOMOMHATOPHOTO TMOWCKA, TAKMX KaK T€HETHYEeCKHE alropuTMbl. TecThl Ha 3TajJOHHBIX HabOpax
naraeix I[SIC 2016, ISIC 2017 u ISIC 2018 moka3biBaOT, YTO BHIOOp KAaHAJIOB C IOMOIIBIO
DARTS cTabuiabHO MPEBOCXOAMT BBHIOOP KAHAIOB C IMOMOIIBI0O T€HETHYECKOrO alropuT™Ma M
0a30BbIC METOJIBI ¢ (PUKCHPOBAHHBIM KOJUYECTBOM KaHAIOB, ¢ Koddduruentom [aiica mo 0,912
Ha ISIC 2018. Dtu pe3ynbTarhl H0Ka3bIBalOT, 4TO OupdepeHIIpyeMblii apXUTEKTYPHBIA OUCK
SBIIICTCS MacmTabupyeMbiM U 3(P(EKTHBHBIM METOJIOM BBIOOpAa BXOJHBIX MOJAIBHOCTEH B
CEerMEHTAIlMU MEIULUHCKUX U300pakeHUH.
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KiaroueBble cjioBa: CerMEHTAIUsl TMOPAKCHHHM KOXH, JEPMATOCKOIUS, IMOUCK HEWPOHHOU
apXUTEKTYpPBI, BEIOOP KaHAIOB, TpaHchopmep-CNN, aHaM3 MEIUIIMHCKUX H300paskeHUH.

INTRODUCTION

One of the cancers that is growing the fastest in the globe is skin cancer, especially melanoma,
and the most important factor in determining patient survival is early identification [1, 2].
Dermoscopy, which produces enlarged, polarized-light images that reveal subdermal
morphological characteristics unseen to the unaided eye, has become the clinical gold standard for
non-invasive skin lesion evaluation [3]. However, due to high intra-class variability, low contrast
at lesion margins, the presence of visual artifacts like hair and air bubbles, and the inherent
subjectivity of manual expert annotation, accurately defining lesion boundaries in dermoscopic
images continues to be a difficult task [4, 5].

The field of medical image analysis has completely changed as a result of deep learning. In
many segmentation benchmarks, Convolutional Neural Networks (CNNs), particularly the U-Net
family of encoder—decoder architectures, have demonstrated state-of-the-art performance [6, 7].
More recently, the use of hybrid Transformer—CNN architectures and Vision Transformers (ViTs)
has made it possible to simultaneously collect fine-grained local spatial detail and long-range
global context, which is essential for lesion boundary delineation [8, 9]. This dual-pipeline concept
is demonstrated by the Contextual Attention Network, or TMU-Net, which routes input data
through CNN and parallel transformer branches before combining their complementary
representations [10].

The choice of input image channels is a relatively unexplored aspect of dermoscopic
segmentation. Intrinsic image decomposition isolates reflectance from shading components,
resulting in representations that are more closely linked with genuine tissue chromophore
distributions than standard RGB representation, which retains luminance-confounded color
information [11, 12]. Previous research showed that segmentation accuracy is significantly
improved by Genetic Algorithm (GA)-guided combinatorial search over a six-channel feature
space, which includes raw RGB, grayscale, normalized retinex (R.), intrinsic reflectance, and
shading-attenuated pictures [13, 23, 24]. Nevertheless, GA-based search necessitates significant
architecture re-training for each candidate chromosomal evaluation, is computationally costly, and
is not differentiable.

By reformulating the discrete architectural search as a continuous bilevel optimization
problem, Differentiable architectural Search (DARTS) overcomes these constraints and permits
gradient-based joint optimization of network weights and architecture parameters in a single
training loop [14, 15]. Although DARTS has been widely used in cell-level macro-architecture
search, its application to input-channel modality selection in medical imaging is new and has not
received much attention.

In this paper, we present a redesigned TMU-Net backbone that incorporates a DARTS-based
channel selection mechanism. This work's main contributions are: (i) a bilevel optimization
strategy that simultaneously trains channel importance weights and network segmentation
parameters; (ii) a differentiable, softmax-parameterized channel mixing operator that learns
optimal convex combinations of six dermoscopic input representations; and (iii) thorough
evaluation across three ISIC benchmark datasets showing consistent superiority over both fixed
RGB inputs and previous GA-guided selection.

MATERIAL AND METHODS

A. Datasets

Three publicly accessible dermoscopic image standards from the International Skin Imaging
Collaboration (ISIC) were used for the experiments: ISIC 2016 (900 training/379 test pictures),
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ISIC 2017 (2,000 training/600 test images), and ISIC 2018 (2,594 training/1,000 test images) [16,
17]. Every image was standardized to zero mean and unit variance after being shrunk to 224 x 224
pixels. To reduce overfitting, the training split was subjected to standard data augmentation
techniques, such as random horizontal and vertical flipping, rotation (£30°), color jitter, and elastic
deformation.

B. Multi-Channel Input Representations

Six distinct image representations were derived from each raw dermoscopic image and
assembled as a multi-channel input tensor of dimension 6 x H x W. These channels include: (1)
RGB — the standard three-channel representation collapsed to a single luminance channel via
average pooling; (2) Grayscale — the perceptual grayscale conversion using ITU-R BT.601
coefficients; (3) Normalized Retinex (Rn) — computed as the log-ratio between the image and a
Gaussian-smoothed illumination estimate; (4) Intrinsic Reflectance — extracted via a single-image
intrinsic decomposition algorithm that separates surface reflectance from illumination[11]; (5)
Shading-attenuated — obtained by subtracting the estimated shading layer from the original image;
and (6) V. (Color Contrast) — a local color contrast map derived from the CIELAB color space.
All channels were independently normalized to [0, 1] prior to concatenation.

C. Modified TMU-Net Backbone

With modifications to accommodate variable-channel inputs, the segmentation backbone is
based on the dual-pipeline TMU-Net design [10]. A bespoke multi-channel convolutional block
whose first-layer kernel depth corresponds to the number of active input channels replaces the
original ResNet-50 pre-trained stem. Gradient flow via the channel selection parameters is made
possible by this adjustment, which is unrestricted by RGB-pretrained weight initialization. The
dual pipeline uses a CNN branch that uses depthwise separable convolutions to extract local
features and a transformer branch that uses multi-head self-attention to capture global spatial
dependencies. Prior to being decoded into a binary segmentation mask, outputs from both branches
are combined using learnt cross-attention gating.

D. Differentiable Channel Selection via DARTS

The proposed DARTS-based channel selector parameterizes the importance of each input
channel with a learnable architecture weight vector a = [ou, 02, ..., as] € RE. During the forward
pass, the effective input to the backbone is computed as a soft weighted mixture:

X = X softmax(w) - xi fori € {RGB, Grayscale, Rn, Intrinsic, Shading, Vc}

Architecture parameters a are optimized on the validation set:
min_ o L val(w*(a), o)

Network weights w are optimized on the training set:
min w L _train(w, o)

Bilevel optimization via alternating gradient descent (step size n_a, n_w)

This bilevel optimization is solved efficiently using the first-order DARTS approximation[14],
wherein validation and training gradients are computed in alternating steps without unrolling the
inner optimization. After convergence, a discrete channel mask is obtained by applying a threshold
T =0.15 to the final softmax-normalized architecture weights, retaining only channels with weight
exceeding .

E. Loss Function and Training Protocol

The segmentation network is trained using a combined loss of binary cross-entropy and Dice
loss with equal weighting: L =0.5-L BCE + 0.5-L_Dice. Training was performed for 200 epochs
using the Adam optimizer with an initial learning rate of 1x10~* for network weights and 3x10~*
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for architecture parameters, with cosine annealing scheduling. All experiments were implemented
in PyTorch 2.1 and conducted on a single NVIDIA A100 GPU (40 GB).
Table 1. Quantitative comparison of channel selection strategies on three ISIC

benchmarks.
Dice IoU Accuracy Sensitivity
Method Dataset (%) (%) (%) (%)
TMU-
Net (RGB ISIC 87.4 793 95.1 84.6
2016
only)
GA- ISIC
guided [13] 2016 89.1 81.7 95.8 86.3
DARTS ISIC
(Proposed) 2016 90.6 83.2 96.4 88.1
TMU-
Net (RGB ISIC 85.9 77.1 94.7 83.0
2017
only)
GA- ISIC
ouided [13] 2017 87.8 79.5 95.3 85.2
DARTS ISIC
(Proposed) 2017 89.4 81.3 96.0 87.0
TMU-
Net (RGB ISIC 88.2 80.1 95.5 85.7
2018
only)
GA- ISIC
ouided [13] 2018 90.0 82.6 96.1 87.4
DARTS ISIC
(Proposed) 2018 91.2 84.3 96.9 89.2
Bold values indicate best performance per dataset. loU = Intersection over Union.

RESULTS

The regular TMU-Net with fixed RGB inputs and the previously published GA-guided
channel selection method [13] served as the two baselines against which the suggested DARTS-
based channel selection framework was assessed. Table 1 summarizes the quantitative results for
each of the three ISIC benchmarks. The suggested approach outperformed the RGB-only baseline
by 3.0%, 4.2%, and 1.4 percentage points on ISIC 2018, the biggest and most difficult benchmark,
with a Dice coefficient of 91.2%, an IoU of 84.3%, and an overall accuracy of 96.9%. DARTS
demonstrated the superiority of continuous gradient-based search over discrete evolutionary
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optimization by achieving an extra gain of 1.2% Dice and 1.7% IoU when compared to GA-guided
selection.

Consistent channel preferences were found in the learnt architectural weight distributions,
which were averaged across five different runs. The intrinsic reflectance channel had the greatest
mean weight (o = 0.31), followed by normalized retinex (o = 0.24) and shading-attenuated
representations (oo = 0.21). When more decomposed representations are available, the raw
grayscale channel consistently obtained the lowest weight (o« = 0.07), indicating negligible
marginal contribution. Crucially, the computational efficiency of DARTS search was confirmed by
the fact that it converged in about 35% less GPU-hours than a full GA search run (14.2 hours vs.
22.8 hours on ISIC 2018). Qualitative segmentation maps also show that DARTS-guided inputs
result in boundary delineations that are crisper and more anatomically convincing, especially when
low-contrast lesion peripheries and high hair artifact contamination are present. These are common
failure modes for RGB-only models.

DISCUSSION

The study's findings support the theory that an important but frequently disregarded axis of
model optimization in dermoscopic segmentation is input channel composition. The additional
representational diversity provided by retinex-decomposed and intrinsic channels encodes
clinically relevant lesion-background contrast information not captured by standard color imaging,
as demonstrated by the consistent superiority of DARTS-selected multi-channel inputs over fixed
RGB across three independent benchmarks. There are two main reasons why DARTS is better than
GA-guided selection. First, while GA depends on a surrogate fitness function assessed on discrete,
independently trained architectures, which introduces both approximation error and variance,
differentiable optimization directly optimizes the segmentation objective with respect to channel
importance weights.Second, the study's findings support the theory that an important but
frequently disregarded axis of model optimization in dermoscopic segmentation is input channel
composition. The additional representational diversity provided by retinex-decomposed and
intrinsic channels encodes clinically relevant lesion-background contrast information not captured
by standard color imaging, as demonstrated by the consistent superiority of DARTS-selected
multi-channel inputs over fixed RGB across three independent benchmarks. There are two main
reasons why DARTS is better than GA-guided selection. First, while GA depends on a surrogate
fitness function assessed on discrete, independently trained architectures, which introduces both
approximation error and variance, differentiable optimization directly optimizes the segmentation
objective with respect to channel importance weights.

CONCLUSION

In order to solve the issue of choosing the best input channel for dermoscopic skin lesion
segmentation, this research introduced a novel use of Differentiable Neural Architecture Search.
The suggested framework automates and enhances the channel discovery process previously
handled by Genetic Algorithm-guided combinatorial search by embedding a softmax-
parameterized channel mixing operator within a modified TMU-Net backbone and training the
entire system end-to-end via bilevel gradient optimization. In comparison to GA-based alternatives,
the suggested DARTS-based method reduced search computational cost by about 35% while
achieving state-of-the-art Dice coefficients of 90.6%, 89.4%, and 91.2% on the ISIC 2016, 2017,
and 2018 benchmarks, respectively. Intrinsic reflectance and normalized retinex decompositions
have the maximum diagnostic information density for lesion—background separation, according to
the learnt channel weight distributions. These results are in line with the underlying biophysics of
skin chromophore absorption. These findings demonstrate that differentiable architectural search is
a viable, effective, and repeatable method for optimizing input modality in medical image
segmentation. This capability naturally extends beyond dermoscopy to other multi-modal imaging
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scenarios. Our goal is to help the medical imaging research community embrace and advance
gradient-based architectural search by making the complete implementation code and pre-trained
model weights available. Future research will examine cross-domain generalization and channel-
conditioned uncertainty estimation for clinical imaging cohorts with more diverse acquisition and
demographics.
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