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Abstract. Skin lesion classification remains challenging because of class
imbalance, substantial intra-class variation, and subtle differences be-
tween diagnostic categories. Paired dermoscopic and clinical images pro-
vide complementary visual evidence, but effectively leveraging widely
available single-view data when learning a dual-view model remains chal-
lenging. We propose DermaNet, a unified flexible-view framework that
learns a shared lesion representation from paired dermoscopic and clin-
ical images while accommodating single-view inputs. Separate Efficient-
NetV2 backbones extract representations from multiple network depths,
which are combined within each view through learned weighted depth
aggregation. The resulting view-specific embeddings are fused before
classification, while modality dropout exposes the model to paired- and
single-view conditions during training. DermalNet also uses a clinically
motivated hierarchical prediction strategy, in which a group-level classi-
fier first separates melanocytic from non-melanocytic lesions and group-
specific classifiers then perform fine-grained diagnosis within each cat-
egory. Progressive experiments show that multi-level aggregation, hier-
archical prediction, and unified feature-level fusion provide complemen-
tary improvements and support both paired and single-view inference.
DermaNet achieves 49.7% Macro-F1 on MILK10k and 77.42% Micro-F1
on the official ISIC2019 test set while increasing the parameter count
by only 0.4%. An implementation is available at https://github.com/
aniltanaktan/DermaNet.

Keywords: Skin lesion classification - feature-level fusion - modality
dropout - hierarchical classification - multi-level representation learning.

1 Introduction

Skin cancer is among the most common malignancies worldwide, and early detec-
tion can improve treatment outcomes [4]. Although deep learning has advanced
computer-aided skin lesion diagnosis [7], classification remains challenging be-
cause of class imbalance, visual similarity between diagnostic categories, intra-
class variation, and domain shift across devices and clinics [TT].

The International Skin Imaging Collaboration (ISIC) provides benchmarks
for both dermoscopy-only and paired-view lesion classification [GJIO/T7)23]. The
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ISIC2019 dataset contains dermoscopic images from eight lesion classes, whereas
the MILK10k dataset provides paired dermoscopic and clinical images and in-
cludes unknown benign and malignant categories. The paired dermoscopic and
clinical views provide complementary diagnostic information about the same
lesion, forming a paired dual-view classification setting [II2].

Prior work has combined dermoscopic images with clinical photographs or
patient metadata [12]. Skin lesion studies have also used multi-scale inputs or in-
termediate backbone features [3], while broader image-analysis work has demon-
strated the value of intermediate representations and deep supervision [T128].
Recent dermatological Al has moved toward richer multimodal and clinically
informed systems, including MIDAS [5], seven-point checklist knowledge inte-
gration [25], and agentic multimodal reasoning [15]. Missing-modality learning
has also been studied through modality masking [I8], including incomplete mul-
timodal skin lesion diagnosis [24]. However, multi-level representation learning,
dermoscopic—clinical fusion, flexible view availability, and clinically structured
prediction are typically addressed separately. DermaNet brings these elements
together within a unified lesion-classification framework.

Building on these directions, we propose DermalNet, a unified flexible-view
framework that combines multi-level aggregation, dermoscopic—clinical feature
fusion, modality dropout, and clinically structured prediction. Separate modality-
specific backbones extract and aggregate representations from multiple depths
before feature-level fusion. Modality dropout exposes the model to paired- and
single-view configurations, while a melanocytic/non-melanocytic hierarchy sup-
ports fine-grained diagnosis. We evaluate these components through progressive
and matched experiments on MILK10k and ISIC2019.

Our main contributions are:

— Unified flexible-view learning: We introduce a dual-backbone fusion
framework that supports paired dermoscopic—clinical inputs as well as single-
view data through feature-level fusion and view-level modality dropout.

— Multi-level representation aggregation: DermaNet combines shallow,
intermediate, and deep features using learned, modality-specific depth weights.
This provides a compact representation that integrates information from
multiple backbone depths with negligible computational overhead.

— Clinically structured classification: We organize lesion classes into melanocytic
and non-melanocytic groups and compare hard hierarchical routing with soft
probabilistic routing for fine-grained classification.

2 Proposed Approach

DermaNet supports dermoscopic-only, clinical-only, and paired dermoscopic—
clinical inputs. Each available view is processed by a modality-specific Efficient-
NetV2 backbone, with multi-depth features aggregated by learned depth weights
and fused into a shared lesion embedding (Sec. [2.1]). During training, modality
dropout randomly masks one view in paired samples, enabling the fusion mod-
ule to learn from both complete and incomplete inputs (Sec. . The shared
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Fig. 1: Overview of DermaNet. Modality-specific backbones extract multi-level
features, which are aggregated within each view and fused at the feature level.
During training, modality dropout masks one available view. The fused repre-
sentation is evaluated using melanocytic/non-melanocytic structured prediction.

lesion representation is classified with a melanocytic/non-melanocytic hierarchy
where a group head predicts the parent group, and group-specific heads perform

fine-grained diagnosis (Sec. .

2.1 Multi-Level Aggregation and Feature-Level Fusion

For each view, DermaNet extracts feature maps from three EfficientNet V2 stages,
indexed as levels 2, 3, and 4, to capture shallow, intermediate, and deep cues.
Each feature map is globally pooled and projected to a common embedding
space before learned aggregation and cross-view fusion.

For each modality m € {d, ¢}, where d and ¢ denote dermoscopic and clinical
inputs, respectively, we use a modality-specific EfficientNetV2 backbone F(™) ()
and extract intermediate feature maps at three depths ¢ € {2,3,4}:

Rém) _ Fz(m) (x(m)) c RHexWexCr

The three levels capture progressively deeper representations. We compress
each block by global average pooling (GAP):

h{" = GAP(R™) € R%". (1)

Since channel dimensions vary across depths, we project all levels into a
shared 512-dimensional embedding space:

egm) =y (hém)) R RCe _y R512 (2)
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Learned Depth Aggregation. Rather than concatenating all depth-specific
embeddings directly, we learn their relative contribution within each modality.
This produces a compact representation while allowing the network to emphasize
the depth that is most useful for the classification objective. For each modality
m € {d, ¢}, we define three modality-specific trainable depth logits, shared across
all samples, w(™ € R3 and normalize them using softmax:

a™m = softmax(w(m)) , EM™ — Z aém)egm). (3)
(€{2,3,4}

The learned weights (™ determine the contribution of each backbone depth
to the modality representation E™)_ The clinical and dermoscopic embeddings
are then concatenated and mapped to a fused representation:

E = |:‘E(C)7 E(d):| c R1024, u = w(E) c R2567 (4)

where ¥(-) is an MLP with layers 1024 — 512 — 256, BatchNorm, SiLU, and
dropout. The fused representation w is shared by all classification heads.

2.2 View-Level Modality Dropout

Paired datasets such as MILK10k provide both dermoscopic and clinical images,
whereas ISIC2019 contains dermoscopic images only. This imbalance can bias
joint training toward the consistently available dermoscopic stream and weaken
the contribution of clinical features. Following established missing-modality train-
ing strategies [18124], we adopt view-level modality dropout, which randomly
masks one available view in paired training samples and deterministically masks
unavailable views in single-view samples.

Let a(™ € {0,1} denote the availability of modality m € {d,c}. For paired
samples, the availability vector is sampled as

(0,1), with probability p,

a'”,a < ,0), with probability p,

(a'D,a'®) 1,0 ith probabili (5)
(1,1), with probability 1 — 2p,

where p = 0.1 in the reported experiments. Thus, each view is masked in 10%
of paired training samples, while both views remain available in the remain-
ing 80%. For single-view inputs, the unavailable modality is deterministically
masked; for example, dermoscopy-only samples use (a(9,a(?)) = (1,0).

2.3 Clinically Structured Hierarchical Classification

To incorporate clinically meaningful structure into fine-grained lesion classi-
fication, we organize the diagnostic labels into melanocytic (MC) and non-
melanocytic (NonMC) groups. DermaNet jointly predicts the parent group and
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the diagnostic class using group-specific heads. This coarse-to-fine formulation
explicitly represents relationships among diagnostic classes rather than treating
all labels as unrelated alternatives [200]. We define:

Yvc = {MEL, NV},  Vnonmc = YV \ Duc.

Let g(y) map each class y € ) to its parent group. From the fused represen-
tation u, the group head predicts the coarse group and two group-specific heads
predict the final class within each group:

zg = Wyu + by, (6)
z, = Wyou+b,, r € {MC,NonMC}. (7)

Here, z, € R? and z, € R>"|. The group posterior is py(g | #) = [softmax(z,)],-
We evaluate two inference rules based on the same trained heads: hard hierar-
chical routing, which restricts prediction to the most probable group, and soft
hierarchical probability composition, which retains uncertainty over both groups.

Hard Hierarchical Routing. For hard routing, the group with the highest
posterior probability is selected:
i) = agmax pylg| ) ®
ge{MC,NonMC}

The group head and both group-specific heads are evaluated in a single for-
ward pass. Each sample contributes to the group loss and to the loss of its cor-
responding subgroup head. For sample (z;,v;), let g; = g(y;) denote its group
and yggi) its within-group class index. Using cross-entropy loss CE(+, -), the joint
objective for sample (z;,y;) is

£(i) = Xy CE(gi, 2,(2:)) + As CB(3*, 2, (22)) (9)

where each sample updates the group head and its corresponding subgroup head.
The weights A, and A4 control the relative contribution of group-level and within-
group supervision.

Soft Probability Composition. The same trained heads can instead be com-
bined without committing to a single parent group. For each class y, we compose
its parent-group probability with its conditional within-group probability:

po(y | x) =po(9(w) | z) po(y | 2, 9(y)),  ye. (10)

This produces a normalized posterior over the complete class set and pre-
serves uncertainty when the group prediction is ambiguous. On the official ISIC2019
test set, soft routing achieved 77.40% Micro-F1, close to the 77.42% obtained
with hard routing. We therefore use hard routing in the main progression exper-
iments.
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3 Experiments and Results

Datasets and Evaluation Protocols. We evaluate DermaNet on MILK10k
[17] and ISIC2019 [6I10123]. MILK10k is the paired dermoscopic—clinical bench-
mark with 11 classes and official-test Macro-F1 as the primary metric. ISIC2019
is the dermoscopy-only benchmark with eight diagnostic classes. We evaluate the
official test split after excluding unknown (UNK) samples, consistent with the
prior literature considered here, and additionally report a 70:10:20 patient-level
train—validation—test split.

Implementation Details. For the main progression experiments, MILK10k
and ISIC2019 models were trained separately. ISIC2019 models used dermoscopic
images only, with the clinical branch masked in DermaNet configurations. Model-
0 is the EfficientNetV2 baseline, Model-1 adds learned multi-level aggregation,
and Model-2 adds hierarchical prediction. Since clinical images are unavailable
for ISIC2019, Model-3 is not applicable.

Motivated by prior ISIC2019 benchmarking that reported strong performance
of EfficientNet-style backbones [2], we use EfficientNetV2-XL [22]. All input
images (RGB) are resized to 512 x 512 pixels. Models are trained with AdamW
[16] (Ir 9.5x 1075, wd 7.25x 10~?) using batch size 16 and gradient accumulation
4. Dropout and drop-path are set to 0.4 and 0.1, respectively.

Table 1: Progressive performance on the official MILK10k and ISIC2019 test
sets. Models 0-2 define the single-view component progression. For MILK10k,
Model 3 replaces score-level fusion with paired feature-level fusion. For ISIC2019,
paired fusion is not applicable because clinical images are unavailable.
Description MILK10k ISIC2019
(Macro-F1) (Micro-F1)

Model-0: Baseline

Two separately trained single-modality EfficientNetV2 40.3 73.63
models, score-level combined at inference.

Model-1: Baseline + Multi-Level Features

Baseline model with multi-level features (levels 2/3/4) 41.2 75.18
with learned depth aggregation.

Model-2: Model-1 + Hierarchical Decision

A 2-group hierarchy (melanocytic vs. non-melanocytic) 45.4 77.42
added to each single-modality model.

Model-3: Model-2 + Paired Feature-Level Fusion

Feature-level dermoscopic—clinical fusion for MILK10k; 49.7 -
dermoscopy-only operation for ISIC2019.

MILK10k: Contribution of Paired Views. On the MILK10k validation
set, independently trained EfficientNetV2-XL baselines achieved 42.19% F1 with
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clinical images and 36.95% F1 with dermoscopic images. Their score-level com-
bination improved F1 to 43.67%, indicating complementary information across
views. Since score-level fusion combines predictions only after independent classi-
fication, this motivates DermaNet’s feature-level fusion before the final decision.

Progressive Analysis of Proposed Architecture. Table [I| summarizes the
contribution of each component on MILK10k and ISIC2019. Across both datasets,
learned depth aggregation provides consistent gains, indicating that useful diag-
nostic cues are distributed across backbone depths. For the final paired MILK10k
model, the learned L2/L3/L4 weights were 0.078,/0.203/0.719 for the clinical
stream and 0.086,/0.222/0.692 for the dermoscopic stream, with both assigning
the largest weight to L4. The melanocytic vs non-melanocytic hierarchy yields a
larger improvement, supporting clinically structured supervision for fine-grained
classification.

Despite these gains, DermaNet adds only 1.67M parameters over the score-
level baseline (413.72M vs. 412.05M; +0.4%) and keeps estimated per-lesion
compute essentially unchanged (187.275 vs. 187.272 GMACs).

Modality Dropout and Missing-View Robustness. We assessed modality
dropout with a matched mixed-view ablation on combined MILK10k+ISIC data:
4,716 paired samples (7.3%) and 60,057 dermoscopy-only samples (92.7%). Two
identical dual-stream hierarchical models differed only in view-level masking:
none for the reference model and random masking of either stream with probabil-
ity 0.1 for the modality-dropout model. Held-out paired samples were evaluated
with paired, clinical-only, and dermoscopy-only inputs. Fig. [2| reports clinical-
only Macro-F1 and the Macro-F1 drop from paired-view inference. Modality
dropout improves clinical-only performance and reduces the missing-view drop,
while dermoscopy-only inference remains stable.
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Fig. 2: Effect of modality dropout on missing-view robustness. (a) Clinical-only
Macro-F1. (b) Macro-F1 drop from paired-view inference; lower is better.
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ISIC2019: Comparison to Prior Work. Table [2] compares DermaNet with
selected ISIC2019 leaderboard entries and published methods under the official
test protocol and a 70:10:20 split. DermaNet achieves competitive results in both
settings, supporting the effectiveness of multi-level aggregation and hierarchical
prediction for dermoscopy-only classification.

Table 2: ISIC2019 results on the official test set and a 70:10:20 train—validation—
test split. Best results within each protocol are shown in bold.

Method Micro-F1 Macro-F1 AUC Bal. Acc.
Official 1SIC2019 Test Set

DaisyLAB (2019) [8] 68.5% - 91.3%  63.6%
DysionAl (2019) [27] 70.3% - 78.0%  60.7%
AlmageLab-PRHLT (2019) [19] 70.9% - 88.6%  59.3%
DermaNNet (official test) 77.4% 69.5% 93.2% 67.0%
Literature 70:10:20 Train—Validation—Test Split

Sun et al. (2021) [21] - - 91.5%  66.2%
Yao et al. (2022) [26] 75.0% - - -
Li et al. (2022) [13] 75.1% - - -
Alsahafi et al. (2023) 3] 71.3% - - -
Liu et al. (2026) [14] 79.9% 68.9% - -

DermaNet (70:10:20 split) 82.6% 72.7% 95.4% 70.8%

4 Conclusion

We presented DermaNet, a flexible-view framework for dermoscopic—clinical le-
sion classification. DermaNet combines learned multi-level aggregation, feature-
level fusion, modality dropout, and melanocytic/non-melanocytic hierarchical
prediction within a unified dual-backbone architecture. Progressive experiments
show that clinically structured prediction and paired feature-level fusion provide
the largest gains, while multi-level aggregation improves performance with neg-
ligible computational overhead. The MILK10k results support learning a shared
representation from paired dermoscopic and clinical views, and the ISIC2019 re-
sults show that the multi-level and hierarchical components remain effective in
dermoscopy-only classification. The missing-view ablation further suggests that
modality dropout can improve robustness when one view is unavailable. Future
work will systematically study modality dropout across masking probabilities,
training-set compositions, and missing-view evaluation protocols, and explore
alternative clinically motivated hierarchy definitions beyond melanocytic/non-
melanocytic grouping.
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