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STAN: A Skin-Tone Adaptive Network for Multi-Branch
Dermoscopic Lesion Classification
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Skin-lesion classification is affected by variation in lesion morphology, image quality, class distribution, and differences in
skin appearance. This study presents STAN (Skin-Tone Adaptive Network), a multimodal architecture designed to combine
complementary spatial, frequency, and clinical-shape information while conditioning feature fusion on an estimate of skin
tone. The model uses a custom multi-scale convolutional network for RGB images, a single-level Haar-wavelet branch for
frequency information, and a four-dimensional set of handcrafted lesion descriptors derived from the ABCDE framework.
The three representations are projected to a common feature dimension and combined using an Individual Typology Angle
(ITA)-conditioned softmax gate. Feature-wise Linear Modulation (FILM) is then applied to the fused representation. An
auxiliary regression head predicts the four handcrafted descriptors during training. The experiment used a five-class
subset prepared from the ISIC 2020 image collection: Actinic Keratosis, Basal Cell Carcinoma, Melanoma, Normal Skin,
and Squamous Cell Carcinoma. A total of 15,675 images were used. The proposed methodology created a stratified 80:20
split, giving 12,540 training images and 3,135 validation images. The reported validation performance was 90.40%
accuracy, 90.32% macro precision, 90.44% macro recall, 90.37% macro F1-score, and 98.81% macro ROC-AUC. The
strongest class was Normal Skin, while Actinic Keratosis was the most difficult class. The main errors involved Actinic
Keratosis and Basal Cell Carcinoma. These results are encouraging for the proposed multimodal architecture, but they do
not establish clinical generalization or the independent contribution of each architectural component. Further work should
include an independent test set, repeated runs, ablation experiments, calibration analysis, and subgroup evaluation.
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1. Introduction they do not explicitly separate information according
to its frequency characteristics or incorporate clinically
motivated shape descriptors. The ABCDE framework —
Asymmetry, Border, Color, Diameter, and Evolution—
provides a familiar clinical description of pigmented

lesions. In the present implementation, four measurable

Skin cancer includes several malignant and precancerous
conditions with substantial variation in visual
appearance. The appearance of a lesion can change
with anatomical location, imaging conditions, lesion

morphology, and the patient’s skin pigmentation. Deep
learning has become a common approach for automated
analysis of dermoscopic and clinical images, but high
performance on a single dataset does not necessarily
translate into reliable performance under changes in
acquisition conditions or patient populations.

Most image-classification systems rely primarily on
spatial image features. Such representations are useful
for capturing color, texture, and lesion morphology, but

descriptors are used: asymmetry, border irregularity,
color variance, and normalized diameter. Evolution is
not directly represented because it cannot be obtained
from a single static image.

Skin appearance is another source of variation. The
present study therefore uses the Individual Typology
Angle (ITA) as a quantitative proxy derived from image
corner regions assumed to represent surrounding skin.
ITA is not treated as a clinical diagnosis or a direct
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measurement of Fitzpatrick skin type. Instead, it is
used as a conditioning signal that changes the relative
contribution of the spatial, frequency, and shape
branches.

The main contribution of STAN is the integration of these
components into one trainable model. A custom spatial
branch extracts multi-scale convolutional features, a
Haar-wavelet branch extracts low- and high-frequency
information, and an MLP processes the handcrafted
descriptors. The three branches are projected to a
common 256-dimensional space. An ITA-conditioned
gate produces three softmax weights, and the weighted
sum is subsequently modulated using FiLM. The model
also uses an auxiliary regression objective to retain
information about the handcrafted descriptors.

2. Literature Review

Deep learning has produced strong results in automated
skin-lesion analysis, with convolutional networks,
transfer learning, ensemble methods, and attention-
based architectures being widely investigated. Reviews
have identified class imbalance, acquisition variability,
domain shift, limited diversity in skin pigmentation,
and incomplete reproducibility as persistent challenges
[1,21,22].

Several studies have investigated CNN-based
classification on public skin-lesion datasets. Nawaz et
al. used Faster R-CNN and fuzzy k-means clustering
for skin-cancer detection, while Khamparia et al.
investigated transfer learning in an Internet-of-Health-
Things framework [3,4]. Quadir et al. and Garcia
examined deep-learning approaches for skin-cancer
classification and melanoma detection [5,6]. Other work
has investigated optimization, recurrent architectures,
transfer learning, and hybrid classical/deep-learning
systems [7-15].

Multimodal learning is particularly relevant to STAN
because combining complementary information can
provide a richer representation than a single image
stream. Adebiyi et al. combined lesion images with
patient metadata and reported improved performance on
HAM10000 and ISIC 2017 [16]. Saeed et al. investigated
an adaptive ensemble with metadata on ISIC 2018 and
ISIC 2019 and also reported reduced performance during
external evaluation [19]. Other studies have examined
attention mechanisms and multi-dataset evaluation
[18,20]. These results support the need to evaluate
architectural ideas under clearly defined data partitions
rather than comparing accuracy values across different
datasets as though they were directly equivalent.

STAN differs from conventional image-only classifiers
by making the fusion mechanism itself dependent on
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an image-derived skin-tone proxy. The architecture also
combines spatial, frequency, and handcrafted clinical-
shape information rather than relying on a single
pretrained backbone.

3. Materials and Methods

3.1 Dataset Preparation

The study used the ISIC 2020 image collection as
the source data. Rather than retaining the complete
collection, only the categories required for the
experiment were selected and arranged in a folder-per-
class structure. The five retained categories were Actinic
Keratosis, Basal Cell Carcinoma, Melanoma, Normal
Skin, and Squamous Cell Carcinoma. Actinic Keratosis is
a precancerous keratinocytic lesion, whereas Basal Cell
Carcinoma, Melanoma, and Squamous Cell Carcinoma
are malignant skin-lesion categories. Normal Skin was
retained as a non-lesion reference class.

The prepared dataset contained 15,675 images.
Performed a stratified random split with 20% of the
images assigned to validation. The resulting dataset
contained 12,540 training images and 3,135 validation
images. The validation set was not an independently
sourced test set; all reported classification metrics in this
study were calculated from this validation partition.

Class Total | Training | Validation
Actinic Keratosis 3225 2580 645
Basal Cell Carcinoma 3080 2464 616
Melanoma 3160 2528 632
Normal Skin 3315 2652 663
?:‘;‘rljlr;‘;’;z Cell | 5805 2316 579
Total 15675 12540 3135

3.2 Image Processing and Feature Construction

Each image was resized to 260 x 260 pixels. The RGB
branch receives the resized image and applies data
augmentation during training using horizontal and
vertical flips, random rotation, random zoom, random
contrast, and random brightness. RGB values are
subsequently rescaled by 1/255.

A single-level two-dimensional Haar transform is
calculated from a grayscale version of the image. The
transform produces four channels: approximation (cA),
horizontal detail (cH), vertical detail (cV), and diagonal
detail (cD). The resulting representation has spatial
dimensions of 130 x 130 with four channels.

For the skin-tone signal, the image is converted to
CIELAB space and four corner patches are sampled. The
mean L* and b* values across these patches are used to
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calculate ITA as ITA = arctan((L* - 50)/b*) x 180/mt. The
implementation then divides the resulting angle by 90
and clips the value to approximately [-1, 1]. The four
corners are assumed to represent surrounding skin; this
assumption can fail when the image framing contains
background objects or when the lesion extends into a
corner.

The handcrafted branch uses four descriptors. First,
asymmetry is estimated from horizontal and vertical
reflections of a binary lesion mask. Second, border
irregularity is derived from one minus contour
circularity. Third, color variance is calculated from the a*
and b* components within the segmented lesion. Fourth,
normalized diameter is estimated from the minimum
enclosing circle relative to the image diagonal. Lesion
segmentation uses grayscale conversion, Gaussian
smoothing, Otsu thresholding, and selection of the largest
external contour. If no contour above the minimum area
threshold is found, the four descriptors are set to zero.

3.3 STAN Architecture

STAN contains three parallel feature streams. The
spatial stream begins with a 32-channel convolution and
four multi-scale blocks. Each block combines standard
3 x 3 convolution, rate-2 dilated 3 x 3 convolution,
and 5 x 5 convolution. The concatenated features are
batch-normalized, projected using a 1 x 1 convolution,
and connected through residual additions where the
dimensions match. Global average pooling and a Dense
layer produce a 256-dimensional spatial representation.

‘ Dermoscopic image input }

|

Frequency branch
Wavelet + DCT texture

Spatial CNN branch

No ImageNet backbone

Skin-tone estimator
ITA from RGB image

Diagnosis head
5-class + temp scaling

The frequency stream operates on the four-channel Haar
representation. It contains three convolutional stages
with batch normalization and max pooling, followed by
global average pooling and a Dense layer producing a
96-dimensional representation. The handcrafted branch
uses two Dense layers with 32 ReLU units each and
produces a 32-dimensional representation.

Lesion-shape branch
ABCDE-based features
L

FiLM-conditioned fusion
Tone-adaptive branch attention

/

Uncertainty head }

MC-dropout estimate

ABCDE aux head
Border & color regress

The three branch outputs are projected to 256 dimensions.
The scalar ITA input is passed through a 32-unit hidden
layer and a three-unit softmax layer. The three resulting
weights correspond to the spatial, frequency, and
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handcrafted branches. Their weighted sum forms the
fused representation.

The fused representation is conditioned using FILM. ITA
is transformed through a 64-unit hidden layer to generate
a 256-dimensional scale vector and a 256-dimensional
shift vector. The fused feature is multiplied by the scale
vector and added to the shift vector. Batch normalization
and dropout with a rate of 0.4 follow the FiLM operation.

The diagnosis head contains a Dense(128, ReLU) layer,
dropout with rate 0.35, and a five-unit softmax output.
The auxiliary head contains Dense(64, ReLU) followed
by a four-unit sigmoid output. The total objective is L_
total = L_diag + 0.3 L_aux, where L_diag is categorical
cross-entropy with label smoothing of 0.1 and L_aux is
mean squared error for the four handcrafted targets.

Component Implementation
Input 260 = 260 x 3 RGB
Spatial branch Multi-scale CNN, trained from
P scratch, Dense(256)
Frequency branch Single-level Haar DWT, 130 x 130 x
quency 4, CNN, Dense(96)
Clinical branch 4 handcrafted descriptors, MLP,
Dense(32)
. - Each branch projected to 256
Fusion projection di .
imensions
Adaptive gate ITA — Dense(32) — Softmax(3)
FiLM I"l-"A-cor}ditioned Y and 3, 256
dimensions
. . Dense(128) — Dropout(0.35) —
Diagnosis head Softmax(5)
Auxiliary head Dense(64) — Sigmoid(4)
Total parameters 897,164
Trainable parameters | 895,628

3.4 Training Procedure

The network was trained from scratch using Adam. The
first training stage used a learning rate of 1 x 10 and
was configured for up to 25 epochs. A second stage was
started with Adam at 1 x 10 and was configured for up
to 15 epochs. The batch size was 24 and the random seed
was set to 42. Class weights were calculated from the
training partition and applied to the diagnosis output
through per-example sample weights.

Early stopping monitored validation diagnosis
accuracy with a patience of six epochs and restored
the best weights. The best model was also saved using
model checkpointing. ReduceLROnPlateau monitored
validation diagnosis loss, reducing the learning rate by
a factor of 0.5 after three epochs without improvement,
subject to a minimum learning rate of 1 x 107. The first
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training stage reached a validation accuracy of 0.80957
at epoch 8 in the recorded run. The second stage later
reached a best validation accuracy of approximately
0.904 before early stopping restored the best recorded
weights.

3.5 Evaluation

After training, predictions were generated for every
batch in the validation dataset. Accuracy, per-class
precision, recall, F1-score, macro F1, macro recall, and
one-vs-rest macro ROC-AUC were calculated. A 5 x
5 confusion matrix was also generated. Because these
metrics were calculated on the same validation partition
used for model selection through validation monitoring
and checkpointing, they are reported as validation
performance rather than independent test performance.

The proposed architecture also contains an optional
Monte Carlo dropout function that performs 20
stochastic forward passes and computes mean class
probabilities and predictive entropy. This mechanism
was implemented as an uncertainty estimate but was not
used to change the reported classification metrics.

4. Results

The final recorded validation set contained 3,135
images. STAN achieved 90.40% accuracy, 90.32% macro
precision, 90.44% macro recall, 90.37% macro F1-score,
and 98.81% macro ROC-AUC.

Class Precision | Recall | F1-score | Support
Actinic Keratosis | 0.824 0.794 0.809 645
Basal Cell| § 850 0.860 |0.856 |616
Carcinoma

Melanoma 0.889 0.896 |0.892 632
Normal Skin 0.998 1.000 |0.999 663
Squamous  Cell | 555 0972 |0962 |579
Carcinoma

Macro average 0.903 0.904 |0.904 3135

4.1 Confusion Matrix Analysis

The confusion matrix contained 2,834 correct predictions
out of 3,135 validation images, corresponding to 90.40%
accuracy. Actinic Keratosis had the lowest recall, with
512 of 645 images correctly classified. The largest error
flow was from Actinic Keratosis to Basal Cell Carcinoma,
with 68 images assigned to BCC. A further 47 Actinic
Keratosis images were classified as Melanoma. Basal Cell
Carcinoma produced 59 errors toward Actinic Keratosis
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and 22 toward Melanoma. Melanoma produced 37
errors toward Actinic Keratosis and 23 toward Basal Cell
Carcinoma.

Normal Skin had 663 correct predictions out of 663
validation examples. Squamous Cell Carcinoma achieved
the highest recall among the malignant classes, with 563
of 579 images correctly classified. The concentration of
errors among Actinic Keratosis, Basal Cell Carcinoma,
and Melanoma indicates that the remaining errors are
not uniformly distributed across classes.

4.2 Interpretation

The validation results indicate that the proposed
architecture can learn useful representations from the
combination of image, frequency, and handcrafted
inputs. The high macro ROC-AUC suggests that the
model produced generally useful class probability
rankings, while the lower accuracy and macro F1 show
that some class boundaries remain difficult. In particular,
Actinic Keratosis was substantially harder to classify
than Normal Skin or Squamous Cell Carcinoma.

STAN — Confusion Matrix

Actinic Keratosis 68 47 [4] 600

Basal Cell Carcinoma -

Melanoma -

True

Normal Skin - -200

- 100
Squamous Cell Carcinoma -

Predicted

Because no component-level ablation study was
performed, the individual contribution of ITA-
conditioned gating, FiLM, the wavelet branch, and the
auxiliary loss cannot be isolated.

4.3 Comparison with Previous Work

Published skin-lesion results are difficult to compare
directly because studies use different datasets, class
definitions, preprocessing pipelines, data partitions,
and evaluation protocols. For that reason, the following
comparisons are contextual rather than claims of
superiority.

ISSN : 2395-1737




International Journal of Academic Research and Development (IJAR&D)

Study Dataset/task Accuracy (%) | F1/ other reported ROC-AUC

Fraiwan & Faouri [10] | HAM10000, 7 classes 82.90 F174.40 NR

Wang et al. [13] ISIC-2019, binary 90.67 NR >0.93

Tembhurne etal. [12] | ISIC-derived, binary 93.00 Recall: 99.7% benign / 86% | \ip

malignant

Adebiyi et al. [16] HAM10000 94.11 NR 94.26

Saeed et al. [19] ISIC-2018 93.20 P/R/F1: 93/93/93 97.30

Saeed et al. [19] ISIC-2019 91.10 P/R/F1:92/93/92 95.50
ISIC 2020, 5 classes;

STAN (this study) 3,135 validation 90.40 Macro F1 90.37 98.81
images

The STAN result is within the range reported in previous
skin-lesion studies, but the comparison should not
be interpreted as a benchmark ranking. The primary
purpose of the experiment was to evaluate the proposed
multimodal architecture under the selected five-class
setup.

5. Conclusion

This study developed and evaluated STAN, a multimodal
skin-lesion classifier that combines a custom spatial CNN,
Haar-wavelet features, handcrafted lesion descriptors,
ITA-conditioned branch gating, and FiLM conditioning.
The implementation also uses an auxiliary regression
objective to supervise the handcrafted representation.

Using 15,675 images from a five-class subset of the ISIC
2020 collection, the recorded experiment used a stratified
80:20 split and achieved 90.40% validation accuracy,
90.37% macro Fl-score, and 98.81% macro ROC-AUC.
The main classification difficulty was concentrated in
Actinic Keratosis, particularly its confusion with Basal
Cell Carcinoma and Melanoma.
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