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Abstract. This paper introduces a novel approach for skin cancer detection that
leverages both smartphone-captured images and clinical data. The proposed
method utilizes a parallel-hierarchical multi-task learning framework to clas-
sify skin lesion types and assess malignancy simultaneously. Compared to ex-
isting methods reporting false positive rates around 3.6% in the Melanoma Skin
Cancer dataset, our approach achieves a false positive rate of 8.2% while main-
taining a high true positive rate of 94.03% for malignant lesion detection. These
results demonstrate the potential of the approach to enhance diagnostic accu-
racy and support more effective treatment decisions in teledermatology settings.

1. Introduction

Early detection of malignant skin lesions is vital for survival. Balancing timely diagnosis
and avoiding unnecessary referrals is challenging, as false positives may lead to excision
of benign lesions [Al Zegair et al. 2023]. Although dermatoscopic tools aid diagnosis,
access to specialists is limited, especially in rural areas [Coustasse et al. 2019]. Teleder-
matology (TD) helps by enabling remote access to dermatologists, reducing delays and
improving care access [Khan et al. 2021].

Teledermatology allows remote consultation by capturing skin lesion images via
smartphones and sharing them with specialists. This enables primary care physicians to
collaborate with dermatologists. However, smartphone images often suffer from blurri-
ness, poor lighting, and varying lesion sizes. Despite these issues, TD effectively reduces
patient wait times and healthcare costs.

Recent deep learning advances have improved skin lesion classifi-
cation [Selvarajetal. 2024], but the scarcity of large annotated smartphone



clinical image datasets—especially in regions like Brazil—limits model gen-
eralizability [Pasquali et al. 2020]. Integrating contextual data such as pa-
tient metadata and lesion features has shown promise in enhancing classifica-
tion [Pacheco and Krohling 2020, Pacheco and Krohling 2021].

To address teledermatology challenges, we present a framework that combines
smartphone clinical images and patient metadata. Our parallel-hierarchical multi-task
learning independently processes skin condition classification and malignancy detection,
then fuses results hierarchically. The approach incorporates metadata-aware attention and
novel image enhancement techniques.

Experimental results demonstrate that our approach outperforms exist-
ing multimodal baselines, such as the MetaBlock proposed by Pacheco et
al. [Pacheco and Krohling 2021], achieving higher balanced accuracies of 92.7% and
77.65% for binary and 6-class classification tasks, respectively. These results underscore
the potential of our method to improve diagnostic accuracy and support more effective
treatment decisions in teledermatology settings.

2. Related Work

Deep learning has advanced skin lesion analysis by fine-tuning pretrained CNNs.
Performance depends on backbone, classification head, and dataset size. Popu-
lar models like ResNet [He et al. 2016], DenseNet [Huang et al. 2017], and Efficient-
Net [Tan and Le 2019] show strong results [Lanjewar et al. 2023]. Recent studies include
smartphone images [Roh et al. 2021], which increase access but face resolution and light-
ing challenges.

To improve skin lesion classification, hierarchical and multi-task learning ap-
proaches [Demyanov et al. 2017, Barata et al. 2021] leverage disease taxonomies but of-
ten depend on curated clinical datasets, limiting use in real-world settings. Recent
works [Kowacz et al. 2023] explore smartphone-acquired images, addressing challenges
like lighting and resolution, and emphasize the importance of camera standards for reli-
able performance in teledermatology.

To address these limitations and improve clinical relevance, multimodal learning
has gained traction by integrating clinical metadata—such as age, gender, and lesion loca-
tion—with image features [Liu et al. 2020, Pacheco and Krohling 2020]. Fusion strate-
gies vary from early concatenation of image and metadata features [Liu et al. 2020], to
mid-level or joint fusion via multi-task learning [Kawahara et al. 2018], and late-fusion
methods that maintain separate processing streams before merging [Wang et al. 2021].

Recent methods have aimed to improve modality fusion by modeling com-
plex interactions. Attention-based approaches like Metablock dynamically weight
metadata [Pacheco and Krohling 2021], while channel-wise modulation strategies like
Metanet enhance feature integration [Li et al. 2020]. However, many of these techniques
depend on dermoscopic images, limiting their applicability in real-world clinical settings.

3. The Proposed Framework

We propose a deep learning framework designed to enhance the accuracy of skin condi-
tion classification in teledermatology. The model processes smartphone-captured clinical



images and patient metadata as input and produces both disease-level classifications and
referral-level predictions for malignancy assessment. The main goal is to optimize perfor-
mance on the binary classification task, as this directly supports clinical decision-making
for determining whether a patient should be referred to a dermatologist.

3.1. The Parallel-Hierarchical Multi-Task Network

The proposed architecture processes an RGB image resized to 224 x224 x3 and a clinical
metadata vector as input. The resolution balances computational efficiency and perfor-
mance, trading off some image detail compared to higher resolutions like 256 x256 (PH2)
or 512x512 (Derm7pt). The metadata vector includes seven binary features encoded as
0 (true), 1 (false), and 0.5 (unknown), and supports numerical and categorical data via
one-hot encoding for flexibility.

The image branch uses a shared backbone to generate a feature map of size
h x w x C,, which is split into two task-specific branches. These are later fused with
corresponding clinical data streams. The clinical branch consists of fully connected (FC)
layers. The input 1 x C'. metadata vector is passed through a shallow sub-network that per-
forms feature adjustment (FA) by using two FC layers with ReLu activation and dropout,
producing a 1 x |C, /2] tensor (see Figure 1, green box), which encodes common features
for the 2- and 6-class problems. This tensor is fed into two FC layers (one per task), each
outputting 1 x C, vector with sigmoid activation. These act as per-channel weights for
fusing clinical data with corresponding task-related branches from the image backbone.
Finally, each branch is passed through a classification head: one for six disease classes y;
and another for the binary referral decision z;.

To improve information flow across backbone channels, we adopt a channel atten-
tion mechanism inspired by Squeeze-and-Excite [Hu et al. 2018], replacing the standard
Global Average Pooling (GAP) as suggested in [Tang et al. 2019]. Given an input tensor
of size h x w x C, and a target of N output classes, the proposed SE-CAM (Squeeze-
and-Excite Class Activation Map) head consists of two branches. The first branch applies
spatial GAP to obtain a 1 xC, tensor followed by two fully connected layers that reduce
itto1 x |C,/16] and then expand it to 1 x NN, followed by a sigmoid activation. The
second branch uses a 1 x 1 convolution to adjust the input features, producing a h x w x N
tensor. This is then multiplied channel-wise with the output of the first branch. Finally, a
GAP layer followed by a softmax yields a 1 x N vector with per-class scores. A visual
overview of the SE-CAM module is shown in the center of Figure 1 (cyan block).

The architecture produces two separate classification heads: one for the 6-class
task and another for the binary task. However, the binary prediction can also be de-
rived from the multi-class output. Specifically, the sum Z?:1 y; aggregates the scores
for benign classes (ACK, NEV, SEK), while 2?24 y; does so for malignant classes
(BCC, MEL, SCC). These values are computed using a sum-pooling layer with a stride
3 (gray box in Figure 1) applied to y;. To enhance binary classification, we average
these pooled scores with the outputs from SE-CAM(2): 2} = (2 + 3.0, %:)/2 and
zh = (20 + Z?: 4 Yi)/2. This produces the final binary output z; which behaves like a
softmax output (i.e., 2 + 25 = 1).
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Figure 1. The proposed network architecture for multi-task skin lesion classifi-
cation using images and clinical data (number of channels based on an
EfficientNet-B4 backbone).

3.2. Multi-task loss

The proposed architecture produces two output tensors: y; for ¢ = 1,--- 6 related to
the 6-class problem, and 2] for ¢ = 1,2 related to the binary problem. They are fed to
loss functions L4 and L5, respectively, which are defined as weighted categorical cross-
entropies to cope with class imbalance. Let /NV; denote the number of training samples
for class 7 in the 6-class problem. The number of samples for the binary problem are
N| = Z?:1 N; and Nj = Zf: 4 IV; for the benign and malignant classes, respectively.
Also, let N = > N; denote the total number of training samples. The weighted cross-
entropy loss functions are defined as

6 2

N N |
Lo =— Z N i logyi, Lo=— Z FZ; log z, (1)

i=1 Y i=1 "¢

where ¢; and 2/ are one-hot-encoded GT labels related to the 6-class and binary problems,
respectively. The final loss is simply a weighted combination of the two tasks, given by

L=wls+ (1 —w)ls, )

where w € [0, 1] controls the relative weight of the six-class loss (we empirically selected
w = 0.5).

3.3. Augmentation Strategies

To address the limited size of clinical image datasets and reduce overfitting, data aug-
mentation plays a critical role. Although generative methods, such as GAN, have been
explored, they are often computationally expensive and exhibit limited effectiveness for
skin lesion classification [Bissoto et al. 2021]. Instead, we adopt a policy based on primi-
tive transformations, each defined by a probability of application and a discrete magnitude



parameter M € 0,1, ..., 10 that modulates its intensity. Null probability disables a prim-
itive. We build on RandAugment [Cubuk et al. 2020] to define and scale transformation
intensities linearly with M. Figure 2 illustrates an example using three selected primi-
tives.

Baseline primitives include horizontal and vertical image flipping (no magnitude
needed) and a combined crop-and-scale transformation implemented as an affine oper-
ation. The latter randomly varies the scaling factor s within [1 — As, 1 + As|, with
As = 0.5, and applies random offsets in both spatial directions within half the image
width or height, respectively. These values are scaled according to the selected magni-
tude M.

To better simulate the conditions encountered during real-world clinical capture,
we introduce tailored augmentation primitives. First, we propose out-of-plane rotations
using a planar homography that emulates 3D camera rotation. Yaw, pitch, and roll angles
(o, B,7) are sampled uniformly within (£45°, £45°,+180°) and scaled with M. These
help model acquisition angles that deviate from a frontal view, which is common in clin-
ical settings. The experimental evaluation demonstrated that an in-plane rotation of 30°
yielded the best results for DenseNet-121, ResNet-50, and EfficientNet-B0. This aligns
with previous studies showing that moderate rotation angles (e.g., 15° to 30°) effectively
augment dermoscopic images by simulating realistic variations in capture angles, enhanc-
ing model robustness without excessive distortion [Esteva et al. 2017, Zhu et al. 2020].

[llumination and color variations common in clinical images are simulated us-
ing a multiplicative bilinear map on the luminance channel in HSV space. Illumination
factors are randomly sampled at three boundary points, with mild hue and saturation per-
turbations added. Gaussian blur mimics defocus from fixed-distance smartphone capture.
Although AdaIN [Huang and Belongie 2017] could normalize color, it was avoided due
to its high computational cost and the effectiveness of simpler augmentations.

We also include primitives that improve regularization without distorting clinical
features. Gaussian noise, sampled with o,, € [0, 0.2], is uniformly added to RGB channels
to simulate sensor noise and improve the robustness of the model. Lastly, we employ
Cutout, where a rectangular patch of random size (up to half the image width and height)
is removed from the image. Unlike DropBlock, Cutout does not require architectural
changes and serves as an effective regularizer [Harun et al. 2022].

We did not apply other transformations, such as shearing, solarizing, or contrast
shifting, as they may overly distort the lesion’s shape or color, which are essential for ac-
curate diagnosis. Instead, we focused on augmentations that simulate realistic acquisition
artifacts or improve generalization without compromising lesion integrity.

(d)

Figure 2. Sequential image augmentation. (a) Original image. (b) Cutout. (c)
Horizontal Flip. (d) Color and lllumination changes.



3.3.1. Metadata augmentation

Metadata in this work refers to binary clinical features identified by primary care doctors,
based on patient feedback. There may be missing or inaccurate data, so we propose an
augmentation scheme for the metadata branch to reduce bias or overfitting.

Given a binary metadata x € 0,1, we define a tolerance ¢ > 0 and generate a
random variable v(z) with uniform distribution ¢/ (0, ¢). The augmented metadata z’ is
then defined as:

, f1—v(x) ifzx=1
x_{l/(l‘) if t=0" )

This formulation introduces uncertainty into the original binary values. Although
metadata related to actual patients must be either 1 (true), O (false), or 0.5 (unknown), we
believe that the proposed augmentation scheme can act as a regularizer for the network.
In fact, the CutMix augmentation strategy for images [Yun et al. 2019] also generates
unrealistic images at training time and achieves better regularization. Unlike image aug-
mentation primitives, we did not set different magnitude values and used € = 0.2. Also,
metadata augmentation is applied with a probability of 0.5.

3.4. Datasets

Most skin lesion classification methods rely on high-quality dermoscopic datasets like
HAM10000 [Tschandl et al. 2018] and BCN20000 [Combalia et al. 2022], which suffer
from bias [Bissoto et al. 2020] and degrade significantly when applied to low-quality
images typical in teledermatology [Maier et al. 2022]. Clinical image datasets such as
SD-198 [Kinyanjui et al. 2020], SD-260 [Yang et al. 2019], and others [Wall et al. 2020,
Groh et al. 2021] often lack metadata, availability, or are not optimized for real-world
settings.

The PAD-UFES-20 dataset [Pacheco et al. 2020] contains 2,298 smartphone-
acquired clinical images from 1,373 patients across six lesion types: Actinic Kerato-
sis (ACK), Nevus (NEV), Seborrheic Keratosis (SEK), Basal Cell Carcinoma (BCC),
Melanoma (MEL), and Squamous Cell Carcinoma (SCC). Although class distribution is
imbalanced, benign (ACK, NEV, SEK) and malignant (BCC, MEL, SCC) categories are
balanced in the binary setting. Metadata includes seven dermatologically relevant binary
clinical features. The images were captured using various smartphone models without
standardized camera settings, reflecting real-world variability in resolution, focus, and
lighting conditions.

We used the ISIC 2019 dataset to evaluate our architecture. This public resource,
part of an ongoing challenge since 2016, combines BCN20000 [Combalia et al. 2019] and
HAM10000 [Tschandl et al. 2018] with 25,331 training and 8,238 validation samples. It
includes clinical characteristics like age, sex, and anatomical region, along with eight
types of skin lesions: MEL, NEV, BCC, ACK, Benign Keratosis (BKL), Dermatofibroma
(DF), Vascular Lesion (VASC), and SCC. For testing, only MEL, SCC, and BCC were
considered malignant, and ACK, NEV, and BKL were considered benign.

ISIC and PAD-UFES-20 differ in image type (dermoscopic vs. clinical) and meta-



data availability (3 vs. 21 features). To unify metadata, we converted anatomical location
into boolean features indicating lesion presence.

3.5. Training and Inference Details

The PAD-UFES dataset lacks predefined splits, so we use 5-fold cross-validation for ro-
bust evaluation. Each classifier is trained on five folds, with 12.5% of each training fold
reserved for validation—yielding roughly 70% training, 10% validation, and 20% testing.

We used ImageNet-pretrained backbones, freezing the first three layers, combined
with multi-task classification heads trained from scratch on image and clinical data. Mod-
els trained for 150 epochs with Adam optimizer and tuned hyperparameters. Learning rate
was adjusted during training, and the best weights selected based on validation accuracy.
Early stopping with 25-epoch patience was used to prevent overfitting.

We used a data augmentation policy with A = 3 primitives and M = 7 mag-
nitudes, selected experimentally without exhaustive tuning. During inference, test-time
augmentation (TTA) averaged predictions over 15 augmented image versions. To main-
tain consistency, cutoff and clinical data were excluded from TTA.

4. Results and discussion

We present a comparative analysis of different backbone architectures against meth-
ods that incorporate both images and clinical data, such as Metanet [Li et al. 2020] and
Metablock [Pacheco and Krohling 2021].

4.1. Backbone Analysis and Ablation Studies

We first evaluated the impact of different backbone architectures. Due to data limita-
tions, convolutional networks were favored over transformers [Dosovitskiy et al. 2021].
We tested DenseNet-121 [Huang et al. 2017], ResNet-50 [He et al. 2016], and Efficient-
Net variants [Tan and Le 2019]. An ablation study further examined the contributions of
test-time augmentation (TTA), clinical metadata, and the SE-CAM classification head.

Table 1 reports model size, training accuracy, and average balanced accuracy
across five folds, with and without TTA. TTA consistently improved performance, lead-
ing to the selection of EfficientNet-B4 with TTA. Including patient and lesion metadata
further boosted results, aligning with prior findings [Gessert et al. 2019]. Excluding meta-
data reduced accuracy by 5% (binary) and 7% (six-class), despite the “Clinical image”
branch alone achieving good results with a smaller model.

Lastly, replacing the SE-CAM head with a fully connected layer plus dropout
(rate 0.4) showed inferior performance across all metrics (Table 1), especially for six-
class balanced accuracy with TTA, confirming the effectiveness of SE-CAM.

4.2. Comparison with other methods

We thoroughly evaluated our approach against state-of-the-art multimodal methods, fo-
cusing on per-class recall for binary classification—a key metric in teledermatology.
While balancing false negatives and false positives is crucial, detailed analysis of this
trade-off is beyond this study’s scope.



Table 1. Our results using PAD-UFES-20 dataset (average of 5-fold cross-
validation test subsets) for the 2- and 6- class problems using different
backbones and ablation parameters

2*Backbone Model | Train | Train | 2*Bal Accy | Bal Accy | 2*Bal Accg | Bal Accg
Size Accy | Accg (TTA) (TTA)
Resnet-50 21.30M | 99.15 | 97.76 89.29 90.85 70.02 73.13
Densenet-121 | 8.21IM | 98.67 | 96.95 90.16 90.74 71.24 72.56
Effnet-BO 5.95M | 98.78 | 96.52 91.65 92.30 75.30 75.53
Effnet-B1 8.46M | 97.97 | 93.65 92.02 92.12 72.80 75.26
Effnet-B2 10.04M | 98.21 | 93.77 92.41 92.64 75.27 76.35
Effnet-B3 13.47M | 98.16 | 93.41 92.03 92.17 74.35 75.78
Effnet-B4 20.30M | 97.44 | 93.74 92.39 92.75 76.43 77.65
Result using only images
Effnet-B4 ‘ 20.30M ‘ 97.00 ‘ 92.64 ‘ 86.74 ‘ 87.77 ‘ 69.40 ‘ 70.35
Result using a Fully Connected classification head
Effner-B4 [ 19.80M [97.71[9280 ] 91.80 [ 9236 | 7596 [ 76.49

For fair comparison, we evaluated two metadata-driven architectures—Metanet
and Metablock—based on EfficientNet-B4, in both 6-class and binary tasks. Our training
followed [Pacheco and Krohling 2021] with matched metadata handling and augmenta-
tion adapted for real-valued features. Hyperparameters were consistent, and we used full
5-fold cross-validation instead of a fixed test fold.

Table 2 reports the accuracy for cancer and non-cancer classes, with the best class-
wise results highlighted, as well as the balanced accuracy for the 6-class task and the
AUC, all presented with mean and standard deviation. Training a dedicated binary clas-
sifier outperformed inferring binary labels from a 6-class model. Multi-task learning led
to improved recall and overall accuracy. Test-time augmentation (TTA) further boosted

cancer recall and 6-class balanced accuracy, although it introduced higher variance across
folds.

Table 2. 5-Fold Accuracy Mean and Standard Deviation Results for Different Ap-
proaches Using PAD-UFES-20 Dataset

benign ‘ cancer ‘ Bal Accg ‘ AUC
1. Our approach without TTA

93.30 + 0.95 ‘ 91.48 + 0.82 ‘ 76.43 + 3.10 ‘ 95.60 + 3.23
2. Our approach with TTA

94.03 + 1.02 ‘ 9148 + 1.20 ‘ 77.65 + 3.98 ‘ 90.43 +3.12

3. Metablock (six-class — two-class)

85.96 + 3.47 ‘ 86.84 +4.27 ‘ 64.82 +5.19 ‘ 87.05 +4.55
4. Metablock (two-class)

84.10 +2.70 ‘ 83.14 +4.68 ‘ - ‘ 80.57 + 4.40

5. Metanet (six-class — two-class)
91.18 £3.27 [ 89.32 £2.52 [ 72.75 £ 3.70 [ 90.43 + 3.11
6. Metanet (two-class)
89.62 4+ 4.60 ‘ 87.52 +3.48 ‘ - ‘ 88.08 +3.43

We applied the pairwise Wilcoxon signed-rank test [Wilcoxon 1945] on six mod-
els using balanced accuracy for binary and 6-class tasks. Figure 3 shows p-values, with
significant differences at the 5% level highlighted in green. Our method with test-time
augmentation (TTA) outperformed others, though not significantly. Results should be
interpreted cautiously due to small sample size. Models 4 and 6 lacked 6-class results.

Our study also evaluated our method on the ISIC 2019 dataset, which does not
include clinical metadata. To adapt it, we converted metadata fields into binary indicators



by transforming rows into columns. Table 3 highlights the top-performing results. For
comparison, Pacheco et al. [Pacheco and Krohling 2021] reported 80.7% accuracy and
76.2% balanced accuracy using Metablock with EfficientNet-B4 on this dataset.

(a) 2-class Balanced Accuray (b) 6-class Balanced Accuray

Figure 3. p-values (in %) for pairwise Wilcoxon tests comparing all six methods
shown in Table 2.

Table 3. Per-fold accuracy results for ISIC 2019 dataset using EfficientNet-B4.

Fold ‘ benign ‘ cancer ‘ Bal Acc, ‘ AUC
1. Our approach with TTA

1 88.03 86.92 84.93 95.50

2 87.76 84.88 83.22 90.04

3 87.74 87.09 83.07 91.25

4 82.59 89.80 77.72 89.90

5 76.96 87.42 79.46 87.39
pto| 84.61 £4.84 | 8722+ 1.75 | 81.68 £ 2.66 | 90.02 £ 3.08

5. Conclusion

We propose a novel skin lesion classification method combining clinical images and pa-
tient metadata, designed for teledermatology. It supports disease categorization and bi-
nary classification to aid referrals, using image augmentation and a channel attention-
based classification head to improve performance.

On the PAD-UFES-20 dataset, our method achieved a 94.03% true positive rate
and 8.52% false positive rate for malignant lesion detection, outperforming many tradi-
tional diagnostics. The model’s flexibility allows adjusting the false positive—false nega-
tive tradeoff to suit various healthcare settings.

Future work includes integrating unstructured clinical text data to improve di-
agnostics and collaborating with TelessaideRS to create a curated annotated skin lesion
dataset. We aim to support primary care and enhance dermatological care with accessible,
robust Al tools.
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