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Multimodal skin lesion classification using deep learning
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Abstract
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While convolutional neural networks (CNNs) have successfully been applied for skin
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lesion classification, previous studies have generally considered only a single clinical/
macroscopic image and output a binary decision. In this work, we have presented a
method which combines multiple imaging modalities together with patient metadata
to improve the performance of automated skin lesion diagnosis. We evaluated our
method on a binary classification task for comparison with previous studies as well as
a five class classification task representative of a real-world clinical scenario. We
showed that our multimodal classifier outperforms a baseline classifier that only uses
a single macroscopic image in both binary melanoma detection (AUC 0.866 vs 0.784)
and in multiclass classification (mAP 0.729 vs 0.598). In addition, we have quantitatively showed the automated diagnosis of skin lesions using dermatoscopic images
obtains a higher performance when compared to using macroscopic images. We performed experiments on a new data set of 2917 cases where each case contains a
dermatoscopic image, macroscopic image and patient metadata.
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1 | I NTRO D U C TI O N

In previous studies, teledermatology guided referrals using dermatoscopy have been shown to be accurate,[8] reduce burden on

Dermatoscopy is regarded as the state of the art technique in

healthcare systems, and reduce waiting times for necessary skin

skin cancer screening which provides a higher diagnostic accu-

cancer surgery.[9] Automated classification systems can be one tool

racy than the unaided eye.[1,2] Increasing the sensitivity for diag-

to help quickly screen a large number of patients and identify those

nosing melanoma is key as detecting melanoma in an early stage

most at risk. This may help to reduce unnecessary visits to the clinic

can decrease the mortality rate.[3] Although the incidence rate of

and allow skin cancer to be detected while it is still at an early stage.

melanoma is increasing,[4] keratinocyte cancer such as squamous

Automated analysis of dermatoscopic images, specifically with

cell carcinomas (including actinic keratoses and Bowen’s disease)

neural networks, has been studied for many years[10] but recently

[5]

While those

gained traction with promising results when compared against

diseases rarely result in fatal outcomes compared to melanoma,

physicians.[11] Clinical close-
up (macroscopic) images can also be

the economic burden has been shown to be one of the highest for

harnessed for evaluation by a neural network for diagnosing skin

and basal cell carcinomas are far more common.

[6]

Especially for basal cell carcinomas, costs rise

cancer; however, this technique has been demonstrated to provide

significantly if they have to be treated in an advanced stage due to

lower accuracy when predicting multiple disease classes.[12] In a

Medicare patients.
delayed diagnosis.

[7]

clinical practice, dermatologists very rarely evaluate only one image
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modality but rather see patients in person across one or more visits.
Thus, physicians are able to combine a dermatoscopic view with a
clinical view and patient information (eg, time of onset, change of
lesion, approximate age, gender and location of the disease) in their
analysis of each lesion. The availability of multiple feature sources is
equally true for most teledermatoscopy evaluations as well.[9]
The focus of this work is to explore the importance of the dermatoscopic imaging modality specifically in conjunction with its
macroscopic counterpart for the task of automated lesion diagnosis. We also include comparisons with previous studies that leverage
patient-level metadata as this has been shown to improve diagnostic
accuracy.[13] Our network architecture, shown in Figure 1, is chosen
using a grid-search technique while trying to maintain overall simplicity where possible. We employ two ResNet-50[14] convolutional
neural network (CNN) architectures followed by a late fusion tech-

F I G U R E 1 Diagram of network architecture for multimodal
classification

nique to combine features. We show through our experiments that,
just as physicians are able to integrate an abundance of data when

dermatoscopic and macroscopic images of the same lesion in a chal-

making a diagnosis, it is beneficial for our network to integrate data

lenging data set of nonpigmented cases. This supports previous

from multiple modalities.

findings which report higher diagnostic accuracy of physicians when
using dermatoscopy as opposed to only using the unaided eye.[16]

2 | R E L ATE D WO R K
2.1 | Macroscopic image analysis

2.2 | Dermatoscopic image analysis
There were early efforts to apply neural networks to dermatoscopic
skin lesion classification[10]; however, the subsequent years focused

Breakthroughs in classifying macroscopic images have recently been

mainly on image processing techniques[17–19] and techniques for fea-

made by two studies. The first, by Esteva et al[12] collected over

ture extraction.[20–22] In recent years, there has been a shift back

100 000 macroscopic images from undisclosed online databases and

towards the end-to-end application of neural networks.[11–13,15,23]

the Stanford University Medical Center. From this, they fine-tuned

This is largely thanks to an exponential increase in GPU computing

an Inception-V3 network to distinguish between a variety of skin

capability as well as an overall improvement in the effectiveness of

conditions. Instead of using a flat class-partitioning scheme, they

convolutional neural networks (both through significant research in

employed a hierarchical partitioning algorithm using a taxonomy tree

network design[14,24,25] and the curation of large data sets such as

to balance an otherwise imbalanced data set. The algorithm selects

ImageNet[26]). This interest has been further fuelled by the efforts of

a class label from nodes in the tree whose aggregated descendants

the International Skin Imaging Collaboration (ISIC) who have suc-

have sufficient images on which to train. Since their taxonomy tree

cessfully released thousands of high-quality images to the public.

was not made public we were unable to compare against their work.

Through the ISIC-archive2 images are publicly available along with a

Once trained, their network performed on par with board-certified

diagnosis, metadata and segmentation masks. In the most recent ISIC

physicians at detecting keratinocyte cancer or detecting melanoma

challenge[11] an ensemble model combining several of the most ac-

in a binary classification setting.

curate neural networks was able to outperform dermatologists on

The second, and more recent study is by Han et al[15] who re-

binary classification tasks.[23]

ported on a collection of over 20 000 macroscopic images covering
12 disease classes1 from their own proprietary data set as well as
publicly available data sets. They employed fine-
tuning from a

2.3 | Modality fusion

pretrained model (while freezing early layers) using a deep

Previous works demonstrate the ability of neural networks to lever-

ResNet-152[14] architecture trained on manually cropped images.

age additional data by integrating multiple modalities into a general

Similar to Esteva et al., they achieved a classification accuracy which

framework.[11,27,28] Furthermore, each modality does not need to

was competitive with trained physicians; the Top-1 accuracy ranged

belong to the same domain; fusion has been explored across differ-

between 55% and 57.3% across different subsets.

ent image domains[28] as well as across textual domains representing

Regarding human performance, a recent study from Sinz

semantic information[29] and metadata,[11,13] The integration of these

et al[2] reported increased accuracy of physicians who view both

modalities can occur at different stages in a pipeline depending on

1

Actinic Keratosis, Basal Cell Carcinoma, Dermatofibroma, Hemangioma, Intraepithelial
Carcinoma (ie, Bowen’s disease), Lentigo, Melanoma, Nevus, Pyogenic Granuloma,
Squamous Cell Carcinoma, Seborrhoeic Keratosis and Wart.

what information is present. For example, pixel-level image fusion
2

https://isic-archive.com.
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has been widely explored in radiology whereby multiple registered

diagram of the complete network architecture used when all modal-

images containing different signals are combined prior to being in-

ities were present.

troduced to the model.[30,31] Late stage feature fusion techniques
such as bilinear-gating[32] show slight improvements over more basic
techniques such as max-pooling.

3.3 | Full multimodality classification
When all three modalities (macroscopic image, dermatoscopic image

3 | M E TH O DS
3.1 | Data set

and metadata) were present we created a network that is composed
of two towers of the image feature extraction network, one for
dermatoscopic images and one for macroscopic images. In our experiments, we observed that letting each tower learn its own set

The original histopathologic diagnoses of images found in our data

of parameters as opposed to sharing weights between them led to

set spanned many fine-grained classes and were aggregated into a

better performance. To perform multimodality classification, we use

higher level disease class through manual inspection by a derma-

a late fusion technique[34] in our network: after each image was sent

tologist; we only used disease classes with more than 100 cases.

through its respective feature extraction tower the image feature

Only cases that contained metadata, a macroscopic image, a der-

vectors were concatenated together with the metadata feature vec-

matoscopic image and a histopathological diagnosis were retained.

tor and sent through the embedding network.

Notably, the cases found in our data set are inherently challenging;
all cases include a histopathological diagnosis which indicates that,
after a physical examination by an expert dermatologist using der-

3.4 | Partial multimodality classification

matoscopy, excision was believed to be necessary in order to con-

In the case where only one image modality (either dermatoscopic or

firm a diagnosis. Through repeated manual screening of all images,

macroscopic) and metadata was present for classification we omit-

we only selected cases where images are of sufficient quality and

ted the other tower from the full network. We therefore calculated

free of any identifiable features (ie, eyes, multiple facial landmarks,

only a single image feature vector and concatenated it with the

jewellery or parts of a garment). We did this in an attempt to re-

metadata feature vector before sending it through the embedding

move any possible biases from the data set; as for example, basal

network.

cell carcinomas (BCCs) may be more commonly found on the nose
and therefore the network may learn to predict BCC if a nose is visible. The final data set is composed of 2917 cases, from five classes

3.5 | Single image classification

(naevus, melanoma, basal cell carcinoma, squamous cell carcinoma,

When only one image modality was present for classification with-

pigmented benign keratoses (bkl)), see the Appendix S1 for more in-

out metadata, the image was simply passed through our image fea-

formation on the diagnosis included in these classes.

ture extraction network and the image feature vector was then sent
through the embedding network. In our experiments, we found that

3.2 | Network architecture

the addition of the embedding network for single image classification
achieved similar results compared to a standard ResNet-50 network.

To obtain image features we used a modified ResNet-50 architecture.[14] The softmax and 1000 dimensional fully connected layer
were removed from the end of the network, and the flattened output

3.6 | Evaluation metrics

from the average pooling layer was used as our 2048-dimensional

Achieving a high classification performance on all classes is desir-

image feature vector. We refer to this as our image feature extrac-

able, but correctly predicting all skin malignancies, especially tumors

tion network. Transfer learning was used to combat common prob-

with a high mortality rate (ie, melanoma), is much more important

lems, such as over-fitting, which come along with having a relatively

than incorrectly predicting a benign lesion. In an effort to address

small data set with which to train a neural network. We initialized

both paradigms we report mean average precision (mAP), Top-1

the weights of the image feature extraction network from a model

Accuracy (Top-1 Acc) as well as the area under the ROC curve for de-

that had been pretrained for the task of 1000-way classification on

tecting melanoma (AUCMelanoma) or any kind of skin cancer (AUCCancer).

ILSVRC 2015.[33] In order to leverage data from different modalities
we chose to perform late fusion using an embedding network composed of two 1024-dimensional fully connected layers with a ReLU
activation function[27] and a 5-way softmax layer. See Appendix S1
for more details on deciding the depth and width of the layers in the
embedding network and parameters used to train the network.

4 | R E S U LT S
4.1 | Metadata only classification
To evaluate the performance of metadata without any image in-

The network architecture changed slightly depending on the

formation we trained a random forest classifier to predict the di-

modalities being used. Parts of the network were omitted if a given

agnosis of a single lesion based on age, gender and body location.

modality was not being used in an experiment. Figure 1 shows a

We chose random forests for their desirable property of calculating
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TA B L E 1 Performance of different modality combinations on a
held-out test set. Values depict mean (standard deviation) from
fivefold cross-validation. Values in bold show the best modality
combination for every network and metric.
Top-1
Acc

mAP

AUCMelanoma

AUCCancer

0.402
(0.005)

0.634
(0.010)

0.810
(0.004)

0.647
(0.016)

0.598
(0.009)

0.784
(0.005)

0.858
(0.007)

macro + meta

0.645
(0.009)

0.603
(0.012)

0.794
(0.011)

0.862
(0.004)

dsc

0.705
(0.013)

0.682
(0.015)

0.830
(0.010)

0.870
(0.007)

dsc + meta

0.700
(0.008)

0.672
(0.008)

0.832
(0.005)

0.871
(0.004)

dsc + macro

0.716
(0.012)

0.720
(0.011)

0.846
(0.007)

0.888
(0.005)

dsc + macro +
meta

0.719
(0.011)

0.714
(0.007)

0.849
(0.010)

0.881
(0.004)

0.544
(0.006)

CNN – with embedding network
macro

reflects a competitive performance in automated dermatoscopic skin
lesion classification. However, we note that the focus of this paper
was not to achieve the best possible single-
image classification
performance.
no detrimental effect on the overall performance, we repeated experiments for all modality combinations by directly classifying the
images without using an embedding network. This would be equiv-

CNN – no embedding network
macro

of the network trained on our data set in the following experiments

In order to ensure that the addition of the embedding layers have

Random forest classifier
meta

submissions.[11] From this, we infer that the single-image performance

alent to a standard ResNet-50 architecture modified for 5-way classification on a single image. Results in Table 1 show consistently
higher performance across almost all metrics when an embedding
network is used.

4.3 | Multimodal network performance
Results show that combining dermatoscopic with macroscopic images can increase the accuracy of skin lesion classification with a
summary of experimental results shown in Table 1. Looking at
the embedding network results, distinguishing melanoma from
non-melanoma (AUCMelanoma) improves from 0.831 (dsc) to 0.866
(dsc + macro), Figure 2). There is, however, a slight decrease in per-

0.647
(0.010)

0.598
(0.005)

0.791
(0.009)

0.854
(0.004)

macro + meta

0.652
(0.005)

0.604
(0.009)

0.787
(0.007)

0.859
(0.004)

dsc

0.707
(0.010)

0.669
(0.010)

0.831
(0.004)

0.871
(0.004)

dsc + meta

0.701
(0.011)

0.691
(0.014)

0.840
(0.008)

0.872
(0.005)

dsc + macro

0.721
(0.007)

0.726
(0.012)

0.866
(0.006)

0.888
(0.005)

squamous cell carcinomas. In both cases where metadata is added

dsc + macro +
meta

0.720
(0.007)

0.729
(0.009)

0.861
(0.006)

0.888
(0.002)

basal cell carcinomas but also begins to misclassify more squamous

formance once metadata was added to 0.861 (dsc + macro + meta).
Combining dermatoscopic and macroscopic images also improves
performance for multiclass classification with an increase in mAP
from 0.669 (dsc) to 0.726 (dsc + macro, see Figure 3). The addition
of metadata slightly boosted the mAP to 0.729 (dsc + macro + meta).
Confusion matrices shown in Figure 4 reveal that the addition
of the macroscopic modality (dsc + macro) primarily helps to classify
(dsc + meta, dsc + macro + meta) we can see that it helps to classify
cell carcinoma as basal cell carcinoma.

feature importance. After searching for optimal parameters through
an extensive fivefold cross-validation grid search, the random forest

5 | D I S CU S S I O N

model resulted in a mAP on the test set of 0.402. Feature importance
inspection revealed that age and the head/neck/face location were

Multimodal image analysis is a common technique employed across

the most influential features in metadata-only prediction. We also

the domain of radiology images where it can often be translated into

tried using only the embedding network for metadata classification

a channel-wise fusion technique thanks to the registered nature of

however it resulted in a slightly lower mAP of 0.391.

the images. In contrast, our modalities are distinct to the extent that
no image registration readily exists; therefore we opt to combine

4.2 | Single image classification

modalities in some common latent space.

To ensure that our single image tower model has a comparable perfor-

count, proportion of dysplastic nevi, personal history and family

mance to existing state-of-the-art models we fine-tuned it on the ISIC

history of melanoma with a neural network-b ased classifier. By

2017 classification challenge training data. We compare results to the

using this metadata they increased their AUC for distinguishing

“ISIC 2017 Part 3: Lesion Classification -Final test submission” leader

nevi from melanoma from 0.942 to 0.968. In our experiments, the

3

Previously, Binder et al[35] combined age, body site, naevus

board. After training, we reached an average AUC of 0.858, placing

inclusion of the metadata fields age, location and sex did not sig-

the base model among the top 30% of the ISIC 2017 ranked

nificantly improve accuracy for pigmented skin lesions (Figure 4).
Thus, we infer that the other clinical attributes which are known

3

https://challenge.kitware.com/#phase/584b0afccad3a51cc66c8e38.

to indicate higher melanoma risk (naevus count, proportion of
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Kharazmi et al[13] added age, gender, location as well as lesion

ROC (melanoma)

1.0
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size and elevation to features extracted from a sparse autoencoder
in a binary bcc vs non-bcc classification task. The accuracy of detecting bcc was improved from 0.847 to 0.911, clinical metadata

0.8

alone achieved an accuracy of 0.756. The location metadata values

True positive rate

“head/neck/face” and “age”, being markers for sun-damaged skin,
seem to be important factors when trying to solve a binary decision

0.6

of “bcc versus benign non-bcc diagnoses”, for our more challenging
5-way classification we suspect it becomes less informative. The
authors in Ref.[13] describe their fusion step as integration of clinical

0.4

macro
macro + meta
dsc
dsc + meta
dsc + macro
dsc + macro + meta

0.2

0.0
0.0

0.2

0.4
0.6
False positive rate

0.8

1.0

F I G U R E 2 ROC curves for all image modality combinations for
distinguishing melanoma from non-melanoma on the test set using
embedding network

information to a “feature set” before the softmax layer. If we infer
this to be a simple concatenation of feature vectors, this method
is similar to our setup without the added fully connected embedding layers (corresponding to “No Embedding” in Figure S1). While
we cannot compare our system directly, Table S2 shows results
of our proposed architecture when restricting our test data set
and predictions to the diagnoses that were mentioned by Ref.[13]
Interestingly, diagnosing using only clinical metadata results in very
similar performance. However, since our dermatoscopic single-
modality network performs better than their sparse autoencoder,
we suspect there is little value adding clinical metadata to increase
accuracy further.
Finally, Ge et al[36] described the automated analysis of clinical
and dermatoscopic images by using the average output of two separate networks, siamese networks, or training of a third network of
fused feature maps. They achieved up to 8% increase in accuracy at a
multi-t ask problem, with their data set incorporating expert-labelled
data without pathologically verified cases. Lack of description where
feature maps originate from, which network architecture was used,
how fusion was performed exactly and use of proprietary data impedes making direct comparisons to their result.
For single-image classification the test set predictions showed that
the automated classification of dermatoscopic images yielded consistently higher performance when compared against macroscopic

F I G U R E 3 Mean average precision (mAP) of different modality
combinations for all five disease classes. Box plots include results of
fivefold cross-validation with each trained model evaluated on the
same held-out test set

images; similar to what is known from previous work with human participants.[2,16] Even more important for clinical application, dermatoscopic
images may incorporate less variability than macroscopic images since
size, lighting and distance are generally restricted at the hardware level.
It is worth noting, for comparison with other studies using clinical images, that we did not manually crop any of our images while
creating the data set. The images used in our data set were captured
centred on the lesion so instead we chose to automatically crop the
largest square from the centre of our images. Previous work from
Han et al[15] also report that they manually cropped every image in

F I G U R E 4 Class confusion matrix normalized by the ground
truth label from models trained on various combinations of
modalities

their data set to ensure that the lesion in question is centred in the
image. Their public model (https://modelderm.com/) also gives strict
definitions on the amount of covered area that the lesion must occupy on the image, and gives a suggested imaging distance to the

atypical nevi and history of melanoma) are more informative to

lesion. We hypothesize that when using clinical images, especially

help distinguish nevi from melanoma. As this clinical information

within the context of a small data set, image composition must fit

was not found in the data set available to us, we could not estimate

to strict requirements in order for neural networks to be applied for

whether it has value in helping to distinguish between diagnoses in

analysis. We therefore conclude that current state of the art models

a multi-class problem.

are heavily dependent on restrictive image specifications and may
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be unstable when used in clinical practice. Even more so, selective
data sets may include unwanted biases for certain patterns (eg, images from BCCs are commonly from the nose, therefore a network
may learn to predict BCC if a nose is visible). Verification of these
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problems and solving them falls under the scope of future work.
From the confusion matrices shown in Figure 4, we hypothesize
that the increase in performance on classifying squamous cell carcinomas when macroscopic images are combined with dermatoscopic
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could be explained by these tumors showing scale or keratin plugs on
the surface—features which may be rendered less visible by using dermatoscopy with immersion fluid (a common technique used throughout our data set). The positive effect of adding macroscopic images
was less evident for basal cell carcinomas and melanomas, possibly
because these tumors already show a distinctive dermatoscopic appearance to which other imaging modalities are unable to add significant information. The addition of macroscopic images slightly
increased the accuracy of seborrhoeic keratoses (bkl); however, the
sample size of this group is very small rendering a final conclusion for
this group impossible.

6 | LI M ITATI O N S
Since we restrict cases to those which are histopathologically verified, results for both benign groups (nevi and bkl) have to be interpreted with caution. About 15% of nevi were falsely labelled as a
malignant class by our dsc + macro model, outwardly suggesting a
myriad of unnecessary excisions. In reality though, 100% of those
benign cases were excised in clinical practice due to sufficient suspicion from an expert physician.
By this, our study suffers also from the common verification bias
in dermatoscopic studies with only pathologically diagnosed cases included. Having these reliable labels is in part necessary for machine
learning, but makes all resulting models biased to this case distribution.
Thus, in daily practice such models may not only fail for benign lesions
that are not present in current training sets but we also do not know
when it is misinterpreting a case. We probably also cannot preselect
cases that are more representative of the training data, because if we
already knew what would be a lesion that needs histopathologic verification, we would not need a decision support after all.
We suggest that future studies need to integrate more benign
non-excised skin lesions including seborrhoeic keratoses, nevi, angiomas and dermatofibromas, and further stratify them based on
suspicion; however, available data for this is scarce due possibly to a
relatively low incentive of physicians to document this information.
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S U P P O R T I N G I N FO R M AT I O N
Additional supporting information may be found online in the
Supporting Information section at the end of the article.
Figure S1 Grid search of embedding dimensions with final validation loss and mAP of the resulting model shown. Points and whiskers depict mean and 95%-confidence intervals of all fivefold cross-
validation results (fivefold cross-validation was performed on the
following modality combinations then averaged: dsc + meta, dsc +
macro and dsc + macro + meta).
Table S1 Dataset diagnosis distribution. SCC – Squamous Cell
Carcinoma, KA – Keratoacanthoma, LPLK – Lichen planus-
like
keratosis (a seborrheic keratosis or solar lentigo in regression).
Table S2 Diagnostic values for BCC-detection of our method in comparison to Kharazmi et al.[13]
Appendix S1 Supplementary information including network implementation and dataset details.
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