
Nevi Article Series – Research Article

Dermatology

Reproducible Naevus Counts Using 
3D Total Body Photography and 
Convolutional Neural Networks

Brigid Betz-Stablein 

a, b    Brian D’Alessandro 

c    Uyen Koh 

b    Elsemieke Plasmeijer 

a, d     

Monika Janda 

e    Scott W. Menzies 

f, g    Rainer Hofmann-Wellenhof 

h     

Adele C. Green 

a, i    H. Peter Soyer 

b, j

aQIMR Berghofer Medical Research Institute, Cancer and Population Studies, Brisbane, QLD, Australia; bThe University of 
Queensland Diamantina Institute, The University of Queensland, Dermatology Research Centre, Brisbane, QLD, Australia; 
cCanfield Scientific Inc., Fairfield, NJ, USA; dNetherlands Cancer Institute, Dermatology Department, Amsterdam, 
The Netherlands; eCentre of Health Services Research, Faculty of Medicine, The University of Queensland, Brisbane, 
QLD, Australia; fSydney Medical School, The University of Sydney, Camperdown, NSW, Australia; gSydney Melanoma 
Diagnostic Centre, Royal Prince Alfred Hospital, Camperdown, NSW, Australia; hDepartment of Dermatology, Medical 
University of Graz, Graz, Austria; iCRUK Manchester Institute and University of Manchester, Manchester Academic Health 
Sciences Centre, Manchester, UK; jDermatology Department, Princess Alexandra Hospital, Brisbane, QLD, Australia

Received: November 10, 2020
Accepted: March 7, 2021
Published online: July 8, 2021

Correspondence to: 
Brigid Betz-Stablein, b.betzstablein @ uq.edu.au

© 2021 The Author(s)
Published by S. Karger AG, Basel

karger@karger.com
www.karger.com/drm

DOI: 10.1159/000517218

Keywords
Melanocytic naevi · Moles · Melanoma · Artificial 
intelligence · 3D total body imaging

Abstract
Background: The number of naevi on a person is the stron-
gest risk factor for melanoma; however, naevus counting is 
highly variable due to lack of consistent methodology and 
lack of inter-rater agreement. Machine learning has been 
shown to be a valuable tool for image classification in der-
matology. Objectives: To test whether automated, repro-
ducible naevus counts are possible through the combina-
tion of convolutional neural networks (CNN) and three-di-
mensional (3D) total body imaging. Methods: Total body 
images from a study of naevi in the general population were 
used for the training (82 subjects, 57,742 lesions) and test-
ing (10 subjects; 4,868 lesions) datasets for the develop-

ment of a CNN. Lesions were labelled as naevi, or not (“non-
naevi”), by a senior dermatologist as the gold standard. Per-
formance of the CNN was assessed using sensitivity, 
specificity, and Cohen’s kappa, and evaluated at the lesion 
level and person level. Results: Lesion-level analysis com-
paring the automated counts to the gold standard showed 
a sensitivity and specificity of 79% (76–83%) and 91% (90–
92%), respectively, for lesions ≥2 mm, and 84% (75–91%) 
and 91% (88–94%) for lesions ≥5 mm. Cohen’s kappa was 
0.56 (0.53–0.59) indicating moderate agreement for naevi 
≥2 mm, and substantial agreement (0.72, 0.63–0.80) for nae-
vi ≥5 mm. For the 10 individuals in the test set, person-level 
agreement was assessed as categories with 70% agreement 
between the automated and gold standard counts. Agree-
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ment was lower in subjects with numerous seborrhoeic ker-
atoses. Conclusion: Automated naevus counts with reason-
able agreement to those of an expert clinician are possible 
through the combination of 3D total body photography 
and CNNs. Such an algorithm may provide a faster, repro-
ducible method over the traditional in person total body 
naevus counts. © 2021 The Author(s)

Published by S. Karger AG, Basel

Introduction

Medical imaging is becoming increasingly common as 
a tool for diagnosis and monitoring of disease. It is par-
ticularly suited to dermatology given the highly visual na-
ture of skin disease. Because diagnosis often relies on sub-
jective assessment by medical practitioners, the addition 
of sequential images can greatly assist in monitoring le-
sion evolution or progression. Melanoma is one such skin 
condition that could benefit greatly from accurate and 
objective skin monitoring, as the long-term prognosis is 
critically dependent on early detection [1].

The strongest known risk factor for melanoma is the 
number of melanocytic naevi [2, 3]. However, counting 
naevi is highly subjective, and there is no consensus on a 
standard methodology for counting. Reported naevus 
counts differ by body site studied, by size of naevi count-
ed (>2 mm, >3 mm, >5 mm) and by who counts them 
(medical practitioners, trained researchers, self-report) 
[4, 5]. Consequently, objectively recorded counts from 
imaging could be beneficial in identifying people at high 
risk for melanoma; hence, a standardised, objective, and 
repeatable naevus counting algorithm is needed.

Traditionally, to monitor all naevi over a person’s 
whole skin surface, 2D total-body photography has been 
employed. This is time and resource intensive and re-
quires a photographer to take on average 24 photos of 
subjects in different poses [6]. The use of 2D total body 
imaging has been shown to reduce the number of biopsies 
taken, and increase the accuracy of diagnosis in people at 
high risk of melanoma [7]. The introduction of three-di-
mensional (3D) total body photography allows for the si-
multaneous capture of 92 images that are then construct-
ed into a 3D avatar [8]. However, the validity and clinical 
application of 3D total body photography for lesion iden-
tification has not yet been demonstrated.

Given the large amount of data collected by 3D total 
body imaging, automatic methods for lesion detection 
and classification would greatly aid clinicians and re-
searchers. Automated naevus counting has been at-

tempted using the relatively uncomplicated images of 
pigmented lesions on children’s backs [9]; however, the 
more complex task of distinguishing naevi amongst var-
ious types of pigmented lesions on adult photo-aged skin 
has not been undertaken. Recent research has shown that 
convolutional neural networks (CNNs) are in most cases 
able to classify dermoscopic images of pigmented lesions 
with improved overall accuracy when compared with a 
group of human experts [10], with the potential for hu-
man-computer collaboration to provide further im-
provements [11]. The aim of this study was to measure 
the reliability of a deep neural network to assist in the 
identification of naevi from 3D total body photography 
of the full skin lesion ecosystem, and provide a total-body 
naevus count to assist with melanoma risk stratification 
[2, 3].

Methods

A summary of the methods is shown in Figure 1.
Naevus-Counting Algorithm Development
Training and test datasets were randomly selected from the 3D 

avatars of subjects of the Mind Your Moles study [12], a popula-
tion-based cohort study in Queensland, Australia. Subjects were 
imaged using a VECTRA®WB360 (Canfield Scientific Inc., Par-
sippany, NJ, USA), which simultaneously takes 92 images, com-
bining them into a 3D avatar [8]. Demographic factors were col-
lected using standard questionnaires with clinical characteristics 
collected by research assistants, as previously described [12].

For the training of CNNs, it is generally recommended that a 
minimum of 5,000 labelled images per category be provided [13]. 
The training set from the 3D avatars of 82 randomly selected sub-
jects consisted of 57,742 automatically detected lesion images ≥2 
mm in diameter (Fig. 1). The number of lesions per subject ranged 
from 59 to 4,125 (median of 539). The age of study population 
ranged from 23 to 69 (median of 55) years and 52 (62%) were male. 
All subjects had Fitzpatrick skin types I–IV. Seven subjects (9%) 
reported a personal history of melanoma. All lesions were labelled 
on-screen as either naevi (n = 5,106, 10%) or non-naevi (n = 52,636, 
90%) by a senior dermatologist with extensive experience using the 
VECTRA system. An independent test set of images from an ad-
ditional 10 subjects were labelled on-screen independently by 
three expert physicians with consensus calculated as agreement of 
≥2 clinicians. Additionally, naevi were manually identified in clin-
ic by the senior dermatologist using a dermatoscope – this was 
considered the gold standard for the test set. To match the in clin-
ic counts with the automated 3D total body image counts, lesions 
under the underwear, on the scalp or soles of the feet were not 
counted. A minimum of 1 month was required between the on-
screen and in-clinic labelling. For greater repeatability, only le-
sions ≥2 mm were considered for classification.

Convolutional Neural Network
A perspective-corrected tile image of each lesion was generated 

by reprojecting the original 2D views of the lesions using the cali-
brated 3D geometry information of the 3D avatar. This created a 
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view of a lesion as if it were photographed perpendicularly to the 
skin surface. A two-class CNN classifier was then constructed 
which accepted a single tile image of a lesion, and outputs the prob-
ability that the lesion belonged to the “Naevus” and “Non-Naevus” 
classes. Three of the 82 training subjects were randomly selected 
to form a validation set to tune the hyperparameters of the CNN. 
The validation set therefore consisted of 1,023 lesion images 
(1.8%), including 248 naevi. Because of the class imbalance of the 
dataset, the images in the “Naevus” class were replicated 8 times to 
facilitate training. The full training data was further augmented 
through random rotations, flips, intensity, contrast, and colour ad-
justments to reduce overfitting. The CNN was constructed as three 
blocks of two convolutional layers, a pooling layer, and Rectified 
Linear Unit activation, followed by two fully connected layers. The 
network weights were initialised from a previously trained lesion 
analysis network. Training occurred using deep learning frame-
work Caffe [14] on two Nvidia 1080Ti graphics processing units 
using the Root Mean Square Propagation optimiser over 500 ep-
ochs (iterations of the entire dataset) with a sigmoid decay learning 
rate scheduler.

Statistical Analysis
The performance of the algorithm and clinicians was compared 

at both the lesion level and the person level. The on-screen identi-
fications of 3 expert clinicians across 10 test subjects were com-
pared with the identifications from the automated VECTRA algo-
rithm described above. Cohen’s kappa [15], specificity, sensitivity, 
and overall agreement were calculated with the in-clinic classifica-
tion used as the gold standard. At the person level, total counts ≥5 
mm were compared using Bland-Altman Limits of Agreement. In 
addition, counts (≥2 mm) were categorised as “few” (<20), “some” 
(20–50), “many” (>50), and compared across counting methods.

Results

Test Dataset
The test set contained 10 subjects (5 male, 5 female) 

randomly selected from the total study cohort, with a me-

177 3D total body
photography avatars

Training set:
82 randomly selected

avatars labeled by senior
dermatologist

CNN trained on
5,106 naevi and

52,636
non-naevi

Automated
classification

3 senior
expert clinicians

on-screen
classifications

In-clinic
classification:
Ground-truth

Agreement
calculated at lesion

level and person level

Test set:
10 randomly

selected avatars
(520 naevi, 4,348

non-naevi)

Fig. 1. Workflow from imaging to the au-
tomated naevus counts.
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dian age of 57 (37–67) years. All subjects were of Euro-
pean descent, the majority with fair innate skin colour  
(n = 8, 80%) and blue/green eyes (n = 9, 90%). Fifty per-
cent (n = 5) reported a history of keratinocyte cancer,  
and 3 (30%) reported a history of melanoma (all in situ) 
(suppl. Table 1; for all online suppl. material see www.
karger.com/ doi/10.1159/000517218).

Lesion-Level Analysis in the Test Set
Of the 4,868 lesions ≥2 mm analysed across the 10 sub-

jects, naevi identified in-clinic represented 11% (n = 520) 
of all lesions ≥2 mm, and 21% (n = 83) of the 388 lesions 
≥5 mm, with the remainder being other benign lesions 
(e.g., solar lentigines, seborrhoeic keratoses, angiomas).

Table 1. Point estimates and 95% confidence intervals for automated naevus classification compared to the gold standard in-clinic naevus 
counts in the test set (N = 10; n = 4,868)

Overall 
accuracy

Cohen’s
kappa

Sensitivity Specificity Positive 
predictive value

Negative 
predictive value

All lesions ≥2 mm (n = 4,868*)
Clinician 1 0.90 0.45 (0.41–0.49) 0.50 (0.45–0.54) 0.94 (0.93–0.95) 0.51 (0.47–0.56) 0.94 (0.94–0.95)
3-clinician consensus 0.91 0.45 (0.41–0.49) 0.42 (0.38–0.46) 0.97 (0.96–0.97) 0.61 (0.56–0.66) 0.93 (0.93–0.94)
Automated 0.90 0.56 (0.53–0.59) 0.79 (0.76–0.83) 0.91 (0.90–0.92) 0.51 (0.47–0.54) 0.97 (0.97–0.98)

Lesions ≥2mm and <5mm (n = 4,480*)
Clinician 1 0.90 0.44 (0.40–0.48) 0.51 (0.46–0.56) 0.94 (0.93–0.95) 0.48 (0.44–0.53) 0.95 (0.94–0.95)
3-clinician consensus 0.91 0.45 (0.40–0.49) 0.43 (0.38–0.47) 0.97(0.96–0.97) 0.58 (0.53–0.64) 0.94 (0.93–0.95)
Automated 0.89 0.54 (0.50–0.57) 0.78 (0.74–0.82) 0.91 (0.90–0.92) 0.48 (0.44–0.51) 0.97 (0.97–0.98)

Lesions ≥5 mm (n = 388*)
Clinician 1 0.86 0.50 (0.39–0.61) 0.43 (0.33–0.55) 0.98 (0.95–0.99) 0.84 (0.69–0.93) 0.86 (0.82–0.90)
3-clinician consensus 0.86 0.47 (0.36–0.58) 0.40 (0.29–0.51) 0.98 (0.96–0.99) 0.85 (0.69–0.94) 0.86 (0.82–0.89)
Automated 0.90 0.72 (0.63–0.80) 0.84 (0.75–0.91) 0.91 (0.88–0.94) 0.73 (0.63–0.81) 0.96 (0.93–0.98)

* According to in-clinic gold standard naevus counts. 
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On-Screen Naevus Identification versus Gold 
Standard In-Clinic
Overall agreement for on-screen identification com-

pared with gold standard in-clinic identification by cli-
nician 1 (who performed the onscreen gold standard for 
the training set) was 90%. Cohen’s kappa was 0.45 
(0.41–0.49) indicating moderate agreement, with a sen-
sitivity of 50% (45–54%) and a specificity of 94% (93–
95%). A decrease in sensitivity and an increase in spec-
ificity were seen for both clinician 1 and the consensus 
of the clinicians (Table 1) for identifying naevi ≥5 mm. 
Comparable agreement was seen between the consen-
sus of the three clinicians on-screen and the in-clinic 
counts (Table 1).

Automated versus Gold Standard In-Clinic 
Classification
The sensitivity and specificity of the automated CNN 

for lesions ≥2 mm was 79% (76–83%) and 91% (90–
92%), respectively (Table 1). For lesions ≥5 mm, the au-
tomated algorithm showed a slightly higher sensitivity 
of 84% (75–91%), and similar specificity 91% (88–94%). 
Comparing the CNN with the in-clinic assessment by 
the dermatologist resulted in a Cohen’s kappa of 0.56 
(0.53–0.59), indicating moderate agreement for naevi 
≥2 mm, and substantial agreement (0.72, 0.63–0.80) for 
naevi ≥5 mm.

Person-Level Analysis
Correlation between Automated and Clinician Total 
Body Naevus Counts
Excellent correlation was seen between AI counts 

and clinician on-screen tags for the training (87%, 
Fig. 2a), and between the AI counts and the gold stan-
dard test dataset (97%, Fig. 2b). However, the median 
difference between the automated and in-clinic counts 
was 11, with inter-quartile range of 4–19 for the train-
ing, and 6–44 for the test set. When naevus counts were 
converted to categories (few, some, many), the algo-
rithm and in-clinic agreement was 70% (Table  2). In 
two (20%) of the mismatched cases, the expert derma-
tologist rated the naevus count in the few (<20), and the 
algorithm in the some (20–50) categories. In the third 
case, the dermatologist rated the count as few while the 
AI rated it as many (>50). The two subjects whose nae-
vus counts were mismatched with the largest disparity 
between algorithm and dermatologist were both noted 
to have many seborrhoeic keratoses; this phenomenon 
was also seen in the training dataset (Fig. 3). When the 
two subjects with many seborrhoeic keratoses were ex- Ta
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cluded, the Bland-Altman limits of agreement showed 
95% of the automated counts ≥5 mm were within ±5 of 
the in-clinic gold standard counts (79% of counts were 
within ±3).

Discussion

In this study, we developed and tested an algorithm for 
automated total body naevus counts from 3D total body 
photography based on 57,742 automatically detected skin 
lesions ≥2 mm in 82 study subjects. In addition to being 
the first algorithm applied to such data, it provides a time-
saving, objective method to standardise naevus counting. 
Overall accuracy in the identification of individual naevi 
was high, with automated naevus counts showing reason-
able agreement with the gold standard dermatologist 
counts in-clinic.

Measures of inter-rater reliability of total body naevus 
counts are rarely provided in the literature, likely due to 
the time-consuming nature of obtaining naevus counts 
on the set of same people by multiple times by multiple 

observers. Reproducibility of total naevus counts has 
been reported more frequently in children in whom nae-
vi are easier to identify than in adults due to decreased 
levels of photo-damage and nearly complete lack of oth-
er benign lesions in youth that are common with aging 
such as solar lentigines and seborrhoeic keratoses [16]. 
In studies that have reported inter-rater reliability, it is 
often reported as a correlation which is generally high 
(e.g., naevi ≥2 mm: r = 0.88 [17], r = 0.95 [18]), but cor-
relation does not accurately reflect agreement [19]. Due 
to low levels of agreement between naevus counts, counts 
are often categorised and agreement measured using Co-
hen’s Kappa (ĸ). In adults, the inter-rater reliability for 
naevus counts ≥2 mm on the left arm between trained 
interviewers and dermatologist has been reported to be 
poor (four categories: 0, 1–4, 5–10, 11+, ĸ = 0.19) or 
moderate (ĸ = 0.51) between two dermatologists [20]. 
Inter-rater agreement between two dermatology resi-
dents for counts of naevi of any size was substantial (four 
categories: 1–10, 11–500, 51–100, >100; ĸ = 0.66). Similar 
results have been reported with self-classification of nae-
vi (any size) compared with a dermatologist (five catego-

Clin: 142 Al: 213 Clin: 3 Al: 10 Clin: 188 Al: 313 Clin: 8 Al: 21 Clin: 86 Al: 94

a b c d e

Clin: 11 Al: 8 Clin: 6 Al: 41 Clin: 6 Al: 6 Clin: 9 Al: 56 Clin: 61 Al: 55

f g h i j

Fig. 3. Images of back annotated with total body naevus counts by clinician in-clinic gold standard (Clin) and 
automated artificial intelligence counts (AI). Subjects in g and i had many seborrhoeic keratosis on their bodies, 
and AI varied proportionally the most.



Automated Naevus Counts 7Dermatology
DOI: 10.1159/000517218

ries: 0, 1–9, 10–39, 40–100, >100, ĸ = 0.14), and for nae-
vi ≥2 mm (5 categories: ≤5, 6–15, 16–30, 31–50, 51+, ĸ = 
0.19 [21]), improving to ĸ = 0.32 with two categories 
(<50, ≥50) [22]. For total body naevus counts ≥5 mm, 
79% of self-counts and physician counts agreed within 
±3 counts [5]. This is similar to the agreement observed 
between the CNN-acquired automated counts and in-
clinic gold standard.

The automated categorisation of the biological eco-
system of naevi and other benign skin lesions is of po-
tential value for better understanding the development 
of melanoma and keratinocyte cancer. However, wheth-
er a specific lesion is a benign naevus or another type of 
benign lesion (e.g., solar lentigo or seborrhoeic kerato-
sis) is of mainly academic interest; in a real-world clin-
ical setting, a medical practitioner is generally only in-
terested in whether a lesion is suspicious for malignan-
cy or not. Therefore, the clinical utility of this algorithm 
– distinguishing between a benign naevus and another 
type of benign lesion (“non-naevus”) – lies in its ability 
to provide instant and accurate naevus counts which 
can be used to objectively categorise a person’s mela-
noma risk.

There is debate as to the best way to present naevus 
counts, and categorical counts have been suggested as the 
more generalisable [23]. Different cut-offs have been pro-
posed [24] with no consensus being reached. Some stud-
ies have shown that an increase of even one naevus in-
creases a person’s melanoma risk [25]. The large varia-
tions in risk models and lack of reproducibility in naevus 
counting methods could thus lead to misclassification of 
melanoma risk [26].

While our approach is promising, there are limita-
tions which should be improved in future work. This 
includes identifying naevi for the training set on-screen 
rather than in person; however, the gold standard for 
the test set was taken to be the in-clinic counts by a se-
nior dermatologist. While the test set was small in terms 
of subjects (n = 10), the corresponding number of test 
lesions was large (n = 4,868). However, this meant we 
were unable to evaluate if the algorithm performs dif-
ferently for different subject characteristics such as lev-
el of photodamage or sex. For example, in our test set 
the algorithm overcalled the counts in all 5 men, but 
this could just be due to chance. It is also necessary to 
further develop this algorithm for darker skin types not 
included in the study population. The algorithm per-
formed poorly on people with many seborrhoeic kera-
toses, but such people can easily be identified in the 
clinic and flagged for manual counts. Alternatively, a 

classification algorithm trained to identify both naevi 
and seborrhoeic keratosis may overcome this problem. 
Another constraint is that, even for experienced derma-
tologists, the distinction between benign naevi and be-
nign “non-naevi” between 2 and 5 mm in diameter on 
severely photo-damaged skin is sometimes impossible, 
and therefore even the in-clinic gold standard assess-
ment itself may not be fully reliable.

In conclusion, a standardised, objective, and repeat-
able naevus counting methodology, particularly taking 
into consideration naevus size, is required to provide 
accurate assessment of naevus count as a risk factor for 
melanoma. 3D total body photography combined with 
an automated algorithm, such as the one presented in 
this study, could provide further insights into the bio-
logical ecosystem of naevi and other benign skin lesions 
and has potential value for better understanding the 
drivers of melanoma and keratinocyte cancer develop-
ment.

Key Message

Automated, reproducible naevus counts can be calculated by 
applying machine learning to 3D total-body images.
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