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Abstract: Reflectance confocal microscopy (RCM) is a non-invasive imaging method designed to
identify various skin diseases. Confocal based diagnosis may be subjective due to the learning
curve of the method, the scarcity of training programs available for RCM, and the lack of clearly
defined diagnostic criteria for all skin conditions. Given that in vivo RCM is becoming more widely
used in dermatology, numerous deep learning technologies have been developed in recent years
to provide a more objective approach to RCM image analysis. Machine learning-based algorithms
are used in RCM image quality assessment to reduce the number of artifacts the operator has to
view, shorten evaluation times, and decrease the number of patient visits to the clinic. However,
the current visual method for identifying the dermal-epidermal junction (DEJ) in RCM images is
subjective, and there is a lot of variation. The delineation of DEJ on RCM images could be automated
through artificial intelligence, saving time and assisting novice RCM users in studying the key DEJ
morphological structure. The purpose of this paper is to supply a current summary of machine
learning and artificial intelligence’s impact on the quality control of RCM images, key morphological
structures identification, and detection of different skin lesion types on static RCM images.
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1. Introduction
In vivo reflectance confocal microscopy (RCM) has demonstrated, time and again, to
be an important imaging tool for dermatologists. This technology offers a non-invasive
view of the skin structure similar to histopathology, revealing tissue architecture and
individual cells [1,2] down to about 200–250 µm from the skin surface [3]. Even though, at
the moment, dermoscopy is the most widespread method for skin cancer screening, RCM
has demonstrated significantly higher diagnostic accuracy in several skin tumors [1,4–7].
RCM has a sensitivity and specificity of more than 70% for identifying skin cancers [8–15],
as well as for diagnosing and monitoring the evolution of inflammatory or other skin
diseases [8,16]. RCM has also been used for lateral excision margins mapping before the
surgical treatment of skin tumors. This technique increases the odds for complete tumor
excision, lowering the recurrence rate [17]. Furthermore, when dermoscopy is used in
conjunction with RCM, the number of unnecessary biopsies can be reduced [7].
RCM is a suitable bridge between dermoscopy and histopathology, allowing clinicians
to do bedside, non-invasive, virtual skin biopsies in real-time [18]. Depending on the
source of contrast, imaging can be done with fluorescence or reflectance method. Ex vivo
confocal microscopy, in its recently improved version, which includes digital staining, has
successfully been used to guide Mohs surgery [19].
RCM images may be difficult to interpret because, unlike dermoscopy and histopathology, there are fewer training programs available for RCM. This method is not included in
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the regular dermatology training curriculum. Coupled with the morphological nature of
RCM, this may lead to subjective variability in confocal-based diagnoses.
Research has shown that a well-coached physician can identify basal cell carcinomas
with 92–100% sensitivity and 85–97% specificity [9,12,14,17], and melanomas with 88–92%
sensitivity and 70–84% specificity [10], using in vivo RCM imaging. However, those very
high figures, can be attained only by doctors who have used this device for five to ten years
and have trained to interpret these images efficiently. Several deep learning algorithms
have been developed over the last five years to assess RCM images quantitatively [9,20,21].
Machine learning-based algorithms, it is hypothesized, could offer a more quantitative,
objective approach [22]. Computer image examination tools for skin lesion monitoring
were previously used with dermoscopy images and dermatopathology slides to improve
diagnostic accuracy [4,23,24]. Without requiring the clinician’s input, automated diagnostic
tools report a score representing observed malignant potential [4]. Several algorithms,
including image segmentation, statistical techniques, and artificial intelligence, have been
used [8].
This paper aims to show a more detailed overview of the machine learning-based
algorithms used for RCM image analysis and diagnostic discrimination. The review brings
together the different concerns of confocal image analysis addressed through machine
learning, the methods used so far, and offers a clear view of the path ahead.
2. Materials and Methods
A Google Scholar and PubMed search was performed on 10 July 2021 to identify published reviews, clinical trials, and letters to the Editor related to AI use and RCM, without
enforcing a time period. The adopted search strategy was identical for both databases
and implemented using the keywords: “confocal microscopy”, “artificial intelligence”,
“skin”, and “machine learning”. Thus, the authors gathered the latest data reported in the
literature about the influence of machine learning algorithms on the RCM images quality
control, key morphological structures identification, and detection of different skin lesion
types on static RCM images.
3. Results
3.1. Quality Assessment of Reflectance Confocal Microscopy Composite Images (Mosaics)
Even though in vivo RCM is becoming more common in modern dermatological
practice, there are instances when the diagnosis is not immediate and the images are
evaluated after the patient has left the office. In these cases, the patient must return to the
clinic if additional imaging is required, to wit, due to poor quality images being recorded.
The most frequent artifacts seen in RCM images are relics related to reflection on the
surface. That can appear in RCM mosaics due to the presence of corneal layer reflection
in the form of hyper-reactive rings, or it can occur as a lighter contour of every single
RCM mosaic compared with the rest of the image. Another type of artifact that shows the
shifting and misalignment of sole RCM mosaics can be induced by the person’s movement,
respiratory movements, talking, or even the heart beating. In the case of papules or
nodules, bright or dark relicts appear in the region where the microscope and the skin
are not touching [25]. In addition, in some RCM mosaics, air and oil bubbles can be
seen commonly stuck by skin creases, hair follicles, or surface unevenness throughout the
investigation. Occasionally, several individual images of RCM mosaics are underexposed
or completely clear. Sometimes can appear changes in contrast due to the microscope’s
automatic intensity control and several curved lines traversing the image, representing hair
fibers. These artifacts are widespread, but, as long as they do not affect the entire mosaic
rendering it unreadable, the images can still be helpful. Figure 1 shows the most common
artifacts that appear in RCM mosaics.
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At a later date, a multi-scale MED-Net neural network was presented as an improvement of the MUNet idea by Kose et al. [30]. The MED-Net algorithm was designed to
differentiate diagnostically relevant patterns (e.g., meshwork, ring, nested, non-specific)
in RCM images at the DEJ of melanocytic lesions from non-lesional and diagnostically
uninformative areas. The network was used to divide RCM mosaics into six categories, one
of which was artifacts. The system achieved an artifact detection sensitivity of 83% and
a specificity of 92%. Although this outcome was somewhat satisfactory, the network still
required expert data labeling. Table 1 summarizes the sensitivities and specificities of the
various techniques used to identify artifacts in RCM images.
Table 1. Artifact detection in RCM images using various methods of AI.
Study

Sensitivity

Specificity

Bozkurt et al. [27]
Kose et al. [26]
Kose et al. [30]

76.16%
82%
83%

97.44%
93%
92%

RCM: reflectance confocal microscopy; AI: artificial intelligence.

Based on a carefully monitored end-to-end machine learning technique, Wodzinski et al. [31]
developed a method for evaluating if a provided RCM image has a reasonable quality for
subsequent lesion classification. In this deep learning method, all of the different parts were
trained simultaneously, rather than sequentially. This study presented an attention-based
network to handle the challenge of high-resolution imagery while requiring a tiny group of
network variables and minimal inferential complexity. The approach worked across a wide
range of skin diseases and represented an important element in the diagnostic process. It
could also help collect information directly by notifying the operator about image quality
instantaneously throughout the evaluation. The accuracy on the test set was greater than
87% [31].
Although ensuring the quality of acquired RCM images is paramount for diagnostic
precision and workflow optimization, assisted interpretation tools, such as automatic,
ideally real-time, identification of specific landmarks and structures, are welcome additions.
These tools have been in research for some time, closely following in the footsteps of previous research focused on automated analysis of dermoscopy and histopathology images.
3.2. Automated Delineation of the Dermal-Epidermal Junction
DEJ identification during RCM image analysis is important for diagnosing both skin
lesions, such as melanoma or melanoma in situ, type lentigo maligna, and inflammatory
skin, such as lupus erythematosus, lichen planus, bullous diseases, and psoriasis. The visual
method for identifying the DEJ in RCM images is subject to interpretation, resulting in a
wide range of outcomes [22]. Furthermore, while it is easily detected in darker phototypes,
the DEJ can be difficult to identify in fair skin and hypo- or depigmented lesions (Figure 2).
Techniques based on artificial intelligence can supply an extra analytical view and perform
a preliminary examination of acquired RCM images.
In a paper from 2015, two methods that can autonomously demarcate the DEJ in RCM
images of regular skin were tested [22]. To adjust for misalignment caused by patient
motion during imaging, this automated approach began by recording the images in every
stack sideway. Because these methods depend on changes in regional tile-specific qualities
with depth, this step was critical. The technique generated a mean error of 7.9 ± 6.4 µm in
a dark complexion, where the contrast was high due to melanin. The algorithm defined the
DEJ as a passing area in fair skin, with a median error of 8.3 ± 5.8 µm for the epidermis-topassing zone limit and 7.6 ± 5.6 µm for the passing zone-to-dermis edge.
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manual processes, such as feature selection and data preparation.
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These techniques use different contrast modes to identify specific molecular compounds in
images [57]. Unlike RCM, NLO penetrates more profound and can distinguish between
different elements of the dermal connective tissue [58]. In comparison to RCM, MPM techniques can successfully identify morphological, structural, and even chemical information
of both skin cells and extracellular matrix without external labeling. The vascular structures
can also be easily observed using fluorescence labeling [59]. These novel techniques are
used to assess transdermal drug delivery, disease diagnosis, cancer diagnostic, extracellular
matrix abnormality, and hair follicle pathology [60]. In recent years, many studies on
lesion diagnosis using dermoscopy images and AI showed a better performance for deep
learning methods than dermatologist diagnostic accuracy [61]. The use of dermoscopy
in conjunction with RCM could improve the diagnostic accuracy of melanocytic lesions,
demonstrating the value of complementary techniques [62,63].
Other non-invasive diagnostic methods used in dermatology other than RCM can see
the general architecture of the skin and penetrate three times more profound into the skin
than RCM. RCM, on the other hand, provides higher resolution images that can identify
different individual cells and their characteristics with three times greater detail. These
higher resolution images aid machine-learning algorithms in identifying various skin cells
and diagnosing skin disease [64–66].
RCM is a promising non-invasive imaging technique that allows the assessment of
histological skin and lesion details at the epidermal and upper-dermal levels, thus lowering
the need for conventional skin biopsies. Lately, many artificial intelligence algorithms
have been developed to provide a more objective approach to RCM image reading. This
effort is much needed due to several factors contributing to a relatively high degree of
subjectivity and inter-observer variability regarding sensitivity, specificity, and diagnostic
accuracy associated with RCM. Machine learning techniques provide great developments,
alternatives, and assistance to help dermatologists improve their daily practice.
To date, applications of AI in RCM image analysis have mostly been used to assess
the quality of RCM mosaics, identify the DEJ, and help identify and discriminate between
different cutaneous tumors. The algorithm types and their utility have been summarized
in Table 2.
Table 2. Artificial intelligence algorithms for reflectance confocal microscopy image analysis.
Method

Quality assessment of
RCM mosaics

MUNet network
MED-Net neural network

Result

Accuracy/Sensitivity
and Specificity

Differentiate diagnostically relevant
patterns (meshwork, ring,
nested, artifact).

73% accuracy [27]

Estimate the quality of RCM
composite images (mosaics).

87% accuracy [31]

Tile classification for epidermis and
dermis in dark skin
Identifying epidermis

90% accuracy [32]

Identifying dermis

76% accuracy [32]

SVM classification model

Classifying meshwork, ring, clod,
specific, and background patterns

55–81% sensitivity and
81–89% specificity [21]

Per-pixel segmentation

Identifying DEJ

85.7% accuracy [34]

Identifying lentigos

−81.4% sensitivity and
88.8% specificity [48]
−96.2% sensitivity and
100% specificity [49]
−81.4% sensitivity and
83.3% specificity [51]

Identifying melanoma

93.6% accuracy [1]

Identifying nevi

90.4% accuracy [1]

Texture segmentation, pattern
classification, and
sequence segmentation
Automated identification
of the DEJ

CNN
Skin lesion identification

CART

90% accuracy [22]

RCM: reflectance confocal microscopy; SVM: support vector machine; DEJ: dermal-epidermal junction; CNN:
convolutional neural network; CART: classification and regression trees.
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Quality assessment of RCM images is very important for lowering the number of
artifacts, shortening evaluation times as the RCM reader does not waste time accessing
irrelevant images, as well as reducing the number of patient visits to the clinic due to
insufficient or low-quality images. Regarding this, the progress made so far has been
promising, with the sole caveat that the networks still require expert data labeling.
It is a well-known fact for confocal users that pinpointing the DEJ on dark skin is
simple due to the significant hyper-reflectivity of basal keratinocytes. At the same time,
this can prove a difficult task in fair skin due to the lack of the natural source of contrast,
melanin. The algorithms proposed in studies directed at the automated DEJ delineation on
RCM images could be a valuable training instrument to aid novice RCM readers in learning
the key morphological patterns of the dermal-epidermal junction, thus making RCM a
more accessible and widely embraced technology in dermatology clinics. Furthermore, this
research suggests that automated algorithms could increase objectivity during real-time
in vivo RCM examination by quantitatively guiding the DEJ delineation. The advancement
of such algorithms could help evaluate unusual morphological features, especially ones
located at the DEJ.
All things considered, there are still gaps in artificial intelligence-based RCM image
analysis. Clinical studies that demonstrate the value of AI-based RCM image analysis,
along with huge sequence differentiating judgment stages, are still lacking.
Several aspects still need to be improved since there is hardly any data on the achievement of AI in identifying atypical melanocytic lesions, such as those on the scalp or mucosal
surfaces. The hair follicle, vessels, and air bubbles are all limitations in the segmentation
methods, while acral areas have not been thoroughly assessed yet. Additionally, these
techniques still do not include amelanotic melanomas.
In addition, the risk of “deskilling” the dermatologist needs to be addressed. Who
will be held accountable for the assessment: the doctor or the brand that created the
device? What will be done to establish specificity, and what actions are needed to recognize
amelanotic tumors?
5. Conclusions
Research showed that most of these artificial intelligence technologies already had
reached clinician-level precision in the identification of various skin diseases, and, in some
studies, machine accuracy even surpassed them. Thus, further research into the automated
RCM image analysis process appears promising. Yet, existing algorithms cannot be used
for routine skin cancer screening at this time. As a result, developing a systematic imaging
procedure may help to improve the outcomes. Automated image analysis systems provide
clinicians with objective and speedy support, while not interfering with the diagnostic
process. However, more studies are needed to improve the applicability of automated RCM
image analysis in the daily activities of confocalists. Automated image analysis systems
may provide great assistance in the decision-making process of RCM examiners looking at
skin tumors in the future.
These algorithms need to be further developed and thoroughly validated through
large randomized controlled trials. This would lead to improved patient care and safety
and an enhancement in dermatologists’ productivity.
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