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Abstract

Cutaneous melanoma is one of the most aggressive skin cancers, and early diagnosis
remains essential to reduce mortality. Reflectance Confocal Microscopy (RCM) provides
non-invasive, quasi-histological images of the epidermis, dermoepidermal junction (DEJ),
and dermis, enabling real-time assessment of melanocytic lesions. However, interpretation
still relies on expert visual evaluation, which is time-consuming and subjective. In this
context, Artificial Intelligence (AI) and Computer-Assisted Detection (CAD) systems are
emerging as valuable tools to improve diagnostic accuracy and reproducibility. This review
summarizes research on AI applications in RCM imaging for melanoma, focusing on
three major areas: delineation of skin strata, segmentation of tissues and morphological
patterns, and classification of benign versus malignant lesions. Early approaches included
Bayesian classifiers, wavelet-based decision trees, and logistic regression, while recent
studies have employed support vector machines, random forests, and increasingly deep
learning architectures such as convolutional and recurrent neural networks. The results
demonstrate encouraging accuracy in DEJ localization, the segmentation of diagnostically
relevant patterns, and the discrimination of melanoma from benign nevi. We distinguish the
maturity of dermoscopy-based AI (AUC (ROC) > 0.80 on large multicenter cohorts) from the
still-exploratory evidence for RCM-based AI. Nonetheless, current studies are often limited
by small datasets, heterogeneous protocols, and a lack of multicenter validation. Overall,
progress in AI applied to RCM supports the development of CAD systems that could assist
clinicians during acquisition and diagnosis, reducing unnecessary biopsies and improving
early melanoma detection. Future work should address standardization, dataset expansion,
and the integration of advanced AI methods to move closer to clinical implementation.
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1. Introduction
Cutaneous melanoma (MM) is one of the most aggressive skin cancers, with a high

metastatic potential. According to GLOBOCAN, melanoma of the skin accounted for an
estimated 331,722 new cases and 58,667 deaths in 2022 globally. Early diagnosis is essential
to reduce mortality, and modern imaging techniques allow for increasingly accurate and
detailed data [1]. These include dermatoscopy, digital epiluminescence, high-frequency
ultrasound, optical coherence tomography, and confocal laser scanning microscopy (CLSM),
available in both reflectance and fluorescence (FLSM) modes [2].

Non-invasive techniques are designed to support specialists in the real-time assess-
ment of melanoma at an early and more easily treatable stage, minimizing unnecessary
surgical biopsies and associated scarring in the case of benign lesions [3]. They also enable
lesion monitoring through digital image storage. Among these methodologies, reflectance
confocal microscopy (RCM) is the only one capable of showing the structure of the skin at
the microcellular level, thus representing a potential alternative to traditional histological
examination [3].

Despite this, diagnostic confirmation is often completed by surgical removal of the
lesion for biopsy, an invasive, painful, and scarring procedure that requires several days
of waiting for a report [3]. Furthermore, the reading of RCM images depends largely
on the operator’s experience, as the analysis remains predominantly qualitative. This
non-invasive approach nevertheless allows for direct in vivo observation with a resolution
almost comparable to that of histology of the epidermis, dermal–epidermal junction (DEJ),
and superficial dermis, producing grayscale images in which the pixel value reflects the
refractive index of different types of tissues and cellular components [2].

RCM is now an established practice that has demonstrated a significant increase in
diagnostic sensitivity and specificity compared to simple clinical evaluation with the naked
eye. In meta-analyses, RCM shows high diagnostic accuracy for cutaneous melanoma, with
pooled per-lesion sensitivity around 92–93% and a specificity of around 70–76%. Moreover,
comparative analyses suggest that RCM can improve diagnostic specificity compared with
dermoscopy in equivocal lesions, thereby reducing unnecessary excisions [4]. Patients and
healthcare professionals are showing a strong interest in standardized, reproducible, and
automated methodologies; for this reason, a gradual transition towards computer-aided
diagnosis (CAD) systems is emerging, made possible by image digitization. CAD software
is increasingly being adopted for the detection and discrimination of various abnormalities
obtained through various diagnostic techniques.

AI is based on the development of machines capable of learning and autonomously re-
producing cognitive functions similar to those of the human brain. Patel et al. [5] compared
studies between dermatologists and algorithms applied to dermoscopic images; AI-based
systems have shown ROC values above 80% in melanoma detection. This study system-
atically analyzed the state of the art of AI-based techniques applied to dermatological
diagnostics, with particular reference to the use of RCM, evaluating accuracy, sensitivity,
and specificity. All studies that directly compared the performance of AI-based techniques
with that of dermatologists reported superior or comparable results for AI methodolo-
gies in improving melanoma detection. In particular, studies evaluating RCM showed an
average accuracy value of 82.72%. Overall, the results suggest that AI-based techniques
have high potential for improving diagnostic accuracy and clinical outcomes, primarily
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through the early identification of melanoma. RCM has been shown to be a method capable
of increasing diagnostic sensitivity and specificity in most skin cancers, supporting the
indication for biopsy in suspicious lesions, and contributing to the accurate mapping of
tumor margins in large lesions, facilitating correct surgical excision. In this context, AI
could allow for the more accurate delineation of the DEJ in RCM images, while optimizing
the time required for the diagnostic process. However, further studies are needed to ad-
dress current limitations and ensure the reliability and clinical validity of these approaches.
Studies directly comparing RCM with AI applications are still limited, as these technologies
are at a relatively early stage of development. Further research is therefore needed to
evaluate the generalizability of AI-based techniques across heterogeneous populations and
different skin phototypes, as well as to improve the standardization of image acquisition
and processing protocols. Most of the studies included focused mainly on subjects with
fair-skin phototypes, so the extension of the results to patients with darker skin or other
skin variants is currently limited and represents an area for further investigation.

In the past few years, developments in AI models with increasingly high representation
power have allowed for significant progress in many fields, such as science, engineering,
medicine, nursing, finance [6–15]. In the case of skin cancers, and especially of melanoma,
the use of these techniques combined with newer technologies, such as RCM [15], rep-
resents an important challenge to ensure early diagnosis and reduce the risk of death.
Scientific studies dealing with automatic methods for RCM image analysis are still few
in number. Luck et al. [16] were among the first to introduce automated RCM image
processing procedures, proposing a Bayesian classification algorithm for the identification
of various tissues. Subsequently, Kurugol et al. [17] developed a semi-automatic technique
for determining the dermal–epidermal junction (DEJ). Later, Koller et al. [18] introduced
a classification approach based on wavelet decision trees with the aim of discriminating
between benign and malignant melanocytic skin lesions in RCM images.

In another contribution, Hames et al. [19] developed a logistic regression-based classi-
fier capable of automatically segmenting the different skin layers in RCM scans. Ghanta
et al., in 2017 [20], implemented a complex mathematical shape model in order to accurately
define the depth of DEJ in RCM acquisitions. In Bozkurt et al. [21], an algorithm based on
deep neural networks was developed to segment DEJ in RCM images.

Based on these observations, our paper aims to survey and review articles reporting
Artificial Intelligence and Image Processing applications directly or indirectly relevant
to the Computer-Assisted Detection and Diagnosis of cutaneous melanoma in images
acquired by RCM. Three main challenges were considered. As melanoma originates from
the DEJ, some papers concerning the localization of the junction in a stack of RCM images
were examined. Tissues (particularly those composing the DEJ) contain different varieties
of cells and structures; therefore, works aiming at the segmentation of skin tissues were
considered. Finally, specific articles on the discrimination between healthy and tumoral
tissues were taken into account. All of these applications share the purpose of improving
diagnostic accuracy during the automatic detection of skin pathologies with CAD systems.
Beyond summarizing the technical and clinical aspects, this review critically appraises AI
evidence for RCM in comparison with dermoscopy, focusing on dataset scale, external
validation, and generalizability, and explicitly delineates the different maturity levels of
dermoscopy vs. RCM-based AI evidence.

This article is a narrative review and was not designed as a systematic or scoping re-
view. To describe how references were selected, we performed an iterative literature search
in Scopus and PubMed from database inception to 7 April 2025. Searches were conducted
using combinations of keywords related to “reflectance confocal microscopy”/RCM (and re-
lated terminology, such as CLSM, when used in the literature), “melanoma”/“melanocytic
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lesion”, and “artificial intelligence”/“machine learning”/“deep learning”, and also includ-
ing terms reflecting the three tasks discussed in this review (skin layer delineation/DEJ
localization, tissue or pattern segmentation, and diagnostic classification). Peer-reviewed
original studies dealing with automated or AI-based analysis of RCM images for cuta-
neous melanoma or melanocytic lesions were considered eligible; studies focusing on other
imaging modalities without RCM, not involving automated/AI analysis or not related to
melanocytic lesions, were excluded. The final selection was based on relevance to the scope
of the review and on coverage of the main methodological families and CAD tasks. Addi-
tional relevant records were identified by screening the reference lists of included papers.

2. RCM Imaging Technique and Melanomas
The principle of confocal imaging was patented in 1957 by Marvin Minsky [22]. CLSM

can be performed in either fluorescence or reflectance mode. The first has been used
predominantly in experimental studies; the second relies on differences in the refractive
indices of cellular structures. In many works, CLSM and RCM nomenclatures are used to
denote the same technology. In this discussion, we prefer to use the RCM abbreviation.

RCM works with incident monochromatic light that penetrates the skin, highlighting
small points inside the tissue. In the optical system, light reflected from the skin tissue is
conveyed to a detection sensor. Before reaching this, it passes through a very small aperture.
RCM scans have a high resolution with a horizontal resolution of between 0.5 and 1 µm,
while the axial resolution reaches values between 3 and 5 µm, with a maximum signal
penetration depth of between 150 and 200 µm [23,24].

Each individual two-dimensional image covers an area of 500 µm × 500 µm. However,
it is possible to extend the scan to the entire lesion, up to an area of 8 mm × 8 mm, obtaining
a series of images that form a continuous horizontal mosaic, known as VivaBlock. The
device also allows for the automatic acquisition of deep images, each of the same size
(500 µm × 500 µm), thus generating a three-dimensional reconstruction of the analyzed
area, called VivaStack [3].

Mosaics obtained using RCM tend to cover the entire extent of the skin lesion and,
where possible, one or two millimeters of adjacent healthy skin. As a result, each mosaic
normally includes both pathological portions and portions of unaffected skin.

One of the main difficulties associated with RCM concerns insufficient image quality,
which can occur when the technician fails to correctly identify the optimal skin level during
scanning, or when visual distortions are generated by patient or device movement or by
the presence of elements that obstruct visualization, such as microbubbles, debris, hair,
or other interfering structures. Such distortions are referred as areas of no informational
value [25].

Another important feature of confocal microscopy is the ability to record video se-
quences at a speed of 15–25 frames per second, allowing for biological processes to be
observed [3].

RCM’s ability to acquire mosaics and stacks in real time enables the noninvasive
evaluation of a large area of tissue in vivo and provides substrates for dermoscopic patterns,
corresponding to specific histopathological criteria [26]. This means that, in specific cases,
RCM can avoid skin biopsy.

In the last decade, RCM has been used in clinical practice as a second-level examination
after dermoscopic evaluation, improving early skin cancer diagnosis and reducing the
number of unnecessary excisions due to surgical biopsies of benign lesions [27,28]. MM
has been an early subject of systematic RCM analysis because melanocytic lesions can
be depicted with great definition due to the clear endogenous contrast of melanin. For
representative examples, see Figures 1 and 2 of [27], which illustrate in vivo confocal
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microscopic features characteristic of melanomas and nevi, respectively. Clinically, MMs
appear as dark, flat or slightly raised marks on the skin, with different colors. The contours
of the lesion may be uneven, with irregularities, indentations, or small breaks in the
demarcation line [3]. Images obtained using confocal microscopy, displayed in grayscale,
allow elements that appear lighter to be identified, as they are made up of structures
with a higher refractive index than the surrounding tissue; these areas are defined as
backscattered zones. The phenomenon of backscattering depends on the refractive index
(n) of the individual cellular components in relation to the medium in which they are found.
Among the main skin elements that show a high capacity to reflect light are melanin and
melanosomes, dermal fibers and keratin. These structures are particularly bright [29].

There are four main types of melanoma skin cancer, i.e., superficial spreading, nodular,
lentigo maligna and acral lentiginous. Superficial spreading melanoma (SSM) is the most
common and lethal form of skin cancer, with an estimated incidence of 70% of all cases [30].
It grows outward and spreads across the surface of the skin. Two distinct microscopic
subtypes of SSM can be identify: pagetoid melanoma and solar melanoma [3]. Pagetoid
melanoma normally occurs in adults with intermittent solar exposure and a high number
of nevi on the skin [3]. It is characterized by the abundant growth of large intraepidermal
cells, with prominent bright cytoplasm and dispersed melanin. Pagetoid melanoma, in
dermoscopy, exhibits a reticular and non-specific pattern [31,32]. On RCM, melanocytes
are visible as a large roundish shape, with prominent and bright cytoplasm, and they are
normally present in the upper epidermis of DEJ, as single cells or arranged as nests [3].
Solar melanoma is frequent in patients with low nevi, in areas with high solar exposition.
There is no evidence of this occurring in pre-existing nevi [3]. Solar melanoma is frequently
indistinguishable from lentigo maligna, which usually occurs on the face of patients that
live in the most sun-exposed areas.

Histologically, atypical melanocytes are visible in the superficial dermis, with lympho-
cytic infiltration [3]. In dermoscopy, it shows in regression zones with white depigmentation
similar to scars. On RCM, atypical melanocytes appear with dendritic branches, forming
branching structures in both epidermis and DEJ levels [3]. The normal structure is disar-
ranged and pagetoid spread is formed by pleomorphic cells with elongated bodies, forming
branches with variable morphology [3].

One of the first uses of confocal microscopy for malignant melanoma (MM) diagnosis
was in 2001 by Langley et al. [33]. They studied forty pigmented skin lesions and verified the
RCM’s ability to identify distinct patterns and cytologic features, suggesting the possibility
of a further improvement in the diagnostic accuracy of MM. After this work, researchers
mainly focused on the differentiation of benign and malignant skin lesions, enabling the
“real time” identification of melanocytic lesions, as described in the next sections [34–36].
In clinical practice, considering the different three skin levels in RCM (epidermis, dermal–
epidermal junction (DEJ) and dermis), two aspects have to be considered: cytological
and architectural features. The presence of pagetoid melanocytes is a reproducible and
characteristic RCM criterion in several studies [37,38]. This feature presents as widespread,
round, spindle, or dendritic atypical cells in epidermal layers. Another aspect of probable
malignancy is the roughness of the superficial pigmented basal layer near the DEJ. For these
reasons, the identification of skin strata and the subsequent study of the specific features
represented two targets that can be used to identify useful AI algorithms for CAD systems.

In 2020, Kose et al. [25] trained the MED-Net model using a set of 117 RCM mosaics.
These mosaics were labeled at the single-pixel level by two RCM experts, who reached a
common agreement, with the aim of identifying portions without diagnostic relevance and
measuring the model’s performance in terms of sensitivity and specificity on a larger dataset.
In addition, the segmentation output produced by MED-Net was used to assess how
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frequently the non-informative areas in the RCM mosaics coincide with the pathological
area of the tissue.

The MED-Net model is designed to learn visual structures at multiple levels of scale
(i.e., different degrees of zoom and resolution), starting from a general view and progres-
sively moving to more detailed levels. Semantic segmentation for each scale is performed by
secondary networks, consisting of fully convolutional encoder–decoder neural architectures.

Since dermoscopic images and RCM mosaics are spatially aligned, the portion of
tissue identified as lesion in dermoscopy corresponds directly to the same area in the RCM
scan. This allows for the precise quantification of how much of the lesion is composed of
areas lacking useful information. In this study, all regions where the image was unusable
for diagnostic evaluation, either due to technical problems (poor lighting, signal saturation)
or physical obstacles, were classified as “non-informative.”

The analysis showed that, considering the entire mosaic, the average percentage of
unusable pixels varied approximately between 4% and 17% (with a standard deviation
between 6% and 23%). Limiting the measurement to the pathological area alone, the pro-
portion of non-informative areas ranged from 3% to 15% (standard deviation 4–18%). The
ability to view the map of obscured areas identified by the algorithm on the dermoscopic
image plays a key role, as it allows for the verification of whether clinically relevant parts
of the lesion were compromised during acquisition.

An automated evaluation system, capable of indicating, in real time, the quality of
the mosaic and the position of unusable areas, could guide the technician to repeat the
acquisition immediately.

In a subsequent phase, MED-Net was applied to RCM mosaics of the dermo-epidermal
junction related to pigmented lesions, with the aim of measuring the recurrence of non-
evaluable areas both on the entire mosaic and within the lesion. The data show that, when
considering only the overall percentage of non-informative pixels in the image, the non-
interpretable area present in the pathological area tends to be overestimated. Combining the
visualization of the overlap with the overall percentage value, on the other hand, provides
adequate objective information, avoiding the laborious process of the physician having to
manually mark the boundaries of the lesion on the dermoscopy image.

The evidence obtained confirms that image processing using machine learning models
is capable of reliably recognizing areas that do not provide clinically relevant information.
The results also suggest that the use of an automated system for image quality assessment
can play a significant role, both in defining standardized quality parameters and as an
objective method for monitoring quality itself. This would allow for the introduction of
measurable control during image recording, reducing the need to recall patients due to
inadequate acquisitions and, during the analysis phase, supporting the estimation of the
risk that the image obtained does not correctly represent the lesion examined.

Technical Specifications of RCM Imaging

Reflectance Confocal Microscopy (RCM) provides high-resolution, in vivo imaging
of the skin using near-infrared monochromatic light and a confocal optical system. The
technique enables the visualization of cellular and subcellular structures with contrast
derived from variations in refractive index among tissue components.

Resolution and Penetration Depth

• Lateral (horizontal) resolution: approximately 0.5–1 µm, allowing for the detailed
visualization of individual cells and microstructures.

• Axial (vertical) resolution: approximately 3–5 µm, enabling the accurate delineation of
epidermal layers and the dermo–epidermal junction (DEJ).
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• Maximum penetration depth: typically 150–200 µm, sufficient to image the epidermis,
DEJ, and superficial dermis.

Field of View and Acquisition Modes

• Each single RCM image covers an area of 500 µm × 500 µm.
• For broader coverage, the system acquires mosaics (VivaBlock) by stitching adjacent

fields, extending up to 8 mm × 8 mm, which can encompass the entire lesion and
adjacent healthy skin.

• Vertical stacks (VivaStack) are obtained by sequential imaging at increasing depths,
enabling a three-dimensional reconstruction of the scanned region.

Image Characteristics

• Images are displayed in grayscale, where pixel intensity reflects the refractive in-
dex of tissue components. Structures with high refractive indices—such as melanin,
melanosomes, keratin, and dermal fibers—appear bright due to strong backscattering.

• Video acquisition at 15–25 frames per second is possible, allowing for the dynamic
observation of biological processes.

Common Artifacts and Quality Considerations

• Image quality may be compromised by motion artifacts, poor focus, or physical
obstructions (e.g., hair, microbubbles, debris).

• Non-informative regions should be identified and minimized during acquisition;
automated quality-control algorithms are increasingly integrated into RCM workflows.

3. Artificial Intelligence in RCM Imaging
Machine learning and deep learning algorithms represent powerful tools for many

research groups, who apply them to CAD systems in medical applications. Until the
early 2000s, all CAD systems supporting melanoma diagnosis were based on dermoscopic
images. In fact, dermoscopy is, at present, the routine method used by dermatologists for
skin cancer screening. Although still not widespread, the introduction of RCM technology
in clinical practice marks the beginning of a new era of dermo-oncology. In this context,
AI algorithms will eventually become a helpful tool to identify the most relevant features
for MM diagnosis and to combine them in simple algorithms useful for practical diag-
nostic purposes. Figure 1 describes the temporal and geographical trends in publications
containing the keywords “Artificial Intelligence” and “Reflectance Confocal Microscopy”,
showing a marked increase in the last five years and a predominant contribution from
the United States and Italy. Figure 1 does not represent the set of papers included in this
narrative review.

Figure 1. Trends in the scientific production of publications containing the keywords “Artificial
Intelligence” and “Reflectance Confocal Microscopy”. (Left) Annual distribution of documents from
2005 to 2025. (Right) Geographical distribution by country, showing the United States and Italy as
the leading contributors (source: Scopus, accessed on 7 November 2025). The analysis is descriptive
and intended to illustrate temporal and geographical trends in the topic.
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In the next sections, we describe three principal applications of RCM that, in combina-
tion with different AI methods, might help clinicians in daily routine.

3.1. AI for Delineation of Skin Strata

Identifying the boundary between epidermis and dermis in RCM scans remains a
technically demanding task. This interface is of particular clinical relevance, as many
melanocytic malignancies arise and evolve precisely at this level. A reliable and consistent
delineation of the DEJ can therefore support early detection, diagnostic assessment, and
evaluation of lesion progression. Moreover, determining the DEJ position is a prerequisite
for several downstream automated analyses in RCM, making its accurate localization a key
step for developing clinically useful computer-assisted tools. For these reasons, automated
and semi-automated algorithms were developed by many research groups in order to
detect and classify skin strata, and particularly the location of the DEJ.

Building on the previous achievements by the same group [17,39,40], one of the first
in-depth studies for 3D DEJ boundary delineation in fair skin was presented in 2011
by Kurugol and colleagues [40]. They developed a semiautomated algorithm for DEJ
localization in RCM stacks from fair-skin types (60 slices per stack). Expert-labeled bound-
aries were used for evaluation. Performance was reported as mean error ≈ 7–12 µm,
with >80–90% of boundaries within 15 µm of expert markings and epidermis/dermis
misclassification < 10%, using a hybrid sequence segmentation and LS-SVM approach.
Their goal was to reproduce the clinician’s visual expertise, highlighting texture and con-
trast differences between layers of the epidermis and dermis, in order to locate the DEJ.

They focused exclusively on participants with fair skin, a group characterized by
low melanin content and therefore by limited contrast at the DEJ—an aspect that makes
boundary detection particularly challenging. Their method combined concepts from
three different domains—texture-based segmentation, pattern classification, and sequence
segmentation—with the latter referring to the progressive “dynamic” changes observed
along the vertical axis of the stack. Building on these elements, the authors introduced a
semi-automated hybrid algorithm that integrates sequence segmentation with machine-
learning classification. The approach divides z-stacks into homogeneous regions by model-
ing the transitions between skin layers, and then assigns each region to epidermis, dermis,
or the intermediate DEJ zone using a diverse set of texture descriptors (gray-level co-
occurrence matrix features, statistical measures, wavelet-derived coefficients, log-Gabor
features, and radial spectral characteristics). After dimensionality reduction, two sup-
port vector machine classifiers [41] were trained: one to distinguish epidermis from non-
epidermis and the other to separate dermis from non-dermis. Following the fusion of
classification outputs and a smoothing step, the system achieved solid performance, with
epidermis/dermis misclassification rates below 10% and an average deviation of approxi-
mately 8.5 µm from expert-annotated boundaries. The algorithm was subsequently evalu-
ated on a larger dataset comprising 24 stacks (15 from fair skin and 9 from dark skin) [42],
confirming its robustness. Misclassification rates remained under 10% (using 25 × 25 µm
tiles), and the mean distance from expert-defined boundaries was ~6.4 µm for fair skin and
~5.3 µm for dark skin. In this study, the authors also assessed inter-expert agreement. In
2015, the same research group [43] expanded their work by developing a version specif-
ically tailored to delineate skin strata in dark-skin image stacks. In these cases, the high
melanin content produces strong contrast, so the algorithm primarily relies on detecting
intensity variations along depth. The authors computed the median intensity for each tile
and generated a Gaussian-smoothed median-intensity profile as a function of depth. In
most stacks, single peaks in the profiles were observed, corresponding to the basal cell layer.
Having found regions that clearly containing basal cells, the authors could then calculate

https://doi.org/10.3390/applbiosci5010020

https://doi.org/10.3390/applbiosci5010020


Appl. Biosci. 2026, 5, 20 9 of 26

texture templates for them, which were then used to locate the correct depth of basal cells
in profiles with multiple peaks. Finally, the DEJ can be spotted by examining each profile
below the selected peaks. The authors also suggested that the further development of their
algorithms might guide the assessment of abnormal morphological features at the DEJ. In
2017, Ghanta et al. [20] tackled the problem of 3D reconstruction/segmentation of the RCM
stack proposed by Kurugol and colleagues [39,43]. They developed an advanced frame-
work aimed at improving boundary delineation by integrating a mathematical shape prior
modeled through a marked spatial Poisson process, which captures the characteristic “hills
and valleys” along the DEJ contour. A marked Poisson process represents a specific class
of marked point processes with several practical advantages, and it has previously been
applied to the detection and segmentation of irregularly shaped structures in microscopy
data (see, e.g., [44]). The algorithm introduced in [20] is designed as a general-purpose
method, allowing for its adaptation to various imaging problems through the selection of
an appropriate shape prior informed by domain expertise. When used for DEJ localization,
the method achieves a mean error of 5.41 ± 3.94 µm for dark skin and 12.1 ± 7.0 µm for
fair skin, outperforming the model by Kurugol et al. [39,43], which reported average errors
of 7.9 ± 6.4 µm and 8.3 ± 5.8 µm, respectively.

Within the broader field of DEJ delineation, another line of research focuses on classify-
ing individual slices within an RCM stack. An entirely unsupervised, texton-based strategy
is described in [45]. In this approach, each image in the stack is represented by a texton
histogram generated using a filter bank, which is then projected into a lower-dimensional
space via Principal Component Analysis. The five skin layers—stratum corneum, stratum
granulosum, stratum spinosum, stratum basale, and regions of the papillary dermis—are
subsequently identified using k-means clustering. Although the authors report a strong
correspondence between predicted labels and ground truth, the reliability of this finding is
limited by the small and suboptimal evaluation dataset.

Hames et al. [19] expanded the segmentation/classification paradigm by assigning
anatomical strata at the pixel level rather than at the image-slice level. Their method em-
ploys a bag-of-features representation derived from normalized and whitened small patches
extracted from RCM mosaics, combined with hierarchical clustering techniques [46,47] and
spherical k-means [48]. Depth stacks are then classified using conditional random fields
and a structured support vector machine, achieving the correct classification for 85.7% of
test sections. Pixel-wise segmentation offers clear advantages over dermatologist-annotated
section labels, providing higher spatial precision, reduced variability, and improved sensi-
tivity to age-related changes in skin thickness. Notably, the automated per-pixel method
can detect both thickening of the stratum corneum and flattening of the DEJ.

In 2016, Kaur et al. [49] introduced the first Deep Learning (DL) approach for the auto-
matic identification of skin layers in RCM stacks. Their hybrid model uses a Convolutional
Neural Network that processes traditional texton-based feature vectors—similar to those
in [45]—instead of raw 2D images. They classify six strata, adding an “outside epidermis”
category not included in earlier studies. This DL model surpasses previous state-of-the-art
methods [19], achieving a test accuracy of 81.73%. When the CNN is replaced with a sup-
port vector machine, accuracy drops to 0.75. In 2017, Bozkurt et al. [21] proposed a more
sophisticated architecture combining deep convolutional and recurrent neural networks
to classify skin layers within RCM stacks. The Toeplitz attention model was evaluated on
504 RCM stacks annotated by expert consensus. Patient-level separation was enforced.
Image-wise classification accuracy reached 88.17%, with DEJ sensitivity ≈ 95.98% and
specificity ≈ 90.48% [21].

Another work in this field is that of Robic et al. [50]. They introduce an approach
for estimating the DEJ depth by integrating texture-based descriptors with the three-
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dimensional spatial relationships among pixels in an RCM stack, enabling segmentation at
the pixel level. Their framework relies on a random forest classifier combined with a 3D
Conditional Random Field [51], which enforces spatial consistency in the predicted labels
and incorporates the biologically plausible constraints of skin architecture. According to
the reported evaluation, the method performs on par with leading techniques in the field,
achieving a classification accuracy of 86%. Table 1 summarizes the main features of the
papers reviewed in this paragraph.

Overall, DEJ and skin-layer delineation is a foundational step for RCM-based CAD
and current AI approaches show promising accuracy in controlled settings. However, per-
formance remains sensitive to acquisition variability, annotation heterogeneity, and limited
external validation. Larger multicenter datasets, standardized ground truth definitions,
and patient-level evaluation protocols are needed to ensure robust generalization.
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Table 1. Main features of the papers reviewed in Section 3.1.

Reference Input Data Skin Site/Lesion Type Dataset Size and
Class Balance

Ground Truth
Definition Model Family Validation Strategy Performance Metrics

Kurugol 2011 [40] Z-Stacks Fair skin (low contrast) Four data stacks from
different subjects.

Expert-labeled
boundaries

Classical ML: hybrid sequence
segmentation + locally Smooth
SVM (texture, wavelet features)

Two scenarios:
same-stack and

cross-stack
training/testing. 6-fold

cv.

Misclassification rate < 10%;
Mean dist. from GT ~8.5 µm

Kurugol 2012 [42] Z-Stacks Fair and dark skin 24 stacks (15 fair, 9 dark)
Expert-labeled

(inter-expert consistency
evaluated)

Classical ML: SVM (same as [40]),
using 170 texture features (GLCM,

wavelets, Gabor, and spectral)

Comparison of
automatic boundaries

against manual GT

Mean dist.: ~6.4 µm (fair),
~5.3 µm (dark).

Epidermis/dermis
misclassification <10% for

fair skin.

Kurugol 2015 [43] Z-Stacks Fair and dark skin 30 stacks (15 fair,
15 dark)

Expert-labeled by
consensus (at least
two expert readers)

Classical ML hybrid algorithms:
intensity-based peak detection for

dark skin, sequential
segmentation combined with

LS-SVM for fair skin

Comparison with [20]

Mean error: 7.9 ± 6.4 µm (dark),
8.3 ± 5.8 µm to 7.6 ± 5.6 µm
(fair); classification accuracy

87–89% for dark skin.

Ghanta 2017 [20] Z-Stacks Fair and dark skin
10 RCM stacks (5 from
dark skin and 5 from

fair skin).

Manual segmentation
(labels) of the DEJ

boundary provided by
an expert reader.

Math Model: an unsupervised
generative Bayesian framework
using a Marked Spatial Poisson

Process (shape prior fitting
hills/valleys). Dark skin: raw

intensity values are used; for fair
skin, texture features are extracted.

Comparing the
automatically detected

3D DEJ boundary
against GT

Mean error: 5.41 ± 3.94 µm
(dark), 12.1 ± 7.0 µm (fair).

Somoza 2014 [45] Z-Stacks Healthy human skin
Small evaluation

dataset (three stacks);
five strata classes

Expert visual inspection
and manual labeling of

the stacks.

Unsupervised ML: Texton
histogram + PCA + K-means

clustering

Comparison of the
automated five-layer

separation against
expert-graded GT

High correlation and promising
results reported (qualitative)

Hames 2015 [19] Z-Stacks

Healthy human skin
from the dorsal

(sun-exposed) and volar
(less sun-exposed)

forearms

308 depth stacks from
54 volunteers

Weak labels provided
by an experienced

dermatologist. Four
strata: stratum corneum,
viable epidermis, DEJ,
and papillary dermis

Classical ML: Bag-of-features +
hierarchical/spherical K-means +

CRF + structured SVM

A held-out test set of
18 participants

(stratified by age)

Section classification accuracy:
85.7%. Age-related DEJ thinning

and stratum corneum
thickening detected.
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Table 1. Cont.

Reference Input Data Skin Site/Lesion Type Dataset Size and
Class Balance

Ground Truth
Definition Model Family Validation Strategy Performance Metrics

Kaur 2016 [49] Z-Stacks Normal human skin 15 stacks (1500 images).

Manual labeling by
experts, six classes:
stratum corneum,

granular, spinous, basal,
DEJ, dermis.

Deep Learning: Hybrid DNN
against standard CNN (input:

texton features, not raw images)

Five-fold
cross-validation + test

set

Test accuracy: 81.73% Sensitivity
71.74%, Specificity 96.20%,

Precision 72.36%, F-score 0.71.

Bozkurt 2017 [21] Z-Stacks
Normal, benign

melanocytic, diseased
skin

504 stacks (large
dataset)

Manual labeling of each
image by experts.

Deep Learning: CNN + RNN
(Recurrent Neural Network) +
Toeplitz vs. Global Attention

models

Patient-wise hold-out cv
(training, validation,

and testing sets of 245,
61, and 198 stacks

respectively).

Accuracy: 87.97% (base), 88.17%
(with attention)

Robic 2019 [50] Z-Stacks
Normal cheek skin,

targeting chronological
aging.

23 stacks

Pixel-level manual
labeling of three layers:

epidermis, an
“uncertain area”

containing the DEJ, and
dermis

Classical ML: Random Forest + 3D
Conditional Random Field (CRF).
Texture features: statistics, power
spectrum, GLCM, Gabor filters,

Laplacian variance

Performance
comparison of 3D

against 2D CRF and
standalone RF baselines,

with subject-wise
10-fold cv

Acc.: 90%, 54%, 75%;
Sens.: 90%, 68%, 93%;

Spec.: 96%, 92%, 95% (resp.
epidermis,

uncertain/DEJ/dermis)
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3.2. AI for Skin Layer and DEJ Delineation, and Tissue/Pattern Segmentation

In the previous section, we reported the main automatic and semi-automatic systems
representing the current state of the art for the identification of skin layers. These works
mainly focus on RCM studies of healthy skin, with the exception of Bozkurt [21,52,53], who
also included various types of lesions in the dataset.

In this section, we aim to describe the principal methods at the state-of-the-art for
the segmentation/classification of skin mosaic acquired with the RCM technique for
melanocytic lesions. This topic is of fundamental importance because it represents the
starting point for all subsequent algorithms for the discrimination of skin cancers and, in
particular, melanoma detection.

The first work that connects the study of confocal images of melanoma with DL for
strata segmentation and classification is by Gareau et al. [54].

The study focuses on superficial spreading melanoma (SSM), employing a high-
resolution image-analysis framework that leverages two hallmark RCM criteria: the pres-
ence of pagetoid melanocytes within the epidermis and architectural disruption at the DEJ.
Using multiple stacks acquired from melanocytic lesions and nevi, the method estimates
the surface Dsps(x,y), defined as the voxel with the highest reflectance along the z-axis for
each x–y coordinate. This allows for the automatic quantification and localization of the
most superficial pigmented layer—Dsps(x,y)—which corresponds to pagetoid melanocytes
in the epidermis and pigmented basal cells near the DEJ. Because melanin concentration
changes markedly when transitioning from the epidermis to the basal layer, the DEJ can be
approximated, outlined, and visualized through the Dsps(x,y) surface.

The automated annotation of RCM images for segmentation tasks has only rarely been
reported, likely due to the scarcity of labeled datasets. In 2016, Kose et al. [55] introduced a
machine-learning approach capable of distinguishing six common morphological patterns
in RCM images (background, meshwork, ring, clod, mixed, and aspecific). Their workflow
involved dividing 20 suspicious RCM mosaics into 0.5 mm × 0.5 mm tiles. Noise reduction
was achieved using an isotropic Gaussian low-pass filter, while an adaptive histogram
equalization enhanced reflectance contrast. For each tile, texture was characterized using
SURF descriptors, which were encoded into histograms. A support vector machine classifier
was then trained on a subset of annotated mosaics, treating each tile as an independent
sample. The reported performance ranged from 55 to 81% sensitivity and 81–89% specificity
across the six morphological categories.

The first deep learning (DL) contribution in this domain was presented by Kose et al. in
2017 [56]. They developed a DL-based classifier to differentiate the morphological patterns
observed in RCM mosaics of 20 melanocytic lesions at the DEJ. Three CNN-based strategies
were evaluated for identifying the six established pattern types: background, meshwork,
ring, clod, mixed, and aspecific. In the first experiment, a CNN pre-trained on natural
images was fine-tuned for the RCM task. In the second, the authors inserted an additional
fully connected layer before the output and retrained only the final two layers. In the third
approach, the convolutional layers of the CNN were used solely as feature extractors; the re-
sulting descriptors were encoded using a bag-of-words model and classified with a support
vector machine. Bozkurt et al. [53] extended DL implementation using a multiresolution
“nested encoder–decoder” CNN. They aimed to identify the six morphological patterns
with three U-Net [57] subnetworks nested together, with mosaics of original size and a
downsampling of ½ and ¼. The dataset is composed of 56 RCM mosaics from DEJ, collected
from suspicious melanoma lesions. The 3-UNet model achieves an overall accuracy of 73%,
which is almost 4% better than its closest competitor.

In 2020, Kose et al. [25] conducted a study based on a set of 117 RCM mosaics obtained
from melanocytic skin lesions, recorded at the dermo–epidermal junction. The aim was
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to classify these mosaics into six categories considered clinically relevant. Four of these
classes represent different cellular configurations that are observable under the microscope—
arranged in a ring, with a reticular structure, organized in clusters, or lacking a defined
pattern—while the last two categories were added to distinguish both areas of healthy
skin and regions where image quality is compromised by technical artifacts. In this study,
MED-Net was used, an automated semantic segmentation method. MED-Net was trained
and tested on 117 mosaics using 5-fold cross-validation, with pixel-wise annotation by
two RCM experts who reached consensus. Performance was quantified by sensitivity
(82%), specificity (93%), and Dice coefficient (0.78). The model was further applied to
an independent dataset of 372 mosaics for quality assessment. The results showed that
MED-net modestly outperforms the other networks (DNN-SegNet-Deeplab-UNet) in terms
of sensitivity; however, the comparison between models highlights variations based on the
different categories analyzed. In terms of specificity, all four networks show comparable
performance, both when looking at the overall average value and when considering individ-
ual classes. A distinctive feature of MED-Net is its tendency to extend the labels assigned
to an area to immediately adjacent areas that have not yet been annotated, producing more
uniform segmentation maps than the other solutions examined. In addition, the model
proved particularly effective in recognizing the absence of specific cellular patterns, with a
limited number of false positives.

In 2021, D’Alonzo et al. [58] introduced a weak supervision machine learning method
to distinguish two types of regions in RCM mosaics: ‘benign’ and ‘non-specific’. The weakly
supervised approach was trained on 157 mosaics (one per patient) with a patient-level
split (70/10/20%). Pixel-wise labels were used only for evaluation, while training relied
on patch-level labels. Performance reached AUC = 0.969 and Dice coefficient = 0.778 for
segmentation, with patch-level classification accuracy ≈ 88.4%.

The evidence shows that the use of techniques based on CAM can help make the diag-
nostic process more efficient and, from a clinical perspective, potentially reduce melanoma-
related mortality, as it allows for the timely identification and reporting of all suspicious
lesions that require biopsy or further specialist examination. It is plausible that, in the
future, this type of approach will be integrated into structured risk assessment systems,
thereby increasing the reliability and/or safety of diagnoses even when the operator does
not have advanced dermatological expertise.

In 2023, Mandal et al. [59] demonstrated that it is possible to achieve high accuracy
in the automatic classification of Lentigo Maligna melanoma and atypical intraepidermal
melanocytic lesions using stacks of RCM images, whose diagnostic validity was already
confirmed by clinical evaluation and biopsy analysis. The study included 110 patients
and 517 biopsy-confirmed RCM stacks. Patient-level splitting was applied during 5-fold
cross-validation to avoid leakage. The best-performing DenseNet169 model achieved a test
accuracy of 0.80, with the ROC curves and AUC reported. The research team compared
several pre-trained convolutional neural networks (CNN) and also created a lighter CNN
model by combining the features extracted from the networks with traditional machine
learning classifiers. The study included 110 patients: pigmented lesions considered suspi-
cious according to clinical criteria were analyzed with a portable RCM device (Vivascope
3000), and subsequently, the portions of tissue recognized as atypical were biopsied and
subjected to histopathological diagnosis for final confirmation.

The model aimed to deliver a binary classification that could differentiate between
intraepidermal melanocytic proliferation and Lentigo Maligna Melanoma samples with a
test accuracy of 0.80.

The key characteristics of the studies discussed in this section are summarized in
Table 2.
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Table 2. Main features of the papers reviewed in Section 3.2.

Reference Input Data Skin Site/Lesion Type Dataset Size and
Class Balance

Ground Truth
Definition Model Family Validation Strategy Performance Metrics

Gareau 2010
[54] Stacks

Superficial Spreading
Melanoma (SSM), and
benign nevi (including
junctional lentigenous
and congenital nevi)

Ten skin sites in total:
five unequivocal SSMs

and five nevi

Histopathology and
review by an expert

confocal pathologist to
confirm unequivocal

morphology (pagetoid
melanocytes [PM], DEJ

disarray)

Surface fitting to isolate
the most superficial
pigmented surface
(D_SPS) based on

reflectivity, and quantify
malignant features.

Quantitative
comparison of metrics

(PM count and DEJ
roughness) between the
SSM and nevi groups by
statistical significance

tests.

PMs identified in all five SSMs;
none in the nevi. DEJ roughness

significantly higher in SSM
(11.7 ± 3.7) compared to nevi

(5.5 ± 1.0)

Kose 2016 [55]
RCM mosaics divided

into localized
processing areas

Melanocytic skin
lesions, specifically

focusing on patterns at
the DEJ

Twenty mosaics, with
six classes (background,
meshwork, ring, clod,
mixed and aspecific.)

Manual labeling of each
image by experts

Classical ML: SURF
descriptors (texture) +

SVM
Hold out Sensitivity: 55–81%; Specificity:

81–89% (class dependent)

Kose 2017 [56]
Mosaics (at DEJ)

divided into smaller
localized “tiles”

Melanocytic lesions

Twenty mosaics, with
six classes (background,
meshwork, ring, clod,
mixed, and aspecific)

Manual labeling of the
six morphological

patterns by two expert
users.

DL: CNN Fine-tuning
vs. CNN + fully

connected layer and
partial retraining vs.

CNN as Feature
Extractor + BoW + SVM

Comparison of three
CNN strategies against

each other and
against [55]

Results comparable to [55], with
sensitivity from 55% to 81% and

specificity from 81% to 89%
(class-dependent)

Bozkurt 2018
[53]

Downsampled RCM
mosaics. Processing

performed using
256 × 256 pixel tiles
with 75% overlap.

Melanoma-suspicious
melanocytic lesions. Six
morphological patterns

at the DEJ: non-
lesion/background,

artifact, meshwork, ring,
nested (clod), and

Aspecific

Fifty-six mosaics. Class
imbalance handled

using coefficients in the
loss function to weight

under-represented
classes.

Consensus labeling by
two expert readers.

Partial labels: experts
annotated only

representative regions
of the large mosaics,

rather than every pixel.

MUnet, an
encoder–decoder CNN
composed of multiple

nested U-Net
sub-networks.

Trainable on partially
labeled data.

Hold-out cv (46 mosaics
for training and 10 for

testing)

Sensitivity: from 50.52%
to 93.86%.

Specificity: from 90.38%
to 97.88%

More coherent segmentation
compared to baseline models.

Kose 2020 [25]

RCM mosaics (at
various skin layers) and

coregistered
dermoscopy images

Atypical pigmented
lesions (including

melanocytic neoplasms)

A total of 117 mosaics
from seven clinics

(training/validation)
and a test set of
372 coregistered

RCM-dermoscopic
image pairs (from five

clinics); six classes
(included Healthy and

Artifacts)

Pixel-level manual
labeling (semantic

segmentation)
performed by two RCM

experts who reached
consensus

Deep Learning:
MED-Net Multiscale

Encoder–Decoder
Network, a L CNN.

Comparison vs. DNN,
SegNet, DeepLab,

U-Net

Modest sensitivity
improvement; few false

positives.
High performance in

delineating uninformative areas:
Sensitivity: 82%.
Specificity: 93%.
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Table 2. Cont.

Reference Input Data Skin Site/Lesion Type Dataset Size and
Class Balance

Ground Truth
Definition Model Family Validation Strategy Performance Metrics

D’Alonzo 2021
[58]

RCM mosaics collected
at the dermal-epidermal
junction (DEJ). Images

processed as small
patches

Pigmented lesions,
“benign” (regular

architectural patterns)
and “aspecific”

(disrupted architecture
for melanoma, injury, or

inflammation).

A total of 157 mosaics
(1 per patient)

Weak labels provided
by expert readers. Uses

patch-level labels
(identifying whether a
specific FOV contains a

certain pattern).

Weakly Supervised ML:
Patch-based + CAM

(Class Activation Maps)

Training (70%),
validation (10%), and

test (20%) sets.

Area Under the Curve (AUC) of
0.969 and Dice coefficient

of 0.778

Mandal 2023
[59]

Stacks (Vivascope 3000).
LZP to project 3D stacks

into 2D images while
preserving diagnostic

info.

Sun-exposed skin.
Lentigo Maligna vs.

Atypical Intraepidermal
Melanocytic
Proliferation.

A total of 110 patients,
517 RCM stacks

Histopathology
(Biopsy)

Hybrid DL: Pre-trained
CNNs + Lightweight

CNN w/ML classifiers
(SVM/KNN)

k-fold cross-validation +
test

Validation AUC of 0.88 and
accuracy of 81% for

distinguishing LM from AIMP.
Accuracy on test: 80%
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AI methods for tissue and morphological pattern segmentation have progressed from
handcrafted descriptors to deep learning models that can learn clinically meaningful micro-
architectural cues. The main bottlenecks are the scarcity and inconsistency of pixel-level
annotations, variability across body sites and devices, and the presence of non-informative
regions and artifacts. Future work should prioritize standardized annotation schemes,
robust quality-control components, and validation across diverse clinical settings.

3.3. AI for Lesion-Level Diagnostic Classification

Finally, the last but the most important challenge for the discrimination of benign
common nevi from malignant melanoma one is the implementation of an automatic system
that is able to do this starting from the most informative skin stratus, such as DEJ. One
of the first studies on automated RCM image analysis systems is by Wiltgen et al. [60].
Their aim was to check the discrimination power of texture features for the automatic
identification of significant diagnostic regions in CLSM views of malignant melanoma
(50 benign common nevi vs. 50 malignant melanoma). To do this, they used Tissue Counter
Analysis [61], subdivided in a feature extraction step (in the spatial and frequency domains)
from squared subregions of the entire mosaic, a classification step with the Classification
and Regression Trees procedure [62], and a relocation final step in order to visualize the
classification results for single subregions in a complete overview. Features based on the
wavelet transform provide the best results, with 96.0% correctly classified elements from
benign common nevi and 97.0% from malignant melanoma. The same research group, in
2009 [63], proposed a CAD system that analyses each RCM image, dividing it into square
elements of an equal size of 256 × 256 pixels. Following the Tissue Counter Analysis
procedure, several function classifiers are tested, such as linear logistic regression model,
sequential minimal optimization algorithm for support vector classification and multilayer
perceptron, but the best result came from the Classification and Regression Trees procedure
algorithm. In 2010, Koller et al. [18] worked on the same task, implementing a machine
learning algorithm based on image analysis features with wavelet transform and the
Classification and Regression Trees procedure. For all 209 skin tumors (51 melanoma and
158 benign nevi), they collected 16.269 RCM images, classified into the stratum corneum,
the granulosum/spinosum layers and the dermo-epidermal junction zone. Using all
data, without differentiation of strata, the model provided a correct classification of all
24 melanoma in the test set and of 23.53% of the benign melanocytic skin lesions (area
under the curve of 0.638). A separate analysis of the different skin layers shows that for the
DEJ images in the test set, 47.66% of the melanoma and 62.67% of the nevi images were
correctly categorized.

Starting from the same dataset used in [60], their research group proposed, in 2016 [64],
the newest application to distinguish malignant melanoma from benign melanocytic lesions
based on CNN. They consider all RCM images of skin lesions in layers of various depths
(not only DEJ, as in previous studies). The LeNet-5 convolutional neural network [65] was
implemented and trained, achieving 93% accuracy on the unseen test set.

In 2019, Wodzinski et al. [66] designed their melanoma recognition algorithm, based
on fine-tuning a ResNet and pre-trained on ImageNet [67], which was tested on the RCM
mosaics of 429 subjects with MM, basal cell carcinoma and naevus. They used the en-
tire downsampled mosaics with a 10-fold cross-validation method, achieving an overall
accuracy of 0.82 ± 0.02.

Table 3 provides an overview of the main features of the papers reviewed above.
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Table 3. Main features of the papers reviewed in Section 3.3.

Reference Input Data Skin Site/Lesion Type Dataset Size and Class
Balance

Ground Truth
Definition Model Family Validation Strategy Performance Metrics

Wiltgen 2008 [60]
Mosaics (subdivided

into square subregions
for feature extraction)

Malignant Melanoma
vs. Benign Common

Nevi

A total of 100 lesions
(50 melanoma, 50 nevi),

and a total of
6897 images

Images from the DEJ
and labeled based on
visual comparison of
typical cellular and

architectural
morphological

structures.

Classical ML: tissue
counter analysis +
wavelet features +

CART (Classification
and Regression Trees)

Relocation/Visualization
step

Correct classification:
96.0% nevi, 97.0%

melanoma

Wiltgen 2011 [63] Mosaics Malignant Melanoma
vs. Benign Nevi

Same dataset as [60] (50
vs. 50), with a total of

6897 images

Diagnosis (implied
histopathology)

Classical ML on wavelet
features: Bayes-, tree-,

rule-, function
(numeric)-, and

lazy-classifiers. Best:
CART

Hold-out

CART identified as
best-performing and
transparent (accuracy

similar to [60])

Koller 2010 [18] Single RCM images
(from stacks)

Melanoma vs. Benign
Nevi

A total of 209 tumors
(16,269 images) from

178 patients:
51 melanoma

(4669 images); 158 Nevi
(11,600 images);

Histopathological
assessment for all 51
melanomas and 67 of

the nevi; the remaining
91 nevi were diagnosed

based on
clinical/dermoscopic

criteria.

Classical ML: wavelet
features + CART Hold-out with a test set

Test set: 55.68% of
melanoma images were
classified as malignant,
while 46.71% of benign
nevi images were also

classified as malignant.

Wiltgen 2016 [64]

Images from various
skin layers. For the DL
approach, images were

resized to 64 × 64.

Malignant Melanoma
vs. Benign Nevi

Same dataset as [60] (50
vs. 50), with a total of

6897 images
Histopathology

Multires analysis with
wavelet trans. + CART,

and CNN (LeNet-5
architecture)

Hold-out with a test set;
dropout to control

overfitting

Accuracy: 97% during
validation; 81% on the

test set

Wodzinski 2019 [66]

Entire mosaic
(downsampled to

1024 × 1024 or
2048 × 2048 for

processing)

MM, Basal Cell
Carcinoma (BCC), Nevi

A total of 429 subjects
(110 BCC, 160 MM, and

160 NE)
Histopathology

Deep Learning: ResNet
(Pre-trained on

ImageNet, Fine-tuned)
10-fold cv + test

Test set accuracy 87%;
specific F1-scores: 0.91

BCC, 0.80 MM, 0.86 NE.
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Lesion-level diagnostic classification from RCM has shown clear potential, but most
studies are still limited by small, single-center cohorts and heterogeneous reference stan-
dards, which can inflate performance and reduce reproducibility. Evidence would be
strengthened by external testing on independent cohorts, explicit patient-level separation,
and the reporting of clinically relevant metrics (including sensitivity/specificity and calibra-
tion). Ultimately, clinically deployable systems will likely require interpretable outputs and
integration within real-world workflows, potentially alongside complementary modalities.

Figure 2 illustrates a conceptual AI-assisted diagnostic pipeline that synthesizes the
reviewed literature into a coherent clinical workflow. The central pathway depicts the
current state-of-the-art approach, which operates sequentially: it begins with an automated
Quality Control step to filter out artifacts and non-informative regions immediately after
acquisition. This is followed by Navigation and Localization algorithms that automatically
identify the DEJ within the image stack, ensuring that analysis focuses on the correct
histological level. Subsequently, Tissue Segmentation models isolate specific diagnostic
criteria, such as pagetoid cells or architectural disarray, which serve as inputs for the
final Lesion Diagnosis step to classify the lesion as benign or pathological. Parallel to this
sequential process, the dashed lines on the right represent the Future Outlook towards
end-to-end deep learning and multimodal integration. Unlike the multi-step approach,
these next-generation models aim to process raw data directly into diagnostic risk scores,
potentially learning latent features without the need for explicit intermediate segmentation,
thereby streamlining the decision support system.

 

Figure 2. Conceptual AI-assisted RCM diagnostic pipeline. The diagram maps the AI methods
reviewed in this study onto a sequential clinical workflow. Step 1 (Quality Control) ensures the
validity of the acquisition by detecting artifacts or non-informative areas. Step 2 (Navigation)
automates the localization of the dermal–epidermal junction (DEJ). Step 3 (Segmentation) isolates
clinically relevant morphological patterns. Step 4 (Diagnosis) provides a classification output. The
dashed section (Future Outlook) represents the potential for next-generation end-to-end models to
integrate these components into a unified decision support system.
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3.4. Limitations

AI-based methods also have inherent limitations that should be considered their before
clinical translation. Model performance depends strongly on the quality, representative-
ness, and labeling reliability of the training data, and can be influenced by class imbalance,
selection bias, and annotation variability (e.g., single-reader versus consensus, or different
reference standards). Deep models are prone to overfitting when trained on limited cohorts,
and the results can be overly optimistic if patient-level separation is not strictly enforced or
if subtle data leakage occurs. Importantly, the domain shift across acquisition protocols,
body sites, devices, and patient populations may lead to performance degradation when al-
gorithms are deployed outside the setting in which they were developed. These limitations
highlight the need for standardized acquisition and annotation practices, the transparent
reporting of evaluation design, and robust external prospective validation across centers,
devices, and diverse skin types prior to routine clinical use.

3.5. Critical Appraisal and Comparison with Dermoscopy

The consolidation of studies across skin strata delineation, tissue segmentation, and
diagnostic classification (Tables 1–3) reveals distinct evolutionary trends in the application
of AI to Reflectance Confocal Microscopy. By analyzing these works, several key shifts
in model architecture, input data complexity, and validation rigor become apparent. For
example, the most prominent trend is the transition from classical ML pipelines to DL archi-
tectures (and, consequently, from hand-crafted features to end-to-end learning). Another
important aspect is the evolution of input data from patches to the 3D context. Finally,
ground truth definitions move from expert consensus toward histopathological validation.
Several other important aspects deserve attention.

In what follows, external validation denotes the evaluation on independent, patient-
level separated cohorts, ideally multicenter cohorts, with rigorous leakage control. Artificial
Intelligence (AI) for dermoscopy frequently reports an AUC (ROC) > 0.80 for melanoma
detection, typically supported by large, multicenter datasets and external validation, which
enhances generalizability (e.g., systematic reviews such as that of Patel et al., 2023 [5]). A
summary of the key differences between dermoscopy-based and RCM-based AI approaches
is provided in Table 4. By contrast, the current evidence for RCM-based AI is limited in
scale and validation: most studies rely on small, single-center cohorts and heterogeneous
acquisition/annotation protocols, with scarce external testing. As a result, conclusions from
dermoscopy cannot be directly translated to RCM without modality-specific validation and
workflow considerations.

Table 4. Dermoscopy- vs. RCM-based AI for melanoma: dataset scale, validation, performance,
labeling, domain shift, and transferability (References as numbered in the manuscript).

Aspect Dermoscopy-Based AI RCM-Based AI

Dataset scale and provenance
Large cohorts; often multicenter;
public datasets and benchmarks

available.

Small cohorts; typically single-center;
limited public data; heterogeneity

across studies.

External validation Frequent (independent test sets;
multicenter external testing).

Limited/rare; studies mainly report
internal cross-validation or

single-center splits.
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Table 4. Cont.

Aspect Dermoscopy-Based AI RCM-Based AI

Typical performance AUC > 0.80 for melanoma detection
(systematic reviews) [5].

Heterogeneous: pattern/strata
tasks ≈ 0.73–0.88; lesion-level

classification ≈ 0.80 in controlled
settings (e.g., Kose, Bozkurt,

D’Alonzo, Mandal, Wodzinski)
[25,53,55,56,58,59,66].

Labeling and ground truth Image-level labels with consensus;
increasing use of curated datasets.

Pixel-/patch-level labels are often
weak or single-reader; variable

standards across tasks (DEJ, strata,
patterns).

Domain shift sensitivity Moderate; mitigated by dataset
size/variety.

High: performance varies across
devices, body sites, lesion types, and

acquisition quality.

Transferability Higher (due to scale and external
validation).

Limited at present; conclusions from
dermoscopy do not automatically

generalize to RCM.

Representative studies Patel et al., 2023 (systematic review;
dermoscopy AUC > 0.80) [5].

Kose 2016/2017/2020; Bozkurt 2018;
D’Alonzo 2021; Mandal 2023;

Wodzinski 2019
[25,53,55,56,58,59,66].

In terms of dataset size and design, dermoscopy studies often include thousands
of lesions from multiple centers, whereas RCM datasets are modest and single-center:
examples include Kose et al.’s pattern studies on 20 mosaics (DEJ, six patterns) and 56 mo-
saics (nested U Net) [53,55,56], Kose et al.’s 2020 quality assessment on 117 mosaics [25],
D’Alonzo et al.’s 2021 study of weakly supervised segmentation on 157 mosaics (one
mosaic per patient) [58], Mandal et al., 2023, who performed a lesion-level classification
on 110 patients (LM vs. atypical intraepidermal lesions) [59], and Wodzinski et al., 2019,
who performed a CNN classification of 429 subjects (mixed diagnoses) [66]. Even where
accuracy figures are encouraging (e.g., strata classification ≈ 0.82–0.88; DEJ segmentation
improvements; lesion level accuracy ≈ 0.80 in a controlled setting), the limited external
validation and single-center sampling constrain generalizability and raise concerns about
potential overfitting.

Methodologically, RCM AI faces labeling heterogeneity (pixel level vs. section level,
single reader vs. consensus), patient-level separation issues, and domain shift across
devices, body sites, and populations, all of which can degrade performance outside the
development environment. These factors, highlighted in the prior RCM literature and
in our Limitations section, underscore the need for curated multi-institutional datasets,
standardized ground truth at the pixel and patient levels, transparent reporting (strict
patient level separation; leakage control), and prospective external validation across centers
and devices. Practical clinical deployment will likely benefit from quality-control modules
(to detect non-informative regions/artifacts during acquisition) and from multimodal
strategies (e.g., combining RCM + dermoscopy) to improve robustness and translation.

4. Conclusions
Progress in AI pushes towards the implementation of modern and effective systems

to support diagnosis in the biomedical field. If, until now, numerous models have been
proposed for dermoscopic images, with the advent and the increasing diffusion of new
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imaging systems such as RCM in the hospital setting, it is necessary to develop new
algorithms that put together confocal microscopy applied to the skin lesions with CAD
systems. We have seen that, for many research groups, the target points currently focus on
the identification of the skin layers and, in particular, of the DEJ, as an informative layer,
as they are more involved in the proliferation of malignant cells. These systems exploit
transversal RCM acquisitions, mostly of healthy skin, in order to define a three-dimensional
profile useful to the clinician. Another branch of studies, instead, aims to segment the DEJ
into six main characteristic patterns of DEJ skin level. The identification of any aspecific
tissue, characterized by disarray and the presence of melanocytic cells, is the starting point
for a research work that aimed to classify the RCM of benign nevi with respect to malignant
melanomas. This represents the last step and the most important; however, there are still
few works focused on this aspect.

While dermoscopy-based AI frequently reports AUC > 0.80 in large, multi-center co-
horts with external validation, RCM-based AI remains exploratory, with small, single-center
datasets, non-standardized annotations, and limited generalizability. This distinction is cru-
cial for correctly positioning the field: dermoscopy benchmarks do not readily transfer to
RCM. The clinical translation of RCM AI will depend on curated multi-institutional datasets,
harmonized ground truth, prospective external validation across devices and diverse skin
types, and practical workflow integration (including acquisition quality modules). Mul-
timodal strategies combining RCM + dermoscopy may further enhance robustness (see
Section 3.4 and Table 4 for comparative evidence).

This summary of the state of the art in the field of RCM and AI aims to lay the foun-
dations for the development of a CAD system to help the clinician during the acquisition
and diagnosis of any malignant lesion. The first clinical difficulty, in fact, lies in the identifi-
cation of the DEJ during a routine RCM acquisition. Once this layer has been identified,
a segmentation step focused on the type of tissue can certainly facilitate the clinician in
identifying any atypical patterns. From here, finally, classification systems of this aspecific
pattern can be useful to discern the various types of lesions that can be detected.

Future work should prioritize multi-institutional curated datasets, standardized
ground truth and reporting, and prospective evaluations. Multimodal systems integrating
RCM with dermoscopy and/or OCT may further improve robustness. Crucially, algorithms
should be validated across ethnically diverse skin types and across different RCM devices
and settings, alongside practical implementation requirements (workflow integration,
clinician acceptance, and regulatory considerations), before routine clinical adoption.
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