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Deep learning based skin cancer diagnosis in OCT : progress and
prospects
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(1. College of Biomedical Engineering, Fudan University, Shanghai 200433, China. ;
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Abstract: Optical Coherence Tomography (OCT) provides high-resolution images of skin tissue structure and patholog-
ical features. Automated image analysis methods (such as segmentation and classification) are important for assisting
skin disease diagnosis and treatment evaluation. These methods provide quantitative support for medical decisions.
Compared with traditional methods and early machine learning (ML) techniques, deep learning (DL) improved analy-
sis efficiency and reproducibility. It also reduced manual processing time significantly. This paper systematically re-
viewed the application progress of DL in skin OCT image analysis. It focused on technical approaches for image denois-
ing, skin layer segmentation, and skin cancer diagnosis. The study identified key challenges including model general-
ization and data heterogeneity. The findings provide theoretical references and technical guidance for future research di-
rections.
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Fig. 1

Deep learning-based methods/strategies for image denoising: (a) The denoising effect of SM—~GAN at the dermal—epidermal junction

of the skin, using low—speckle images generated by a speckle-modulated OCT system as the supervisory benchmark“?'; (b) Flowchart of SNR-Net for

OCT, using a large—scale speckle—free high—-SNR dataset as training labels'®'; (¢) Schematic diagram of the DnCNN-VGG network architecture , uti-

lizing feature loss extracted by the VGG network as the loss function for denoising in the DnCNN network 7!
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Fig. 2 Methods and strategies of skin structure segmentation based on deep learning: (a) Post—processing strategy proposed by Del Amor
et al., the process begins with generating an initial segmentation map using a fully convolutional network ; then, the upper epidermis region is extract-
ed; filtering functions are applied to enhance the follicular structures ; followed by Fourier domain filtering to smooth the follicular structures; finally,
post—processing is performed to obtain the final follicular structure segmentation map“ﬂ ; (b) Replacing traditional methods with lightweight CNNs for
skin thickness measurement, here showing the skin layer segmentation results and thickness calculations'**'; (¢) The proposed DCU-Net architecture
replaces the complex computational process that previously combined machine learning algorithms with the basic U=Net *°'; (d) Flowchart for utilizing

a convolutional neural network for dermo—epidermal junction segmentation and continuity capture[m
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Fig. 3 OCT skin cancer diagnosis based on deep learning: (a) Automatic BCC detection under few—shot conditions using a pre—trained con-
volutional network integrated with a discriminator—classifier, leveraging feature transfer learning; (b) Exemplary classification results of automatic
BCC detection using full-field optical coherence tomography; (c) Pathological labels and OCT image annotations for SCC automatic detection with
FFOCT-based analysis; (d) Detection results of abnormal cells (marked in red) and normal cell nuclei (marked in green) in an actinic keratosis le-

sion and its surrounding cancerous region
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Fig. 4 Deep learning-based multimodal OCT method for skin cancer diagnosis: (a) Using polarization—sensitive OCT combined with in-
tensity OCT information for differential diagnosis, achieving an accuracy of 95.4% in detecting BCC™; (b) Extracting OAC images from OCT, and
performing joint training using both OAC images and their PDF features for a three—classification task of AK, BCC, and normal tissue, achieving an ac-
curacy of 100%""; (¢) The comparison between AK and normal tissues in pathological images, OAC images, and PDFs reflects a clear correlation be-

tween pathological features and both OAC and PDFs'”



0 LT 5N 5 B K k2

XX &

AR, s A Y (492 AL fiE

SR, TRIE 7~ B H B2 2 T OCT 1Y B2k
TS W Sk 184 A JETT 1w, n] LA R N TR
A B2 W B HERR AR, O OCT W35 78 B IR 12 1B
U S T RS Rl . YR EERBEE
AAETIATRE OCT R T 52 Pr i PR AR, BOE
{14 35 B 1= A 7 B A2 Wiy K2 UK iR D20 AR B i 3
A VLR T ARRACE I T AN 12 W 08 3 b vf
AT OCT £ AR TE B WA B RE2 W A0 i s 1) = 2L
e PR A1 T 50 5 31 A s PR R AR I )32 sl D 22 ol
PRUfEAL B RES WL B Bl i B |l PR 2 IR v A
PR IR LA R R AR A3 2 B . iz s D 2 (0 7H
BRT LLIE i 2 1 OCT R GE R R AL AP iz
SR THE A TR 15 8 R A R 3 TC B TR OCTT ) A 1 B3
LT BRI . TR B2 IR A0 R (4 15 42
BETV, B AL 0 T RSO0 o A5 i ke 3 T — S
a N TE R B2 W A bRHEAL i A , 0 A (455X
1R 73 AR OCT B A T BN 2 Il 50 M 1 A e 1) 5K
BEPRAS A B TR S JER OCT Hh Y 5080 s v A — 2
A, HGa g 2SR S FE 5
REAL BT R GE, 1T Ik 28 40 R S A5OR B 2 g BRI 352
{14 1 00, A R AR N D 43 1 22 S, 48 13 i PR 22 W
YERA P IS B2 I 48 R A4 m e, in ok PR AR A 432
JEE 5 B0 (0 b A g 1E— 20 e 2 cdla J2E i 57 A
LB 2H 22 8] B R = S A TR g PR ik AR
PERARMERY GE— , ISR A R A 5 e b, it — 2 Wt
KA OCT B3R K R AL S i s (e R R BT )
S B I HTBE 22, FO 20 B 2 — 4k iR BE 0 ml ok Bz ik
g 321 S5 E AR W B (RS s ] AR ARG o XA
TAR B+ HOR BT BB, AN RE S i B AT 4R
B AL B B SRk A, B A e
IR T 52 SCH) e A 3, {8 AT T 0 SRS DR 3 T M
IRASIF T K, e 2 S BURG WE BE I 7 BEUR Y T UM%
HAT T R AA SR T

References
[1] TOMLINS P H, WANG R K. Theory, developments and

applications of optical coherence tomography [J]. Journal
of Physics D: Applied Physics, 2005, 38(15): 2519-35.

[2] USMAN M, FRAZ M M, BARMAN S A. Computer Vision
Techniques Applied for Diagnostic Analysis of Retinal OCT
Images: A Review [J]. Archives of Computational Methods
in Engineering, 2017, 24(3): 449-65.

[3] BUSSEL I I, WOLLSTEIN G, SCHUMAN J S. OCT for
glaucoma diagnosis, screening and detection of glaucoma
progression [J]. British Journal of Ophthalmology, 2014,

98(Suppl 2): iil5.

[4] MONTEIRO-HENRIQUES I, ROCHA-SOUSA A, BAR-
BOSA-BREDA J. Optical coherence tomography angiogra-
phy changes in cardiovascular systemic diseases and risk
factors: A Review [J]. Acta Ophthalmologica, 2022, 100
(1): el-els5.

[5] WIESER W, BIEDERMANN B R, KLEIN T, et al. Multi—
Megahertz OCT: High quality 3D imaging at 20 million A—
scans and 4.5 GVoxels per second [1]. Opt Express, 2010,
18(14) : 14685-704.

[6] RAJABI-ESTARABADI A, BITTAR J M, ZHENG C, et
al. Optical coherence tomography imaging of melanoma skin
cancer [J]. Lasers in Medical Science, 2018, 34 (2) :
411-20.

[7] LEVINE A, WANG K, MARKOWITZ O. Optical Coher-
ence Tomography in the Diagnosis of Skin Cancer [J]. Der-
matologic Clinics, 2017, 35(4) : 465-88.

[8] YAZDANFAR S, ROLLINS A M, IZATT J A. In Vivo Im-
aging of Human Retinal Flow Dynamics by Color Doppler
Optical Coherence Tomography [J]. Archives of Ophthal-
mology, 2003, 121(2): 235-9.

[9] BAUMANN B. Polarization Sensitive Optical Coherence To-
mography: A Review of Technology and Applications [J].
Applied Sciences, 2017, 7(5): 474.

[10] DE CARLO T E, ROMANO A, WAHEED N K, et al. A

review of optical coherence tomography angiography (OC-
TA) [J]. International Journal of Retina and Vitreous,
2015, 1(1): 5.

[11] STRASSWIMMER J, PIERCE M C, PARK B H, et al.
Polarization—sensitive optical coherence tomography of in-
vasive basal cell carcinoma [J]. ] Biomed Opt, 2004, 9
(2):292-8.

[12] HORI 'Y, YASUNO Y, SAKAIS, et al. Automatic charac-
terization and segmentation of human skin using three—di-
mensional optical coherence tomography [J]. Opt Ex-
press, 2006, 14(5): 1862-77.

[13] MOGENSEN M, THRANE L, JOERGENSEN T M, et al.
Optical coherence tomography for imaging of skin and skin
diseases [J]. Semin Cutan Med Surg, 2009, 28 (3) :
196-202.

[14] DALIMIER E, SALOMON D. Full-field optical coher-
ence tomography: a new technology for 3D high—resolu-
tion skin imaging [1l. Dermatology, 2012, 224 (1)
84-92.

[15] SATTLER E, KASTLE R, WELZEL J. Optical coherence
tomography in dermatology [J]. J Biomed Opt, 2013, 18
(6): 061224.

[16] BOONE M A, MARNEFFE A, SUPPA M, et al. High-
definition optical coherence tomography algorithm for the
discrimination of actinic keratosis from normal skin and
from squamous cell carcinoma [J]. J Eur Acad Dermatol
Venereol, 2015, 29(8): 1606-15.

[17] HUSSAIN A A, THEMSTRUP L, JEMEC G B. Optical
coherence tomography in the diagnosis of basal cell carci-
noma [J]. Arch Dermatol Res, 2015, 307(1): 1-10.

[18] ULRICH M, VON BRAUNMUEHL T, KURZEN H, et
al. The sensitivity and specificity of optical coherence to-
mography for the assisted diagnosis of nonpigmented basal

cell carcinoma: an observational study [J]. Br J Derma-



XX B TSI 7 OCT B AR ST I 15 2 .

tol, 2015, 173(2): 428-35.

[19] GAO W, ZAKHAROV V P, MYAKININ O O, et al. Med-
ical images classification for skin cancer using quantita-
tive image features with optical coherence tomography [J].
Journal of Innovative Optical Health Sciences, 2016,
09(02).

[20] BATZ S, WAHRLICH C, ALAWI A, et al. Differentia-
tion of Different Nonmelanoma Skin Cancer Types Using
OCT [J]. Skin Pharmacol Physiol, 2018, 31(5): 238-45.

[21] BROMBERGER L, HEISE B, FELBERMAYER K, et al.
Radiation—induced alterations in multi-layered, in—vitro
skin models detected by optical coherence tomography and
histological methods [J]. PLoS One, 2023, 18 (3) :
€0281662.

[22] TANG H, XU C, GE Y, et al. Multiparametric Quantita-
tive Analysis of Photodamage to Skin Using Optical Coher-
ence Tomography [J]. Sensors (Basel), 2023, 23(7).

[23] WELZEL J, BRUHNS M, WOLFF H H. Optical coher-
ence tomography in contact dermatitis and psoriasis [J].
Archives of Dermatological Research, 2003, 295 (2) :
50-5.

[24] ULRICH M, THEMSTRUP L, DE CARVALHO N, et al.
Dynamic Optical Coherence Tomography in Dermatology
[1]. Dermatology, 2016, 232(3): 298-311.

[25] RAJABI-ESTARABADI A, VASQUEZ-HERRERA N
E, MARTINEZ-VELASCO M A, et al. Optical coherence
tomography in diagnosis of inflammatory scalp disorders
[J]. Journal of the European Academy of Dermatology and
Venereology, 2020, 34(9). 2147-51.

[26] GUIDA S, LONGHITANO S, ARDIGd M, et al. Dermos-
copy, confocal microscopy and optical coherence tomogra-
phy features of main inflammatory and autoimmune skin
diseases: A systematic review [J]. Australasian Journal of
Dermatology, 2022, 63(1): 15-26.

[27] WANG R K, JACQUES S L, MA Z, et al. Three dimen-
sional optical angiography [J]. Opt Express, 2007, 15
(7): 4083-97.

[28] ZHOU Y, YIN D, XUE P, et al. Imaging of skin mi-
crovessels with optical coherence tomography: potential
uses in port wine stains (1] Exp Ther Med, 2012, 4(6) .
1017-21.

[29] GAMBICHLER T, AZEM P, AND SCHMITZ L. Recent
advances in clinical application of optical coherence to-
mography of human skin [J]. Clinical, Cosmetic and In-
vestigational Dermatology, 2015, 8(null): 345-54.

[30] O'LEARY S, FOTOUHI A, TURK D, et al. OCT image
atlas of healthy skin on sun—exposed areas [J]. Skin Re-
search and Technology, 2018, 24(4): 570-86.

[31]WUJ, MA Q, ZHOU X, et al. Segmentation and quantita-
tive analysis of optical coherence tomography (OCT) imag-
es of laser burned skin based on deep learning (7.
Biomed Phys Eng Express, 2024, 10(4).

[32] LEE C-K, TSAI M-T, CHANG F-Y, et al. Evaluation of
Moisture—Related Attenuation Coefficient and Water Diffu-
sion Velocity in Human Skin Using Optical Coherence To-
mography [J]. Sensors, 2013, 13(4): 4041-50.

[33] SHRESTHA A, MAHMOOD A. Review of Deep Learning
Algorithms and Architectures [J]. IEEE Access, 2019,
7: 53040-65.

[34] VIEDMA I A, ALONSO-CANEIRO D, READ S A, et al.
Deep learning in retinal optical coherence tomography
(OCT) : A comprehensive survey [J]. Neurocomputing,
2022, 507: 247-64.

[35] MADANI M, BEHZADI M M, NABAVI S. The Role of
Deep Learning in Advancing Breast Cancer Detection Us-
ing Different Imaging Modalities: A Systematic Review [J/
OL] 2022, 14(21):10.3390/cancers14215334

[36] FU Q, CHEN Y, LI Z, et al. A deep learning algorithm
for detection of oral cavity squamous cell carcinoma from
photographic images: A retrospective study [J]. eClini-
calMedicine, 2020, 27.

[37]CHUCS, LEENP, HOJ W K, et al. Deep Learning for
Clinical Image Analyses in Oral Squamous Cell Carcino-
ma: A Review [J]. JAMA Otolaryngology -~ Head & Neck
Surgery, 2021, 147(10) : 893-900.

[38] GOMEZ-VALVERDE J J, SINZ C, RANK E A, et al.
Adaptive compounding speckle—noise-reduction filter for
optical coherence tomography images [J]. J Biomed Opt,
2021, 26(6).

[39] PIRCHER M, GOTZINGER E, LEITGEB R, et al.
Speckle reduction in optical coherence tomography by fre-
quency compounding [J]. J Biomed Opt, 2003, 8(3) :
565-9.

[40] LIBA O, LEW M D, SORELLE E D, et al. Speckle—mod-
ulating optical coherence tomography in living mice and
humans [J]. Nat Commun, 2017, 8: 15845.

[41] WINETRAUB Y, WU C, COLLINS G P, et al. Upper lim-
it for angular compounding speckle reduction [J]. Appl
Phys Lett, 2019, 114(21): 211101.

[42]1 DONG Z, LIU G, NI G, et al. Optical coherence tomogra-
phy image denoising using a generative adversarial net-
work with speckle modulation [J1.J Biophotonics, 2020,
13(4): e201960135.

[43] HUANG S, WANG R, WU R, et al. SNR-Net OCT:
brighten and denoise low=light optical coherence tomogra-
phy images via deep learning [J]. Opt Express, 2023, 31
(13): 20696-714.

[44] BAYHAQI Y A, HAMIDI A, CANBAZ F, et al. Deep-
Learning—Based Fast Optical Coherence Tomography
(OCT) Image Denoising for Smart Laser Osteotomy [J].
IEEE Trans Med Imaging, 2022, 41(10): 2615-28.

[45] RAHAMAN J, LUKAS B, MAY ], et al. A fast normaliza-
tion and de—speckled method for skin optical coherence to-
mography image via deep learning [Z]. Photonics in Der-
matology and Plastic Surgery 2023. 2023.10.1117/12.
2651211

[46] RAHAMAN J, MAY J, PUYANA C, et al. Novel denois-
ing technique for optical coherence tomography images
[Z]. Photonics in Dermatology and Plastic Surgery 2024.
2024.10.1117/12.3003575

[47] MEHDIZADEH M, MACNISH C, XIAO D, et al. Deep
feature loss to denoise OCT images using deep neural net-
works [J]. ] Biomed Opt, 2021, 26(4).

[48]1YU X, GE C, LI M, et al. Self-supervised Blind2Un-
blind deep learning scheme for OCT speckle reductions
[J]. Biomed Opt Express, 2023, 14(6): 2773-95.

[49] LANDMAN B A, ANGELINI E D, SALMA N, et al. Seg-

mentation of subcutaneous fat within mouse skin in 3D



12 AN/ RS9 S g o

XX &

OCT image data using random forests [Z]. Medical Imag-
ing 2018: Image Processing. 2018.10.1117/12.2290085

[50] FANG L, CUNEFARE D, WANG C, et al. Automatic
segmentation of nine retinal layer boundaries in OCT imag-
es of non—exudative AMD patients using deep learning
and graph search [J]. Biomed Opt Express, 2017, 8(5) :
2732-44.

[51] LIU X, BI L, XU Y, et al. Robust deep learning method
for choroidal vessel segmentation on swept source optical
coherence tomography images [J]. Biomed Opt Express,
2019, 10(4): 1601-12.

[52] AWAIS M, MiLLLER H, TANG T B, et al. Classification
of SD-OCT images using a Deep learning approach; pro-
ceedings of the 2017 IEEE International Conference on
Signal and Image Processing Applications (ICSIPA) , F
12-14 Sept. 2017, 2017 [C].

[53] DEL AMOR R, MORALES S, COLOMER A, et al. Auto-
matic Segmentation of Epidermis and Hair Follicles in Op-
tical Coherence Tomography Images of Normal Skin by
Convolutional Neural Networks [J]. Front Med (Laus-
anne ), 2020, 7: 220.

[54] LINY, LID, LIU W, et al. A measurement of epidermal
thickness of fingertip skin from OCT images using convolu-
tional neural network [J]. Journal of Innovative Optical
Health Sciences, 2020, 14(01).

[55] TIMO K, CHRISTINE D, MALTE C, et al. Segmentation
of subcutaneous fat within mouse skin in 3D OCT image
data using random forests; proceedings of the ProcSPIE,
F, 2018 [C].

[56] KEPP T, DROIGK C, CASPER M, et al. Segmentation of
mouse skin layers in optical coherence tomography image
data using deep convolutional neural networks [1l.
Biomed Opt Express, 2019, 10(7): 3484-96.

[57] CHOU H Y, HUANG S L, TJIU ] W, et al. Dermal epi-
dermal junction detection for full-field optical coherence
tomography data of human skin by deep learning [J]. Com-
put Med Imaging Graph, 2021, 87: 101833.

[58] LIN C H, LUKAS B E, RAJABI-ESTARABADI A, et al.
Rapid measurement of epidermal thickness in OCT images
of skin [J]. Sei Rep, 2024, 14(1): 2230.

[59] LIU X, CHUCHVARA N, LIU Y, et al. Real-time deep
learning assisted skin layer delineation in dermal optical
coherence tomography [J]. OSA Contin, 2021, 4(7) :
2008-23.

[60] LIU X, OUELLETTE S, JAMGOCHIAN M, et al. One-
class machine learning classification of skin tissue based
on manually scanned optical coherence tomography imag-
ing [J]. Sci Rep, 2023, 13(1): 867.

[61] WANG C, MA Q, WEL'Y, et al. Deep learning automati-
cally assesses 2—microm laser—induced skin damage OCT
images [J]. Lasers Med Sci, 2024, 39(1): 106.

[62] SIGSGAARD V, THEMSTRUP L, THEUT RIIS P, et al.
In vivo measurements of blood vessels’ distribution in
non—melanoma skin cancer by dynamic optical coherence
tomography — a new quantitative measure? [J]. Skin Res
Technol, 2018, 24(1): 123-8.

[63] SCHUH S, HOLMES J, ULRICH M, et al. Imaging
Blood Vessel Morphology in Skin: Dynamic Optical Coher-

ence Tomography as a Novel Potential Diagnostic Tool in
Dermatology [J]. Dermatol Ther (Heidelb) , 2017, 7
(2): 187-202.

[64] THEMSTRUP L, DE CARVALHO N, NIELSEN S M, et
al. In vivo differentiation of common basal cell carcinoma
subtypes by microvascular and structural imaging using dy-
namic optical coherence tomography [J]. Exp Dermatol,
2018, 27(2): 156-65.

[65] MEIBURGER K M, CHEN Z, SINZ C, et al. Automatic
skin lesion area determination of basal cell carcinoma us-
ing optical coherence tomography angiography and a skele-
tonization approach: Preliminary results [J]. Journal of
Biophotonics, 2019, 12(9): ¢201900131.

[66] XU J, YUAN X, HUANG Y, et al. Deep—learning visual-
ization enhancement method for optical coherence tomog-
raphy angiography in dermatology [J]. Journal of Biopho-
tonics, 2023, 16(10): ¢202200366.

[67] MEKONNEN B K, HSIEH T H, TSAID F, et al. Genera-
tion of Augmented Capillary Network Optical Coherence
Tomography Image Data of Human Skin for Deep Learning
and Capillary Segmentation [J]. Diagnostics (Basel) ,
2021, 11(4).

[68] JORGENSEN T M, TYCHO A, MOGENSEN M, et al.
Machine-learning classification of non-melanoma skin
cancers from image features obtained by optical coherence
tomography [J]. Skin Res Technol, 2008, 14(3): 364-9.

[69] LI A, CHENG J, YOW A P, et al. Automated basal cell
carcinoma detection in high—definition optical coherence
tomography ; proceedings of the 2016 38th Annual Interna-
tional Conference of the IEEE Engineering in Medicine
and Biology Society (EMBC) , F 16-20 Aug. 2016,
2016 [C].

[70] MANDACHE D, DALIMIER E, DURKIN J R, et al. Bas-
al cell carcinoma detection in full field OCT images using
convolutional neural networks; proceedings of the 2018
IEEE 15th International Symposium on Biomedical Imag-
ing (ISBI 2018), F 4-7 April 2018, 2018 [C].

[71] HO C J, CALDERON-DELGADO M, CHAN C C, et al.
Detecting mouse squamous cell carcinoma from submicron
full-field optical coherence tomography images by deep
learning [J1.J Biophotonics, 2021, 14(1): €202000271.

[72] FISCHMAN S, PEREZ-ANKER J, TOGNETTI L, et al.
Non-invasive scoring of cellular atypia in keratinocyte
cancers in 3D LC—OCT images using Deep Learning [J].
Sci Rep, 2022, 12(1): 481.

[73] YI J-Y, HUANG S-L, LI S, et al. Discrimination of the
Skin Cells from Cellular—Resolution Optical Coherence
Tomography by Deep Learning [J]. Photonics,
2025, 12(3).

[74] MARVDASHTI T, DUAN L, AASI S Z, et al. Classifica-
tion of basal cell carcinoma in human skin using machine
learning and quantitative features captured by polarization
sensitive optical coherence tomography [J]. Biomed Opt
Express, 2016, 7(9): 3721-35.

[75] ZHANG 1., LI X, CHEN W, et al. A joint learning ap-
proach for automated diagnosis of keratinocyte carcinoma
using optical attenuation coefficients [ J]. npj Digital Medi-
cine, 2025, 8(1): 232.



