5 44 B 5 0 AP NS N2 3 1 Vol. 44, No. 5
2025 47 10 H J. Infrared Millim. Waves October, 2025

XEHS:1001-9014(2025)05-0680-12 DOI: 10. 11972/j. issn. 1001-9014. 2025. 05. 006
ETREZEIFENOCTERKEZH . ARERE

%/‘ %1, é%%ly F/\ ?&19 %%4‘&%2’ % %2’ )Jj }@4:\2, %%%lx
(1. B HRZAY 2 TR G ARGH B, [ 200433 ;
2. S BRAF MR AR B B e JIRAE, 18 200040)

E . KOt 4 T B 7 B A% (Optical Coherence Tomography, OCT) 4 5 ik 41 41 45 1 fn g B AR AE 0 4R T & 20 3
EEGEM., FREDNEGLI N T E(WR A 50X MM A RR LR THEAEEZGRNE, THE
JTRFARME L. MR TH %7 &R FEMILEF 3 (Machine Learning, ML) # K , % & % 3] (Deep Learning,
DL)BERAT oM BESTELNE, ARBEI AT, ZXRAALER T Y a1 DLE A ZE Kk OCT B o4 & i
B & B BT HE EAR R R B A R R E D R R AR IR R T R AR M AL |
BT, A RSN RREERSE ERH AL R W5,

X B WOLFMTENRG; WEF; LRELE; Kka B Hf g

HE 5 %S TP183 SCERFRIRAD: A

Deep learning based skin cancer diagnosis in OCT : progress and
prospects
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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'”
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