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Abstract— Basal cell carcinoma (BCC) is the most common
non-melanoma skin cancer. Conventional diagnosis of BCC
requires invasive biopsies. Recently, a high-definition optical co-
herence tomography (HD-OCT) technique has been developed,
which provides a non-invasive in vivo imaging method of skin.
Good agreements of BCC features between HD-OCT images
and histopathological architecture have been found. Therefore
it is possible to automatically detect BCC using HD-OCT. This
paper presents a novel BCC detection method that consists
of four steps: graph based skin surface segmentation, surface
flattening, deep feature extraction and the BCC classification.
The effectiveness of the proposed method is well demonstrated
on a dataset of 5,040 images. It can therefore serve as an
automatic tool for screening BCC.

I. INTRODUCTION

Basal cell carcinoma (BCC) is the most common ma-
lignant skin tumor, which accounts for approximately 70%
of non-melanoma skin cancers [1]. Conventional diagnostic
procedure requires a histopathological examination based on
tissue biopsy of the tumour, which is invasive and implicates
multiple surgical procedures. In the past decade, non-invasive
in vivo imaging techniques have been introduced to the detec-
tion of BCC, including high-frequency ultrasound (HFUS),
optical coherence tomography (OCT) and reflectance con-
focal microscopy (RCM). The penetration of HFUS is the
deepest but its resolution is very limited, while RCM has
the highest resolution but the shallowest penetration. The
resolutions an the penetration depth of conventional OCT
both lie between HFUS and RCM.

It has been reported that the specificity of HFUS and
conventional OCT in the diagnosis of BCC is insufficient
due to low resolution [2]. Although RCM provides a clearer
image, its penetration depth is very limit. Recently, a new
high definition optical coherence tomography (HD-OCT)
device has been developed [3], which provides a resolution
comparative to RCM and a penetration depth close to HFUS.
Recent studies [4], [2] show good agreements of BCC
features between HD-OCT images and histological sections,
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which implies that it is possible to automatically detect BCC
using HD-OCT.

In this work, a novel approach for automatic BCC de-
tection is proposed. First, the skin surface is extracted by
a graph based method. Then the skin image is normalized
by flattening the surface. BCC detection is achieved by
learning a classifier on the normalized images. Deep con-
volutional neural networks have been prove successful in
image classification. It provides an end-to-end solution for
image classification. However, training an effective network
requires a large number of images, which is not available
in BCC detection. We propose an alternative approach by
adopting pre-trained networks that obtained from large-
scale dataset and integrating it with the skin images via a
discriminant classifier. The effectiveness of proposed method
is well demonstrated on a dataset consists of 5,040 images.
To the best of our knowledge, it is the first study on automatic
BCC detection in HD-OCT.

The remainder of this paper is organized as follows.
Section II describes the proposed BCC detection method.
Section III shows the experimental results. Conclusions and
discussions are given in Section IV.

II. METHODOLOGY

As shown in Figure 1, the proposed BCC detection method
includes four main steps: skin surface extraction, surface
flattening, deep feature extraction and BCC classification.

A. Skin Surface Segmentation

The HD-OCT image is captured by placing the probe
onto target skin area. Optic gels are applied for enhancing
the signal, which result in the dark area between the skin
surface and the top of the image. Due to the difference in gel
thickness and the pressure of placing the probe, the vertical
locations of skin surface varies in image (see Figure 2).
Besides that, the complicated topography of skin surface also
makes it difficult to directly compare the image. Therefore,
image normalization is a prerequisite for detecting BCC.
Consequently, skin surface segmentation is needed.

We represent a skin image as an undirected graph, in
which each pixel is a vertex. Having the prior knowledge that
skin surface is a continuous contour across the entire width
of image, the connectivity of the contour should be enforced.
It is achieved by defining the edges of graph as 8-neighbor
connections of every pixel. Consequently, the skin surface
segmentation can be formulated as a problem of finding the
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Fig. 1: Pipeline of BCC detection in HD-OCT.

shortest path of the graph [5]. The weight w of a graph edge
of is defined as

w(m,n) = (1−Gm)+(1−Gn)+σ , (1)

where 0 ≤ Gm ≤ 1 and 0 ≤ Gn ≤ 1 are normalized vertical
gradients for pixel m and n. σ > 0 is a regularization constant
of small value. The solution of the shortest path is achieved
by Dijkstra’s algorithm [5].

B. Image Normalization

The skin image is normalized by flattening the surface.
Denote the skin surface as a set of vertical coordinates
Y = [Y1,Y2, . . . ,Yn], where n is the width of the image. The
flattened image is simply obtained by

Im f latte(x,y) = Imoriginal(x,y−Yx), (2)

where x is the column index. By fixing the sampling depth
to 90 pixel, the skin area is flattened to a 360×90 rectangle.
Exemplar images of flattened skin can be found in Figure 2.

C. Deep Feature Extraction

Convolutional networks (ConvNets) have been proved
better than handcrafted features in large-scale image clas-
sification. As mentioned in Section I, due to the relatively
limit number of skin images, ConvNets is only used for
feature representation. 4 popular ConvNets obtained from
the ImageNet [6] dataset are adopted to BCC detection:
AlexNet [7], VGG-16, VGG-19 [8] and GoogLeNet [9].

The architecture of a ConvNet consists of a stack of
convolutional layers followed by several fully connected
layers. We find that the fully connected layers in AlexNet,
VGG-16 and VGG-19 do not enhance the performance.
Only the convolutional layers are used in this work. The
configuration of convolutional layers is determined by three
factors: the filter size, the channel or filter number and the
followed max pooling layer. Table I shows the configurations
of AlexNet, VGG-16 and VGG-19. As can be seen, AlexNet
has bigger filter sizes but fewer convolutional layers, while
VGG-16 and VGG-19 are smaller in filter size. The key

TABLE I: Configurations of AlexNet, VGG-16 and VGG-19.

AlexNet VGG-16 VGG-19
Input (Image Patch)

filter channel filter channel filter channel

11×11 96 3×3 64 3×3 64
3×3 64 3×3 64
Max pooling

5×5 256

3×3 128 3×3 128
3×3 128 3×3 128

Max pooling
3×3 256 3×3 256
3×3 256 3×3 256
3×3 256 3×3 256

3×3 256
Max pooling

3×3 384
3×3 512 3×3 512
3×3 512 3×3 512
3×3 512 3×3 512

3×3 384
3×3 512

Max pooling
3×3 512 3×3 512

3×3 256
3×3 512 3×3 512
3×3 512 3×3 512

3×3 512
Max pooling

Output (4096 dimensional feature)

difference between GoogLeNet and AlexNet, VGG-16 and
VGG-19 is the introduction of additional 1×1 convolutional
layers and the Network in Network (NIN) inspired by Lin
et al. [10]. NIN is a small branching and merging network
structure embedded in convolutional networks. By applying
this special architecture, a much deeper but computational
efficient network that consists of 27 layers is developed.

As shown in Figure 1, the shape of the normalized image
is flat which is different from the square template used in
ImageNet classification [7], [8], [9]. To apply the ConvNets,
the HD-OCT image is divided into 4 90×90 non-overlapping
square patches, from which deep features are extracted
independently.

The dimensions of output feature for AlexNet, VGG-16,
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Fig. 2: Exemplar HD-OCT images of skin. Row (a) and (b) show some diseased images before and after flattening respectively,
while (c) and (d) are normal cases.

VGG-19 and GoogLeNet are 4,096, 4,096, 4,096 and 1000
respectively. Concatenating the features of 4 patches, a HD-
OCT image is represented by a 16,384 or 4,000 dimensional
vector. As can be seen, the dimension is very high which
may lead to heavy computational cost. In practice, the
BCC detection will be performed in the whole HD-OCT
volume that consists of hundreds of images rather than a
single image. The diagnosis will be based on the number
of abnormal image. Therefore computational efficiency is
important. To speed up the detection, principal component
analysis (PCA) [12] is applied for dimension reduction.

D. Basal Cell Carcinoma Detection

The detection of BCC is formulated as a binary classi-
fication problem based on the deep features described in
Section II-C. In this work, support vector machine (SVM)
[11] is used to classify the diseased images from normal
cases.

III. EXPERIMENTS

The proposed method is evaluated on a dataset consists
of 14 three dimensional HD-OCT volumes, including 7
BCC and 7 normal cases. All the samples are captured
by a SkinTell R© [3] HD-OCT machine. The volume size is
360× 200× 360 that corresponds to a 1.0×0.57×1.0 mm
cuboid. Consequently there are 5,040 360×200 B-scans, in
which 1,875 contains lesion or irregular structures. All the
disease cases are nodular BCC on the human face. To make
a fair comparison, the normal samples on corresponding area
are also included. Examples of the HD-OCT images can be
found in Figure 2.

Considering that adjacent images in the same HD-OCT
volume are highly correlated, the results might be misleading
if such images appear in both training and testing set. The
experiments are carried out by performing a 7-fold cross

validation. In each fold, 1 BCC and 1 normal volumes are
used for testing, the rest 12 volumes are used for training the
SVMs. With such an arrangement, the influence of adjacent
image is strictly excluded in evaluation. The implementation
of classifier is based on the LIBSVM library [11]. Linear
SVMs with default parameters are used for detecting the
BCC.

BCC detection results in the form of receiver operat-
ing characteristic (ROC) curves are shown in Figure 3.
Corresponding area under the curves (AUCs) are given in
Table II. The performance rank is VGG-16>AlexNet>VGG-
19>GoogLeNet using full length of features. The highest
AUC is 0.935, which clearly proves that automatic BCC
detection in HD-OCT is a feasible approach.

Experimental results with PCA dimension reduction are
also presented. As can be seen, the PCA modeling can
considerably reduce the feature dimension with a small
sacrifice of performance. AlexNet and VGG-19 even get
better results after dimension reduction. Among the 4 Con-
vNets, GoogLeNet gets no performance decline even when
the feature dimension is reduced to 100. Because of the
limit dimension of original features, GoogLeNet does not
achieve as good performance as AlexNet, VGG-16 and
VGG-19. However, the experimental results show that feature
of GoogLeNet is a very stable. AlexNet achieves the second
smallest performance decline. When the feature dimension
is reduced to 100, AlexNet outperforms other ConvNets and
obtain a AUC loss of 0.019. VGG-16 would be the choice of
ConvNet, however, if the speed requirement is high AlexNet
with PCA compression is better.

IV. CONCLUSIONS AND DISCUSSIONS

In this paper, we first study the automatic detection of BCC
in HD-OCT. A novel BCC detection approach is proposed,
which includes four steps: graph based skin surface extrac-
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Fig. 3: Basal cell carcinoma detection results in receiver operating characteristic curves.

TABLE II: Area under the curves (AUCs).

ConvNet Ori. Dimension of PCA feature
100 200 500 1000 2000

AlexNet 0.916 0.897 0.915 0.897 0.917 0.917
GoogLeNet 0.744 0.744 0.744 0.744 0.744 0.744

VGG-16 0.935 0.858 0.913 0.928 0.931 0.933
VGG-19 0.891 0.798 0.824 0.863 0.894 0.893

tion, surface flattening, deep convolutional feature extraction
and SVM based BCC classification. Experimental validation
on a dataset consists of 5,040 images clearly shows that the
proposed method is effective and using HD-OCT to detect
BCC is a feasible and promising approach.

Training an effective ConvNet usually requires millions
images. Severe overfitting will occur if the sample number is
insufficient. Although large-scale HD-OCT dataset of skin is
currently not available, fine tuning the pre-trained ConvNets
on skin images might improve the performance. Exploring
the fine tuning of ConvNet will be our future work.
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