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Surgical excision is an e®ective treatment for oral squamous cell carcinoma (OSCC), but exact
intraoperative di®erentiation OSCC from the normal tissue is the ¯rst premise. As a noninvasive
imaging technique, optical coherence tomography (OCT) has the nearly same resolution as the
histopathological examination, whose images contain rich information to assist surgeons to make
clinical decisions. We extracted kinds of texture features from OCT images obtained by a home-
made swept-source OCT system in this paper, and studied the identi¯cation of OSCC based on
di®erent combinations of texture features and machine learning classi¯ers. It was demonstrated
that di®erent combinations had di®erent accuracies, among which the combination of texture
features, gray level co-occurrence matrix (GLCM), Laws' texture measures (LM), and center
symmetric auto-correlation (CSAC), and SVM as the classi¯er, had the optimal comprehensive
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identi¯cation e®ect, whose accuracy was 94.1%. It was proven that it is feasible to distinguish
OSCC based on texture features in OCT images, and it has great potential in helping surgeons
make rapid and accurate decisions in oral clinical practice.

Keywords: Optical coherence tomography; oral squamous cell carcinoma; identi¯cation; texture
features; machine learning.

1. Introduction

Oral squamous cell carcinoma (OSCC) is one of the
most common cancers in head and neck, accounting
for approximately 400,000 new cases annually.1 In
spite of the advancement in cancer targeting ther-
apy, its survival rate post intervention is still not
ideal.2 One of the major challenges is to di®erentiate
OSCC from normal tissue accurately. Visual in-
spection and tissue palpation are the ¯rst step in
diagnosis.3 However, they have some limitations.
Even though surgeons are trained to recognize
morphological features, they are still a subjective
assessment. In order to con¯rm diagnosis, a biopsy
or histopathological examination may be per-
formed.4 While histopathology is still the gold
standard diagnostic method, the invasive and time-
consuming make this process inconvenient.

To help surgeons improve diagnostic procedures,
many methods of auxiliary diagnosis have been
sought including ultrasound,5 °uorescence,6 hyper-
spectral imaging,7 and magnetic resonance imaging
(MRI).8 As a known real-time, noninvasive, and
label-free imaging technique, optical coherence to-
mography (OCT)9 has been applied in ophthal-
mology,10 cardiology,11 gastroenterology,12 and
dermatology.13 The resolution, ranging from about
1–20�m, is superior to those of other conventional
imaging methods, enabling it close to histopatho-
logical examination. Its ability of \optical biopsy"
gives it the potential to reduce the necessity of in-
vasive tissue sampling via biopsy.14

OCT has been studied to evaluate a variety of
oral diseases for ex vitro and in vivo, including
various in°ammatory,15 benign disorders,16 and
tumors.17 In addition to visualizing morphological
structures,18–20 quanti¯cation of micro-architectural
characteristics can be achieved by analyzing OCT
images. However, quantitative analyses of oral
mucosal diseases based on OCT images were in-
vestigated by only a few papers in recent years. The
methods based on optical properties were studied,
including standard deviation and spatial frequency
to diagnose oral mucosal diseases.21,22 In the

previous work, we imaged OSCC and normal oral
mucosa, and quantitatively distinguished OSCC
with the accuracy of 91.15% by using optical at-
tenuation model.23

With the improving acquisition rate of OCT
system, high frame rate imaging provides the pos-
sibility for surgeons to visualize the lesion area in
real time.24,25 Besides, abundant objective infor-
mation extracted from OCT images can assist sur-
geons to make clinical decisions, among which
texture features provide quantitative evaluation
and auxiliary diagnosis without the prior knowledge
for the surgeons. Texture feature-based methods in
OCT images have been studied in brain tissue,26

artery tissue,27 and skin tissue.28 Lenz et al.
employed di®erent algorithms to extract texture
features and applied pattern recognition methods to
di®erentiate meningioma, healthy white, and heal-
thy gray matter, and the average accuracy was
nearly 98%.26 Gan et al. combined texture analysis
to classify tissue compositions within human atria
samples in OCT images and the classi¯cation al-
gorithm had an average accuracy of 80.41% for
identifying adipose, myocardium, ¯brotic myocar-
dium, and collagen tissue compositions.27 Adabi
et al. demonstrated that automated pattern recog-
nition provided objective information to the clini-
cian to assist in the diagnosis of abnormalities of
cutaneous microstructure by extracting optical and
textural features from OCT images of healthy and
diseased skin.28

In this study, OCT images of 14 OSCC patients
scanned from a home-made swept source OCT (SS-
OCT) system were used to establish data set for
automatic identi¯cation. Four types of texture fea-
tures were extracted and four machine learning
algorithms were used to evaluate the performances
of di®erent combinations of texture features and
determine the e®ectiveness of features. Our research
demonstrates that machine learning algorithms
based on texture features can e®ectively distinguish
OSCC from normal mucosal tissue and quantitative
performance assessment of the algorithms provided
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suggestions for the selection of appropriate methods
in diagnosis of oral diseases.

2. Materials and Methods

2.1. Specimen preparation

Fresh ex vivo oral tissues from 14 patients were
scanned by our home-made SS-OCT system23,29,30

at the Tianjin Stomatological Hospital, Tianjin,
China. The central wavelength of the SS is 1310 nm.
The axial and lateral resolutions of the system are
about 14.7�m and 17�m in air, respectively. The
maximum imaging depth is 5.7mm in air. The
protocol was approved by Ethics Committee of
Tianjin Stomatological Hospital. After OCT ex vivo
scanning, the samples were ¯xed and stained with
H&E, and their slices were evaluated by an expe-
rienced pathologist. Finally, the OCT images were
compared with the microscopic images.

In our study, volumetric OCT images were
obtained from each sample in di®erent directions and
positions, in order to compare with histopathological
images easily. Sixty-seven three-dimensional (3D)
OCT images were totally obtained, and each con-
sisted of 1000 B-scans. 2D OCT images were selected
as data set based on the following criteria. First,
OCT images need to be matched with the histo-
pathological images. Second, the images collected at
the edge of the excised tissue are removed due to
poor image quality. Third, in order to ensure the
independence of data, the image of adjacent B-scans
should be avoided as far as possible. Finally, 2140
OSCC and 1635 normal mucosa OCT images were
used to study the tissue identi¯cation in this paper.

2.2. Feature extraction and
identi¯cation

Figure 1 gives the °owchart of OCT image proces-
sing. Texture features were ¯rst extracted from

OCT images. A total of four kinds of features were
considered based on our previous work.31,32 They
are gray level co-occurrence matrix (GLCM), Laws'
texture measures (LM), center symmetric auto-
correlation (CSAC), and local binary pattern
(LBP). For GLCM, 20 texture features were
extracted from the contrast, correlation, energy,
homogeneity, and entropy in four di®erent direc-
tions (0, 1), (�1, 1), (�1, 0), and (�1, �1). For LM,
certain structural features of images were
highlighted by convolving with di®erent ¯lter
masks. In our study, ¯ve 1D convolution kernels
were generated including local average (L5 ¼ [1 4 6
4 1]), edge (E5 ¼ [�1 �2 0 2 �1]), spot (S5 ¼ [�1 0
2 0 �1]), wave (W5 ¼ [�1 2 0 �2 1]), and ripple
(R5 ¼ [1 �4 6 �4 1]). Twelve texture features based
on center CSAC which relate to local intensity
variations were extracted.33 For LBP, a histogram
was calculated for every image, where each pixel
was compared with its surrounding neighbors.

After all texture features were extracted, a
principal component analysis (PCA) algorithm was
done by calculating the eigenvectors of the covari-
ance matrix of the initial features to reduce feature
dimensionality.34 The principal components were
optimized until a variance of at least 95% was
reached. In our study, PCA was performed after
standardization preprocessing.

After features dimensionality reduction, four
classi¯ers, which have been proved to be e®ective in
many ¯elds,35–38 were applied to evaluate the
identi¯cation performance of di®erent texture fea-
tures combinations, including support vector ma-
chine (SVM), K-nearest neighbor (KNN), decision
tree (DT), and random forest (RF).

SVM completes the identi¯cation of di®erent
categories of data by constructing a set of hyper-
planes in the feature space.39 KNN, as one of the
most fundamental algorithms, classi¯es by mea-
suring the distance between di®erent eigenvalues.

Fig. 1. Flowchart of OCT image processing. GLCM: gray level co-occurrence matrix. LM: Laws' texture measures. LBP: local
binary pattern. CSAC: center symmetric auto-correlation. SVM: support vector machine. KNN: K-nearest neighbor. DL: decision
tree. RF: random forest. PCA: principal component analysis.

Identi¯cation of OSCC in OCT images
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DT is a tree-structured algorithm in which each
internal node represents a judgment on an attri-
bute, each branch represents a judgment output,
and each leaf represents a category. RF is a classi¯er
based on tree models in which the multiple DTs are
used to obtain the accurate ¯nal decision.40

Finally, the identi¯cation results of these four
classi¯ers were analyzed statistically. Moreover, in
order to reduce the computational cost and opti-
mize the training results, a 10-fold cross validation
was performed. For each tissue, the data set is
separated into 10 parts equally. Then, the identi¯-
cation is performed 10 times, where nine parts are
used for training and the remaining one part is used
for testing each time. The test error is indicated by
the following equation:

CVðnÞ ¼
1

n

Xn

i¼1

Erri; ð1Þ

where Erri represents the number of identi¯cation
errors of the ith model on the ith set of tests.

3. Results

Figure 2 illustrates the OSCC OCT image and its
histopathological image. Three 2D images are se-
lected from a 3D image to show the typical struc-
tures of OSCC (Fig. 2(a)). Figure 2(b) shows the
OCT image of normal oral mucosa, where the epi-
thelial layer (EP) and the lamina propria (LP) can
be clearly distinguished, and the basement mem-
brane (BM) is intact, as indicated by a white-
dashed curve. In order to show the BM clearly, the
white-dashed curve is partly marked in Fig. 2(b). In
contrast, the boundary between EP and LP in the
OCT image of OSCC is unclear, and BM is
destroyed, as shown in Fig. 2(d). In addition, as
described in Ref. 29, OSCC is also shown as nested

Fig. 2. Typical OCT images of OSCC. (a) is 2D and 3D pseudo color OCT images of OSCC. (b) and (d) are 2D OCT images of the
normal oral mucosa and OSCC, respectively. (c) and (e) are the corresponding histopathological images of the normal oral mucosa
and OSCC, respectively. EP: epithelial layer, LP: lamina propria, BM: basement membrane, M: muscle, and OSCC: oral squamous
cell carcinoma. The scale bar: 1mm, in both axial and lateral directions.
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structures and cord-like structures pointed out by
red arrows in Fig. 2(d). The structure of normal
mucosa and OSCC are corresponding to their
histopathological images, as shown in Figs. 2(c)
and 2(e), respectively. The scale bars in Figs. 2(b)
and 2(c) are 1 mm, and are the same in both
axial and lateral directions.

The formation of OSCC is due to the malignant
proliferation of oral squamous epithelial cell, which
leads to the formation of solid hard nests in some
areas. The hard and dense structures eventually
lead to strong scattering of the epithelium and the
light cannot penetrate deeper areas. Therefore,
comparing Fig. 2(d) with Fig. 2(b), the e®ective
imaging depth of OSCC appears to be small, and
some regions form shadows in its OCT image.

Four kinds of texture features were extracted
from each image in data set. Fifteen combinations of
texture features were used to set up feature vectors.
For any combination of the texture features, after
PCA was applied, four classi¯ers were carried out to
identify OSCC and their accuracies were calculated,
respectively, whose results are shown in Table 1.

As shown in Table 1, we can see the accuracy of a
single kind of texture feature with any kinds of
classi¯er is nearly the lowest, which means it is
di±cult to obtain good identi¯cation results for
OSCC based on only one kind of texture feature.

Then, we analyzed the combination of all kinds
of texture features (GLCMþ LMþ CSACþ LBP),
as shown in Table 1, whose highest accuracy is

93.6% obtained by using SVM classi¯er. The cor-
relation of their ¯rst three principal components in
2D and 3D scatter diagrams are shown in Fig. 3. It
can be seen that there are relatively large overlaps
among the scatter points for OSCC (red points) and
normal tissue (green points), which indicates a risk
of over¯tting and low robustness by using all of the
texture features.

As shown in Table 1, the best accuracy is 94.3%,
which was obtained for the combination of GLCM,
LM, and LBP and identi¯ed by SVM classi¯er.
Figure 4 gives the correlation of their ¯rst three
principal components in 2D and 3D scatter dia-
grams, and we can see the scatter points of the ¯rst
three principal components also have large overlap.

As shown in Table 1, the accuracy of the com-
bination of GLCM, LM, and CSAC is 94.1% by
SVM classi¯er, but according to the scatter dia-
grams of the correlation of their ¯rst three principal
components in 2D and 3D scatter diagrams (Fig. 5),
there are less overlap among the points of OSCC
and the normal tissue than those of Figs. 3 and 4.
Therefore, this kind of combination of texture fea-
tures is more robust.

Based on the above results, it can be concluded
that it is not the more texture features, the better
the result, and selection of the combination of tex-
ture features is important. Moreover, we found that
LBP has the lowest accuracy compared to the other
three kinds of texture features. For all results, when
LBP was employed, large overlap among the points
of OSCC and the normal tissue was found. One
possible reason is that, as a pixel-wise method, LBP
is not appropriate to be used in identifying OSCC in
OCT images, even though it usually performs better
in other ¯elds.41,42

In addition, as shown in Table 1, we found SVM
obtained almost all of the best accuracy in the four
classi¯ers for the combination of texture features. In
order to further assess its robustness, the grid search
of SVM was performed to analyze the e®ect of dif-
ferent parameters, including the cost parameter c
and the width of the Gaussian kernel g, whose
results are shown in Fig. 6. The cost parameter c
and the width of the Gaussian kernel g are very
important parameters of SVM model and a®ect the
generalization ability of the model. The cost pa-
rameter c indicates the tolerance of the error, and
the choice of g a®ects the range of Gaussian kernel
corresponding to each support vector. By compar-
ing the two results of GLCMþ LMþ CSAC and

Table 1. Identi¯cation accuracies of OSCC with di®erent
combinations of texture features and classi¯ers.

Classi¯ers

Features SVM(%) KNN(%) DT(%) RF(%)

GLCM 92.0 90.5 86.0 82.3
LM 79.3 77.2 75.3 75.8
CSAC 90.2 85.6 81.8 80.7
LBP 78.6 75.7 72.5 76.0
GLCMþ LM 93.3 93.4 84.2 84.4
GLCMþ CSAC 93.8 88.8 82.2 87.5
GLCMþ LBP 93.2 91.2 82.8 85.0
LMþ CSAC 92.1 93.2 82.0 90.0
LMþ LBP 85.6 81.7 83.4 86.6
CSACþ LBP 91.3 86.1 79.0 84.1
GLCMþ LMþ CSAC 94.1 94.0 86.1 86.4
GLCMþ LMþ LBP 94.3 91.8 87.3 90.0
GLCMþ CSACþ LBP 94.0 91.3 81.0 83.7
LMþ CSACþ LBP 93.8 91.8 86.9 88.6
GLCMþ LMþ

CSACþ LBP 93.6 92.6 86.5 86.6

Identi¯cation of OSCC in OCT images
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Fig. 3. The scatter diagrams of the ¯rst three principal components using PCA for all kinds of texture features. A 2D scatter plot is
made for (a) the ¯rst principal component (PC1) versus the second principal component (PC2), (b) PC1 versus the third principal
component (PC3), (c) PC2 versus PC3, and (d) is a 3D scatter plot for all the three components. OSCC samples are depicted in red
points and the normal tissues are green points.

Fig. 4. The scatter diagrams of the ¯rst three principal components for the combination of GLCM, LM, and LBP. (a) is the 2D
scatter plot for PC1 versus PC2, (b) is the scatter plot for PC1 versus PC3, (c) is PC2 versus PC3, and (d) is a 3D scatter plot for all
the three components. OSCC samples are red points, and the normal tissues are green points.
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GLCMþ LMþ LBP combinations, it can be seen
that the combination of GLCM, LM, and CSAC has
a larger area with an accuracy greater than 90%,
which indicates this feature combination and SVM
classi¯er has high robustness for distinguishing
OSCC from the normal oral tissue.

4. Discussions

By the combination of texture features and machine
learning algorithms, di®erent groups of texture
features were evaluated by using four classi¯ers to
distinguish OSCC from the normal oral mucosa in
OCT images, whose results proved that di®erent

Fig. 5. The scatter diagrams of the ¯rst three principal components using PCA for the classi¯cation result with the combination of
GLCM, LM, and CSAC. A 2D scatter plot is made for (a) PC1 versus PC2, (b) PC1 versus PC3, (c) PC2 versus PC3, and (d) is a
3D scatter plot for all the three components. OSCC samples are red points and the normal tissues are green points.

(a) (b)

Fig. 6. The results of the grid search of SVM (a) for the GLCMþ LMþ LBP, and (b) for the GLCMþ LMþ CSAC. The cost
parameter c and the width of the kernel g are displayed in a logarithm scale.

Identi¯cation of OSCC in OCT images
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combinations of texture features and classi¯ers had
di®erent accuracies. Among them, the accuracy
obtained by using a single kind of texture feature
was low, which was consistent with the conclusion
that the image information extracted with only a
single kind of texture is inadequate. The combina-
tion of GLCM, LM, and LBP had the best accuracy
by SVM classi¯er. However, the robustness was low
because of high overlap among the principal com-
ponents. The combination of GLCM, LM, and
CSAC had the optimal comprehensive result.

For the four classi¯cation algorithms, SVM
obtained the highest accuracy for nearly all kinds
of feature combinations, which demonstrated
that SVM had the best identi¯cation ability for
OSCC.

For clinical application, the algorithm processing
time is important as accuracy in diagnosing dis-
eases. For image classi¯cation, training of classi¯ers
can be carried out o®line. For a trained classi¯er,
the processing time of the algorithm is mainly de-
termined by extracting the texture features of the
image. The algorithm processing time for extracting
di®erent texture features was evaluated, and the
average processing time of GLCM, LM, CSAC, and
LBP was 0.443 s, 0.215 s, 0.208 s, and 1.232 s, re-
spectively. On the whole, the processing time of
each texture extraction algorithm is acceptable for
automatic recognition in clinic. The combination of
GLCM, LM, and CSAC has the best comprehensive
e®ect, whose processing time is 0.866 s and identi-
¯cation accuracy is 94.1%.

Compared with our previous work,23 the quan-
titative analysis method based on attenuation co-
e±cient achieved the accuracy of 91.15% with the
attenuation threshold of 4.7mm�1, whereas this
study based on texture features obtained higher
accuracy. We found that optical attenuation model
can help to detect the edge between OSCC and
normal tissue, on the other hand, it is e®ective to
distinguish OSCC from normal tissue based on
texture features. Machine learning algorithms have
the advantages of strong computing power and
OCT images have rich information to be extracted.
We believe by combining the attenuation model
with the optical characteristics, the identi¯cation
performance will be further improved.

Di®erent combinations of texture features and
machine learning algorithms were studied to iden-
tify OSCC in this paper. In the future, we will in-
vestigate other more e®ective feature combinations,

feature extraction and algorithms to further
improve the identi¯cation accuracy of OSCC.

In addition, our study in this paper is based on
texture features of OCT images, which does not
require a large amount of data compared to deep
learning methods. Several thousand OCT images
are su±cient without additional workload. The
large amount of data we obtained will be expected
to be used in deep learning research in the future.

5. Conclusion

Texture features extracted from OCT images pro-
vide abundant information of di®erent tissues and
can obtain high identi¯cation accuracy when they
are used appropriately. It was proven that selection
of combination of texture features and machine
learning algorithms was important to obtain high
identi¯cation accuracy of OSCC. More e®ective
feature combinations and robust classi¯ers should
be investigated to further improve its accuracy, and
make this kind of method to be used in the diagnosis
of oral medicine ¯nally.
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