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Abstract—One of the most prevalent forms of cancer worldwide is oral
cancer which has a high rate of mortality. Diagnosis and treatment of oral
premalignant lesions at an early stage reduces the death rate. The objective of
this work is to detect malignancies by analyzing color features of digital true
color oral images. A dataset of around 433 oral lesion images has been created
that includes benign, premalignant and malignant lesions. The proposed method
was experimented on this dataset. Different classifiers have been trained using
various color features. The neural network classifier detects abnormalities with
an accuracy of 94.82%. Results indicate that the color features have better po-
tential in identifying benign and malignant oral lesions.

Keywords—Oral lesions, benign, malignant, dataset, color features, neural
network classifier

1 Introduction

Worldwide, cancer has a high fatality rate and is considered as a hazardous health
disorder. Oral cancer is one among the many types of cancers that is most prevalent in
India. Oral cancer is rampant in North India and Northern part of Karnataka mainly
due to excessive consumption of carcinogenic products like tobacco and alcohol [1].
Early diagnosis of oral malignancies can considerably reduce the oral cancer mortality
rate. Any wound, injury or ulcer in any part of oral cavity is referred to as oral lesion.
Oral lesions may be benevolent, premalignant or malevolent. Benevolent lesions are
non-cancerous, harmless lesions. Few of the benevolent lesions are apthous ulcer,
cysts, papilloma and others. Premalignant lesions are those that have the tendency to
transform into cancerous lesions if not treated at an early stage. Leukoplakia, erythro-
plakia, lichen planus and submucous fibrosis are examples of potential premalignant
lesions [2]. Malignant lesions are life endangering cancerous lesions like Oral squa-
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mous cell carcinoma, verrucous carcinoma, adenocarcinoma and others. Many lives
can be saved if premalignant and malignant lesions are detected and treated at an early
stage. Since most of the premalignant lesions are asymptomatic i.e. painless and not
causing discomfort in carrying out routine functions, it is quite challenging to identify
early lesions and treat them. Biopsy is the gold standard for diagnosing oral lesions as
benign or malignant lesions. Since it is an invasive, expensive and time-consuming
procedure, patients are quite often unwilling to undergo biopsy. Since the oral malig-
nancies are predominant in low socio-economic and rural areas, the investigating
procedures like biopsy may not be conveniently available.

To address these issues, there is a need to develop newer techniques that are eco-
nomical, accessible and timely available to people of all sections of the society. A
Computer Aided Diagnosis System (CADs) is a technological advancement that can
aid doctors in diagnosing oral malignancies. In this direction, the current work focuses
on developing a CAD system that can capture oral images of patients, analyze these
images by means of different techniques and generate a preliminary report regarding
the malignancies if any.

Researchers have tried using various image features like color, texture [3] and
shape for detection of malignancies in oral cavity. Chodorowski et.al [4] have tried to
differentiate oral lichenoid reactions and leukoplakia with the use of color features. A
semi-automatic method has been proposed in [5] where Red-Green-Blue (RGB) im-
ages are analyzed by converting them into single-band images like normalized RGB
and Hue-Saturation-Intensity (HSI) color space. Higher order Spectra features and
Local Binary Patterns [6] from 158 microscopic images have been used for classify-
ing benign and malignant lesions with Support vector Machine (SVM) classifier.
Authors in [7] have used histogram features and Gray Level Co-Occurrence (GLCM)
features for classifying biopsy images of oral lesions into normal and malignant with
linear SVM classifier. GLCM, Gray Level Run Length (GLRL) and first order inten-
sity-based features have been used in [8] for classifying color oral images into differ-
ent classes using neural network classifier.

Literature review shows that color is one of the most important features for differ-
entiating oral malignancies from benign lesions. The present work aims at the use of
color features to analyze color oral images for identifying malignancies. The remain-
ing part of the paper has been organized into four different sections. Data collection
and creation of dataset have been explained in second section. The techniques used in
the work have been explained in section 3. Section 4 presents the results and section 5
concludes the paper.

2 Image Dataset Creation

An appropriate dataset is very much essential for any research work. A benchmark
dataset of oral images is not available currently for use by researchers to evaluate their
work. To overcome this limitation, a standard dataset has been created by collecting
images of oral lesions from various medical colleges and hospitals across Karnataka
over a period of three years. These include BLDE medical college, Vijayapura, Al-
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Ameen Medical College, Vijayapura, District Hospital, Vijayapura, Hasanamba Den-
tal College, Hassan and also few private hospitals from Hassan. Since images were
captured using digital cameras of different resolution, there was a lot of variation
among these true-color digital images. Appropriate preprocessing techniques were
applied to create a standard dataset of oral cavity images. The dataset consists of 433
oral images out of which 346 are malignant lesions and 87 are benign lesions. Each
oral lesion image may have more than one area of lesion which is non-continuous.
Even if it is a single continuous area, there is lot of variation. So, to increase the size
of dataset, many patches have been created from every image, thus accounting for a
total of 1642 patches. Fig.1 shows few images of benign and malignant oral lesions
from the dataset.

Fig. 1. Images of benign and malignant lesions from the dataset

3 Proposed Method

The present work aims at developing a Computer Aided Diagnosis System for ana-
lyzing the oral lesion images to identify them as benevolent or malevolent. The steps
involved in present work are given in Fig. 2. Color oral images are captured by using
digital camera of good resolution. Since the acquired images are of different size and
resolution, they are pre-processed to have a uniform dimension. Histogram equaliza-
tion is performed to improve the image contrast. Segmentation is performed to extract
the required area for analysis. From the segmented region, patches are derived from
lesion area as well as normal areas. The most appropriate color features are derived
using these patches. An analysis of these features is done by means of different classi-
fiers to distinguish malignancies from non-malignancies.
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Fig. 2. Block diagram of proposed work

3.1  Lesion area segmentation

Images for this work have been captured using mobile phone cameras. Captured
images include unwanted regions such as teeth, lip and other areas of the oral cavity.
These areas have to be excluded to retain only the region of interest i.e, lesion area. In
earlier works, many segmentation techniques have been applied to select the lesion
portion. Region of interest selection from dental panoramic images using active con-
tours [9] is performed by contour initialization and appropriate parameter setting. A
hybrid FCM segmentation technique has been proposed for region of interest segmen-
tation from dental images in [10]. Authors in [11] have used Gabor based texture
method followed by watershed segmentation for segmenting epithelial layer from oral
histological images. Marker controlled watershed segmentation approach for dental
radiographs has been proposed in [12]. In the present work, a threshold-based seg-
mentation technique has been used for segmenting the lesion region from the input
image.

The RGB images are converted into different color models namely, Hue-
Saturation-Variance, Yellow- Chrominance (blue) — Chrominance (red) (YCbCr) and
L*a*b* color spaces. From these color spaces, individuals color bands are extracted.
The color thresholder application was used to decide different threshold values for
removing the teeth, lip and other unwanted regions from the images. The YCbCr
color space was found to give better results in segmenting the lesion portion from the
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oral cavity image. By setting the threshold values of Cbmax and Crmax to appropriate
values, it was possible to obtain the masked image.
The algorithm for lesion area segmentation is given below:

Input RGB image
Obtain individual channels i.e. red channel, green
channel and blue channel from the RGB image
Compute the mean values of red, green and blue channels
Convert input RGB image into YCbCr image
if Gmean < 90 and Bmean < 100
set Crmax 175
else
set Cbmax
invert the mask
Convert YCbCr image back into RGB image
Automatically create an initialization mask by choosing
random points whose red and blue channel values are not
zZero
Apply active contour-based segmentation with the ini-
tialization mask to obtain the lesion area from the image

125

Initially, the RGB image captured using mobile phone camera is taken as input.
This image contains all areas of oral cavity like teeth, lips, tongue, buccal mucosa and
other unwanted areas. These are eliminated by applying the threshold values for the
YCbCr image as given in the algorithm. After eliminating the unwanted areas in the
image, the most appropriate lesion portion needs to be extracted for further analysis.
For this, region-based active contour method has been used to segment lesion area
from the image. In region-based active contour method, an image is divided into re-
gions. The pixels within that region are assumed to have similar gray level values
[13]. For active contours, an initial region has to be specified for growing the region
to include the lesion area appropriately. For specifying the initial region as input to
active contour model, the pixels which have their red and blue channels as non-zero
values are selected. This is taken as the initialization mask for growing the region to
form the lesion area. Fig. 3 elucidates the result of threshold-based segmentation.

3.2  Color features extraction

After the lesion area has been segmented, different patches are extracted from the
lesion area. Patches are also extracted from normal areas. These patches are then used
to extract different color features that are further analyzed to distinguish cancerous
from non-cancerous lesions. Color features have been used by researchers in lesion
analysis [14][15]. To analyze the color features, individual color bands from different
color spaces are used namely, Red-Green-Blue space, Hue-Saturation-Value space,
Yluminance-ch-cr, L*a*b*. The color features that are used for analysis include:
Mean, Standard Deviation, Variance and Skewness. These features have been com-
puted for every single-color band which results in (4 color spaces) X (3 color bands in
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each color space) X (4 color moments) = 48 features. In addition to these, 7 features
which are computed by considering the differences in mean values of red, green, blue,
hue and saturation between lesion areas and normal areas are also used as discrimina-
tive features. Altogether, 55 features have been used to analyze oral lesions.

Original image Image after thresholding Rol selection after apply-
ing active contour

Fig. 3. Segmentation of lesion region

Table 1. gives the details of these features where N represents the number of pixels
in the image and pij is the value of the j-th pixel of the image at the i-th color channel.
The first four equations define the color moments for each of the four-color channels.
Mean Mi represents the average color in the image. Standard Deviation Sd is obtained
by taking the square root of variance of color distribution. Skewness Si represents the
color distribution in an image. Features 5 to 11 compute the differences between dif-
ferent color bands where A represents the lesion area and B represents the normal area
of an image. GMdif f and BMdif f compute the difference in mean values of green
channel and blue channel of lesion region and normal region of an image. Similarly,
HMdif fand SMdiffcompute the difference in mean values of hue and saturation com-
ponents of lesion region and normal region of an image. RGdiffcomputes the differ-
ence in mean values of red and green components of lesion area. RBdiff computes the
difference in mean values of red and blue components of lesion area.
RGBdiff computes the difference in mean values of red, green and blue components
of lesion area.

4 Experimental Results

The experimentation was conducted on 433 images from the dataset. All 55 fea-
tures were derived from the images of the database. Literature [16][17] shows the use
of different classifiers for lesion classification. In the present work, four different
classifiers have been used: K-Nearest Neighbor classifier (K-NN), support vector
machine, Naive Bayes classifier and Artificial Neural Network (ANN) classifier. The
extracted color features have been used to train these classifiers for classifying the
images as benign or malignant. The K-NN classifier has been implemented with k=5
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neighbors. The distance metric used is Minkowski with the power parameter being
Euclidean distance. A linear SVM classifier has been trained with the extracted fea-
tures. The Gaussian Naive Bayes algorithm has been used for classification of oral
lesions in the current work. A 3-layer neural network classifier has been built with
one input layer, one hidden layer and one output layer. The relu activation function
and the adam optimization function have been used with mean square error as the loss
function. For classification performance analysis, the experimentation was carried out
with different sizes of dataset for training and testing. These included training and
testing in the ratio 80:20, 70:30 and 60:40. For every ratio, experiments were repeated
by random choice of training and testing dataset. Measures such as accuracy, sensitiv-
ity and specificity are used to evaluate the classification performance. Table 2 eluci-
dates the performance analysis of different classifiers. The neural network classifier
has highest classification performance in classifying the lesions as benign or malig-
nant with 80% training samples followed by K-NN, SVM and Naive Bayes classifi-
ers. The RoC curves for different classifiers are given in Figure 4. Figure 5 depicts the
classification accuracy of different classifiers.

Table 1. Features and Formulae

# Feature Equation
N
1 |Mean Mi = % 1/Npij
j=1
N
2 |Standard Deviation sd =V X (vij — Mi)?)
j=1
N
3 |Variance Vi= %Z (pij — Mi)?
j=1
N
4 |Skewness Si = \3/(% > (pij — Mi)*)
j=1

5  |Green Mean Difference GMdiff = GmeanA - GmeanB

6  |Blue Mean Difference BMdiff = BmeanA - BmeanB

7 |Hue Mean Difference HMdiff = HmeanA - HmeanB

8 Saturation Mean Difference SMdiff = SmeanA - SmeanB

9  [Red Green Difference RGdiff = RmeanA - GmeanA

10 |Red Blue Difference RBdiff = RmeanA — BmeanA

11 |RGB Difference RGBAiff = (26MeanA — RMeanA — BMeanA)/2
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Table 2. Classification Performance Analysis of different classifiers for different ratios of
training and testing samples

Classifier Ratio of training and testing samples  |Accuracy|Sensitivity| Specificity
80:20 94.82% | 96.34% 87.52%
ANN 70:30 91.66% 93.1% 85.71%
60:40 89.58% 92.1% 80%
80:20 85.34% | 87.12% 83.11%
K-NN 70:30 86.61% | 88.76% 84.25%
60:40 82.16% | 84.33% 78.19%
80:20 84.53% | 86.42% 81.24%
SVM 70:30 80.14% | 82.78% 79.11%
60:40 79.85% | 81.12% 78.65%
80:20 81.73% | 82.84% 79.91%
Naive Bayes 70:30 82.25% | 84.53% 80.66%
60:40 78.48% | 79.35% 76.64%
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5 Conclusion

In this paper, color features have been explored for characterizing benign and ma-
lignant oral lesions. A dataset of 433 color oral lesion images has been created. Exper-
imentation was conducted on these images of the database and the effect of various
features was studied by using four different classifiers. Experimental results show that
the color features are very useful in differentiating malignant lesions from benign
lesions. Also, a multiclass classification of malignant lesions can be performed by
using the proposed features.

6 References

[1] Mohammed Arifulla K, Saeed M Yendigeri, A.M. Patil (2014). Study of Oral Squamous
Cell Carcinoma in Hospital Based Patients, Bijapur, Karnataka. International Journal of
Current Medical and Applied Sciences, vol.3. Issue:2

[2] George Laskaris (2006). Pocket Atlas of Oral Diseases

[3] Nanditha B.R, Geetha kiran A, Dinesh M.S, Murali S, Chandrashekar H.S (2020). Texture
Analysis of Color Oral Images for Lesion Detection. International Conference on Compu-
tational Performance Evaluation (ComPE), Shillong, India, Jul 2-4 https://doi.org/10.1109/
compe49325.2020.9200023

[4] Artur Chodorowski, UIf Mattsson, Tomas Gustavsson (1999). Oral lesion classification us-
ing true-color images. Proc. SPIE 3661, Medical Imaging 1999: Image Processing
https://doi.org/10.1117/12.348507

[5] Ghassan Hamarneh, Artur Chodorowski, Tomas Gustavsson (2000). Active Contour Mod-
els: Application to Oral Lesion Detection in Color Images. IEEE Conference on Systems,
Man, and Cybernetics. https://doi.org/10.1109/icsmc.2000.884361

[6] M. M. R. Krishnan, U. R Acharya, C. Chakraborty, A.K. Ray (2011). Automated Diagno-
sis of Oral Cancer Using Higher Order Spectra Features and Local Binary Pattern: A
Comparative Study. Technology in Cancer Research and Treatment, Volume 10, Number
5. https://doi.org/10.7785/tcrt.2012.500221

[7]1 T. Y. Rahman, L. B Mahanta, C. Chakraborty, A.K. Das, J.D. Sarma (2017). Textural pat-
tern classification for oral squamous cell carcinoma. Journal of Microscopy, Vol 00, Issue
00, pp. 1-9 https://doi.org/10.1111/jmi.12611

[8] Belvin Thomas, Vinod Kumar, Sunil Saini (2013). Texture Analysis Based Segmentation
and Classification of Oral Cancer Lesions in Color Images Using ANN. IEEE International
Conference on Signal Processing, Computing and Control. https://doi.org/10.1109/
ispcc.2013.6663401

[9] Ingrid Nurtanio, | Ketut Eddy Purnama, Mochamad Hariadi, and Mauridhi Hery Purnomo
(2011). Cyst and Tumor Lesion Segmentation on Dental Panoramic Images using Active
Contour Models. IPTEK, The Journal for Technology and Science, Vol. 22, No. 3.
https://doi.org/10.12962/j20882033.v22i3.66

[10] Mutasem K.Alsmadi (2018). A hybrid Fuzzy C-Means and Neutrosophic for jaw lesions
segmentation.  Ain Shams Engineering Journal , Volume 9, Issue 4, pp 697-706.
https://doi.org/10.1016/j.asej.2016.03.016

104 http://www.i-joe.org


https://doi.org/10.1109/compe49325.2020.9200023
https://doi.org/10.1109/compe49325.2020.9200023
https://doi.org/10.1117/12.348507
https://doi.org/10.1109/icsmc.2000.884361
https://doi.org/10.7785/tcrt.2012.500221
https://doi.org/10.1111/jmi.12611
https://doi.org/10.1109/ispcc.2013.6663401
https://doi.org/10.1109/ispcc.2013.6663401
https://doi.org/10.12962/j20882033.v22i3.66
https://www.sciencedirect.com/science/article/pii/S2090447916300430#!
https://www.sciencedirect.com/science/journal/20904479
https://www.sciencedirect.com/science/journal/20904479/9/4
https://doi.org/10.1016/j.asej.2016.03.016

[11] M. M. R. Krishnan, Anirudh Choudhary, Chandan Chakraborty (2011). Texture based
segmentation of epithelial layer from oral histological images. Micron, Volume 42, Issue
6. https://doi.org/10.1016/j.micron.2011.03.003

[12] K. Anuradha, K. Sankaranarayanan (2012). Detection of Oral Tumor based on Marker —
Controlled Watershed Algorithm. International Journal of Computer Applications (0975 —
8887) Volume 52— No.2. https://doi.org/10.5120/8173-1486

[13] Ooi Qun Wong, Parvathy Rajendran (2019). Image Segmentation Using Modified Region-
Based Active Contour Model. Journal of Engineering and Applied Sciences, pp 5710-
5718 https://doi.org/10.36478/jeasci.2019.5710.5718

[14] Sameena Pathan, Vatsal Aggarwal, K. Gopala krishna Prabhu, P. C. Siddalinga swamy
(2019). Melanoma Detection in Dermoscopic Images using Color Features. Biomedical
and Pharmocology Journal, 12(1) https://doi.org/10.13005/bpj/1619

[15] Sumithra R, Mahamad Suhil, D.S.Guru (2015). Segmentation and Classification of Skin
Lesions for Disease Diagnosis. International Conference on Advanced Computing Tech-
nologies and Applications, Procedia Computer Science, pp 76-85. https://doi.org/10.
1016/j.procs.2015.03.090

[16] S. K. Majumder, Nirmalya Ghosh, Pradeep Kumar Gupta (2005). Support vector machine
for optical diagnosis of cancer. Journal of Biomedical Optics, 10(2), 024034.
https://doi.org/10.1117/1.1897396

[17] G. Karthick, R. Harikumar (2017). Comparative performance analysis of Naive Bayes and
SVM classifier for oral X-ray images. 4th International Conference on Electronics and
Communication Systems (ICECS). https://doi.org/10.1109/ecs.2017.8067843

7 Authors

Ms. Nandita B.R., is currently serving as Assistant Professor, Department of In-
formation Science and Engineering at Malnad College of Engineering, Hassan, Kar-
nataka, India. She has a teaching experience of 17 years. She is currently pursuing her
PhD in image processing and computer vision. She has 04 research articles published
in International Journals/conferences. She is a member of professional societies like
CSl and ISTE. Email: brn@mcehassan.ac.in

Dr. Geetha Kiran A., is currently serving as Professor & Head, Department of
Computer Science and Engineering at Malnad College of Engineering, Hassan, Kar-
nataka, India. She has about 23 years of experience in teaching. She has her Ph.D. in
the field of Image Processing from Mysore University. She is an active researcher and
academician. Her areas of research include image processing, computer vision, ma-
chine learning and applications of Python programming.

Her research work entitled “Fruit Crop Yield Estimation Using Machine Vision
Techniques” has received “TEQIP Competitive Research Grant”. She has also been
awarded with “Certificate of Appreciation” from Deputy Superintendent of Police,
Hassan, Karnataka State Police, towards development of web-based application for
monitoring quarantine persons of COVID-19 during April, 2020.

She has been presented with “Most Influential Educational Leadership Award” for
her excellence & leadership in education during July, 2020 by Golden AIM awards.

1JOE — Vol. 16, No. 14, 2020 105


https://doi.org/10.1016/j.micron.2011.03.003
https://doi.org/10.5120/8173-1486
https://doi.org/10.36478/jeasci.2019.5710.5718
https://biomedpharmajournal.org/vol12no1/melanoma-detection-in-dermoscopic-images-using-color-features/
https://doi.org/10.13005/bpj/1619
https://doi.org/10.1016/j.procs.2015.03.090
https://doi.org/10.1016/j.procs.2015.03.090
https://www.spiedigitallibrary.org/profile/notfound?author=S._Majumder
https://www.spiedigitallibrary.org/profile/notfound?author=Nirmalya_Ghosh
https://www.spiedigitallibrary.org/profile/Pradeep.Gupta-15762
https://doi.org/10.1117/1.1897396
https://ieeexplore.ieee.org/author/37085512959
https://ieeexplore.ieee.org/author/37298635700
https://doi.org/10.1109/ecs.2017.8067843
mailto:brn@mcehassan.ac.in

She has won best paper award for the paper titled “Instigating Research Culture at
Institute level” in 2nd International Conference on Sustainable Growth through Uni-
versal Practices in Science Technology & Management, 2018.

She has over 25 research articles published in International Journals/conferences.
She is a member of various professional societies like IEEE, CSI, ISTE and also Fel-
low member Institute of Engineers, India, Mysuru Chapter.

Murali S is currently serving as a professor ,Department of Computer Science at
Maharaja Institute of Technology, Mysore, Karnataka, India

Article submitted 2020-07-31. Resubmitted 2020-09-07. Final acceptance 2020-09-07. Final version
published as submitted by the authors.

106 http://www.i-joe.org



