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Abstract
Detection of oral mucosal lesions has been performed by an in-house developed fluorescence-based portable device in the 
present study. A laser diode of 405 nm wavelength and a UV-visible spectrometer are utilized in the portable device as excita-
tion and detection sources. At the 405 nm excitation wavelength, the flavin adenine dinucleotide (FAD) band at 500 nm and 
three porphyrin bands at 634, 676, and 703 nm are observed in the fluorescence spectrum of the oral cavity tissue. We have 
conducted this clinical study on a total of 189 tissue sites of 36 oral squamous cell carcinoma (OSCC) patients, 18 dysplas-
tic (precancerous) patients, and 34 volunteers. Analysis of the fluorescence data has been performed by using the principal 
component analysis (PCA) method and support vector machine (SVM) classifier. PCA is applied first in the spectral data to 
reduce the dimension, and then classification among the three groups has been executed by employing the SVM. The SVM 
classifier includes linear, radial basis function (RBF), polynomial, and sigmoid kernels, and their classification efficacies are 
computed. Linear and RBF kernels on the testing data sets differentiated OSCC and dysplasia to normal with an accuracy 
of 100% and OSCC to dysplasia with an accuracy of 95% and 97%, respectively. Polynomial and sigmoid kernels showed 
less accuracy values among the groups ranging from 48 to 88% and 51 to 100%, respectively. The result indicates that fluo-
rescence spectroscopy and the SVM classifier can help to identify early oral mucosal lesions with significant high accuracy.

Keywords  Oral lesions · Fluorescence spectroscopy · Fluorophores · Principal component analysis · Support vector 
machine · Kernels

Introduction

An increase in the rate of oral cavity malignancy worldwide, 
especially in Asian countries, is a serious issue and a chal-
lenge to the scientific community and government. Accord-
ing to the report, the incidence rate of oral cancer will rise 
and is expected to reach 1.7 million in 2023. Worldwide, 
oral cancer is the sixth most common cancer. In India, it is 
ranked number one and therefore a significant public health 
importance. The primary causes of the high incidence and 

death rates in India are a lack of awareness of its severity, 
inadequate access of trained providers, and limited health 
facilities. Diagnostic faculties/treatment available in clinics 
is not affordable by most of the Indian population because of 
their low capital income. Studies revealed that a 5-year sur-
vival rate is considerably less (~45%) and has not improved 
in the last few decades. The cause of poor survivability is 
late diagnosis and absence of early symptoms. There is a 
higher chance to cure the disease by detecting it at an early 
stage. Moreover, it is possible to reduce the incident and 
death rates. To overcome the morbidity and mortality rates, 
non-invasive sensitive devices and machine learning-based 
tools are needed, which could discern among the groups 
with greater accuracy values [1–3].

Visual inspection, brush biopsy, toluidine blue, histopa-
thology, etc., are some of the conventional techniques to 
detect the oral lesions. Among the traditional methods, tis-
sue biopsy with histopathological examination is one of the 
reliable or the gold standard tool for the detection of oral 
cavity lesions. The major complication with biopsy-based 
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tool is their invasive way of treatment. All patients with the 
abnormality, whether benign, dysplastic (mild, moderate, 
severe), or OSCC (Stages I to IV) must undergo this pain-
ful process during the treatment. Sometimes, patients must 
go through multiple biopsies to identify the right abnormal 
area/part of tissue [4–6]. To overcome these complications, 
there is a need for such tools which could locate the abnor-
mal lesions non-invasively. Several non-invasive optical 
techniques such as fluorescence spectroscopy and imaging, 
Raman spectroscopy and imaging, and diffuse reflectance 
(DR) spectroscopy and imaging have been adopted by many 
research groups and clinicians to identify the various lesions 
[7–17]. Among the optical techniques, fluorescence-based 
devices (spectroscopic and imaging) are extensively used by 
many researches for in vivo detection of oral cancer [18–33]. 
Other alternatives such as body fluids (saliva, blood, urine, 
etc.) have also been studied for the detection of oral mucosal 
lesions by the research groups [34–37]. Various biomarkers 
or fluorophore molecules are found in human oral cavity 
tissue. Fluorophores with emission bands near the UV or in 
visible ranges are tryptophan (λemi = 340 nm), collagen (λemi 
= 390 nm), nicotinamide adenine dinucleotide (NADH; λemi 
= 440 nm), flavin adenine dinucleotide (FAD; λemi = 530 
nm), and porphyrins (λemi = 634 nm). It is established that 
biochemical and morphological changes occur with the pro-
gress of disease in the tissue of the oral cavity. Studies report 
that with the progress of cancer, the concentration of NADH 
and porphyrin enhances and FAD contribution decreases 
[26–28]. Studies conducted by the researcher groups for the 
detection oral cancer using the optical techniques are sum-
marized briefly and mentioned in the paragraph below.

Red fluorescence was first identified by the Policard in 
the malignant tumors as being from porphyrins in a rat sar-
coma using a Wood’s lamp [22]. A clinical work conducted 
by Inaguma M and Hashimoto K group for the detection 
of oral carcinoma using an in-house developed near-UV 
excited autofluorescence diagnosis (NEAD) system found 
that 85% of carcinoma patients showed porphyrin-like fluo-
rescence when exposed to 405 nm light  [23]. Gillenwater 
et al. performed a clinical study using a fluorescence spec-
troscopy system (excitation wavelength = 337 nm) on nor-
mal, dysplastic, and malignant oral mucosa and estimated 
that the ratio of intensities of red to blue regions was greater 
in abnormal areas. They achieved sensitivity and specificity 
values of 88% and 100%, respectively [24]. Majumder et al. 
group performed a pilot study for the detection of oral car-
cinoma using the fluorescence spectroscopy-based device. 
They showed that oral carcinoma could be differentiated to 
normal with 86% sensitivity and 63% specificity [25]. Lane 
et al. group utilized a handheld device based on fluores-
cence for the visualization of oral lesions. They could dif-
ferentiate the normal mucosa to invasive carcinoma with 
sensitivity and specificity of 98% and 100%, respectively 

[26]. An anatomy-based study was conducted by Diana C.G. 
de Veld on healthy oral mucosa and observed variation in 
fluorescence intensities in oral mucosal sites [27]. A com-
parative evaluation was done by the Jayanthi et al. group 
for the detection of oral mucosal lesions by utilizing auto-
fluorescence (AF) and diffuse reflectance (DR) spectroscopy 
systems. They achieved AUC-ROC values of 0.987 for AF 
and 0.991 for DR spectroscopy techniques, respectively [28]. 
Tobacco abuse in the oral mucosa was studied by the Nazeer 
et al. group using the fluorescence spectroscopy on different 
groups. Using the multivariate analysis (PCA-LDA), they 
found sensitivity values in between 60 and 100% and speci-
ficity values in between 76 and 100% for discriminating of 
habitues, non-habitues, and leukoplakia [29].

In the present study, in vivo detection of oral mucosal 
lesions using an in-house developed fluorescence-based 
device/probe has been executed. Measurements are con-
ducted on oral squamous cell carcinoma (OSCC) patients, 
dysplastic patients, and the healthy volunteers of various 
age groups. FAD and porphyrin bands are observed in the 
recorded fluorescence spectra. In OSCC and dysplastic 
patients, porphyrin fluorescence is more common than in the 
healthy group. To differentiate among the cancerous stages, 
i.e., OSCC to dysplasia, dysplasia to normal, and OSCC to 
normal, statistical tools such as principal component analy-
sis (PCA) and support vector machine (SVM) classifier are 
employed. The SVM classifier incorporates various kernels 
such as linear, radial basis function (RBF), polynomial, 
and sigmoid. To our knowledge, a detailed comparison by 
including the different kernels in the SVM classifier for the 
discrimination among the groups has yet to be reported for 
oral mucosal lesions.

Materials and methods

Instrumentation and data collection

Fluorescence data were collected from 79, 48, and 62 tissue 
sites of 36 OSCC patients, 18 dysplastic patients, and 34 
normal volunteers. The mean age of the patients (OSCC and 
dysplastic) and control group with the standard deviation 
was 45 ± 11, 36 ± 7, and 34 ± 6, respectively. Patients who 
visited to hospital for the treatment were instructed to avoid 
food and beverages altogether. They were also advised to 
rinse their oral cavity. We observed that most of the patients 
reported for treatment had few common habits like chewing 
of tobacco, tobacco-based pan masala, smoking bide, and 
consumption of alcohol (infrequently). The control group 
selection was restricted to only those who were free from 
any disease and habits. Patients having the symptoms, e.g., 
whitish patches, red patches, a combination of white and 
red patches, and raised growth, were included. A very few 
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patients who displayed some signs of ulcer and infection 
were excluded from the abnormal group after capturing 
the fluoresce data with the consult of doctors. The spec-
tral profile of such patients was similar to the spectral pro-
file of the control group. After recording the data, patients 
were sent for oral biopsy. A small specimen was taken out 
from the abnormal area of oral cavity and sent for histopa-
thology. As per the outcome of the histopathology report, 
treatment has been accomplished by the clinicians. Most 
of the reported patients have to go through the surgery. In 
this process, all the abnormal area of the oral cavity was 
removed. Other medications were also taken care of by the 
clinicians throughout the treatment. For the spectroscopic 
data analysis, histopathology data were bifurcated into dif-
ferent groups.

We conducted the fluorescence measurements on patients 
(OSCC and dysplasia) and normal volunteers by an in-house 
developed handheld device (fabricated in the CELP work-
shop at IIT Kanpur, India). The device was installed in Hallet 
Hospital of GSVM Medical College Kanpur, Uttar Pradesh, 
India, for clinical testing. The device consists of a 405 nm 
diode laser, two collimating lenses (CL), a beam splitter 
(BS), a long pass filter (450 nm), connecting fibers, and a 
spectrometer. A schematic diagram with the photograph of 
the device and other required accessories while recording 
data on a patient is shown in Fig. 1a and b, respectively. 
Laser light is shone on the oral cavity tissue, and the fluores-
cence signal is recorded using the UV-visible spectrometer. 
Ocean Optics Spectra Suit Software is used for data acquisi-
tion. Spectra recorded from abnormal and normal areas of 
a patient’s oral cavity are displayed in Fig. 1b. Porphyrin 
content (634 nm) is found much higher in the abnormal area 
than in the normal area of the oral cavity. It indicates that the 
device can detect and differentiate between the normal and 
abnormal parts of the oral tissue. A disposable cap of Teflon 
material (Virgin PTFE) is used at the device’s tip. Its size 
was designed in such a way that focused light irradiate at the 
tip of the cap. The cap’s design was done in the CELT work-
shop, at IIT Kanpur, India. Since the focused incident light 

at the surface of any material gives maximum fluorescence 
signal, therefore the cap’s length was arrested according to 
the lens focal length. The spot size of the focused light was 
≈ 1 nm. With this arrestment, we obtained excellent spatial 
resolution. Optimal powers of 122 μW and integration time 
of 3 s were significant enough to record the fluorescence 
signal from oral cavity sites.

Follow‑up of ethical approval

To conduct the clinical study, we had taken the ethical 
approval from the committee members of IIT Kanpur, UP, 
India, and GSVM Medical College, UP, India. We obtained 
ethical clearance with IEC communication number IITK/
IEC/2015-16/2/10. We also got approval from the Clinical 
Trials Registry-India (CTRI) and received the approval with 
registration number CTRI/2017/10/010102. Patients and 
volunteers reported in the hospital for the cancer diagnosis 
were explained briefly about the working of the device and 
its advantages over the biopsy. After that, informed consent 
was taken from the admitted patients. In a questionnaire, we 
noted personal and professional details such as age, back-
ground of family, lifestyle, occupation, and consuming of 
unhealthy products.

Analysis methods (PCA, SVM, and ROC)

In the analysis methods, we employed principal component 
analysis (PCA), support vector machine (SVM) classifier, 
and receiver operating chrematistic (ROC) analysis. PCA 
is used on the fluorescence data set to reduce its dimen-
sion without losing the information. Dimension reduction 
can be made by simply computing the eigenvectors, also 
called principal components. However, SVM is utilized 
to classify among OSCC, dysplastic, and normal groups. 
SVM applied on a data set finds an optimal hyperplane that 
separates data points of different groups. It achieves this 
classification among the group by maximizing the margin 
between the decision boundary (hyperplane) and the support 

Fig. 1   a Schematic diagram of 
the fluorescence-based in-house 
portable device. b Photograph 
of a device with the required 
accessories such as a hand-held 
device, laser diode, spectrome-
ter, and laptop, while collecting 
the data from an oral carcinoma 
patient
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vectors (data points closest to the decision boundary). In the 
SVM classifier, the most widely used kernels such as linear, 
radial basis function (RBF), polynomial, and sigmoid were 
included, and diagnostic parameters such as accuracy, sensi-
tivity, and specificity were computed [37–40]. All the steps 
included for the classifying of three groups are summarized 
in the flow chart and displayed in Fig. 2. ROC is used to 
find the discrimination line and to compute the diagnostic 
parameters. MATLAB software (MATLAB R2016a, Math-
Works, MA, USA) and Python (version 3.9) are utilized to 
analyze the data.

Results and discussion

Fluorescence spectra of buccal mucosa

Typical fluorescence spectra recorded from oral squamous 
cell carcinoma (OSCC) patients, dysplastic patients, and the 
control group (normal volunteers) are displayed in Fig. 3a–c. 
Fluorescence spectra are taken at an excitation wavelength 
of 405 nm from oral buccal mucosa in the scan range of 
450 to 750 nm. Typical fluorescence spectra of three OSCC 
patients are shown in Fig. 3a by the solid line, dash line, and 
dash-dot lines, respectively. Similarly, spectra are shown in 
Fig. 3b and c for dysplastic patients and normal volunteers. 
In the spectra of all three groups, the presence of an FAD 
band near 500 nm is observed. However, three porphyrin 

bands at 634, 676, and 703 nm are observed in OSCC and 
dysplastic groups. In the control group, only a minor band at 
634 nm is seen (Fig. 3c). OSCC patients’ spectra displayed 
in Fig. 3a show two types of spectral profiles. In OSCC 
patient 1, the intensity of the FAD band is much higher than 
the porphyrin band (634 nm). However, in patients 2 and 
3, the intensity of the porphyrin band is higher than that of 
the FAD bands. In the majority of the OSCC patients (≈ 
85%), we found the presence of porphyrin bands. In more 
than half of the cases, the intensity of porphyrin bands was 
much higher than the FAD band. Like the OSCC spectra, 
dysplastic patients’ spectra shown in Fig. 3b consist of two 
different spectral profiles. In dysplastic patients 1 and 2, the 
intensity of FAD bands is slightly higher than the porphyrin 
bands. In patient 3, the intensity of the porphyrin band is 
larger than the FAD band. In most of the dysplastic patients 
(70%), we found the presence of porphyrin bands, and in 
some cases (≈30%), porphyrin bands were dominating over 
the FAD band. In the spectra of the control group, two types 
of spectral profiles are shown. In normal volunteers 1 and 2, 
the presence of the FAD band can be seen only. However, 
FAD and porphyrin bands can be seen in normal volunteer 
3. In most of the cases (99%), we only found the presence 
of FAD band. Only in two volunteers out of 36, a very weak 
band of porphyrin at 634 nm is seen. These bands may be 
due to bacterial infections. A typical spectra of a cancer-
ous patient (highly addicted to tobacco-based products), a 
habituated volunteer (consuming tobacco-based products 

Fig. 2   Steps to classify among 
the groups using PCA and SVM 
on fluorescence data of all the 
three groups
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more than 5 to 6 times a day for the last 10 years), and an 
inhabituated volunteer (consuming once or twice in a day 
for the couple of years) are shown in Fig. 3d. Enhancement 
of the fluorescence intensities of porphyrin bands with the 
progress of cancer (normal → dysplasia → OSCC) indicates 
that concentration of porphyrin increases with the progress 
of disease, which is reflected in the fluorescence spectra. 
However, spectral profiles of OSCC and dysplastic patients 
show that it is not always true that the intensities of por-
phyrin bands will always be dominant over the FAD band 
in all the cases. Therefore, analyzing the data by choosing 
specific biomarkers will not be appropriate. In other words, 
the selection of entire spectra for the data analysis could be 
a good choice. OSCC and dysplastic patients show higher 
FAD intensity if the porphyrin band is not present.

Data analysis

To differentiate among the groups, we took the maximum 
value of intensity of porphyrin bands from all three groups 
and applied ROC on it. We could differentiate the groups, 
i.e., OSCC to normal, dysplasia to normal, and OSCC to 
dysplasia, with sensitivity and specificity values of 98%, 
83%, 77%, and 100%, 98%, and 81%, respectively. Obtained 
sensitivity values for the differentiation of dysplastic to 
normal and OSCC to dysplastic groups are insignificant. 
Further, we took entire fluorescence spectra for the data 
analysis. Recorded fluorescence data have a dimension of 

700, and it was reduced to a lower dimensional data set by 
employing the principal component analysis (PCA). Dimen-
sion reduction was done by estimating the principal compo-
nents (PCs) of the correlation matrix (700 × 700).

Further, principal component (PC) scores were computed 
by projecting the original data along the PCs. The first 10 
PCs consist of 99% total variance, in which the first two PCs 
(PC1 and PC2) consist of a total of 91% variance and 1st 
three PCs consist of a total of 93% variance. It indicates that 
the significant information is in the first 3 to 4 PCs. Scatter 
plots in between 1st and 2nd PC scores and 1st three PC 
scores are displayed in Fig. 4a and b. It can be seen clearly 
in both the figures that data of the control group is well sepa-
rated from the data of the other two groups. For the classifi-
cation among the groups, a support vector machine (SVM) 
classifier is applied on 1st and 2nd PC scores and 1st and 
3rd PC scores, respectively. Before using the SVM classifier 
on the PC scores, PC scores are segregated into training and 
testing sets. Around 70% of data are taken for training and 
30% for testing. By incorporating different kernels in the 
SVM classifier, we classified the groups and computed the 
various diagnostic parameters such as accuracy, sensitivity, 
and specificity.

Scatter data plots of linear kernel-based SVM classi-
fier applied on 1st and 2nd PC scores and 1st and 3rd PC 
scores are shown in Fig. 5a–d. The linear kernel-based SVM 
classifier demonstrates excellent sensitivity and specificity 
for OSCC to normal, dysplasia to normal, and OSCC to 

Fig. 3   a Typical fluorescence 
spectra of three OSCC patients, 
b typical fluorescence spectra 
of three dysplastic patients, c 
typical fluorescence spectra 
of three normal volunteers, d 
typical spectra of cancerous 
patient, habitual and in-habitual 
volunteers
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dysplasia with sensitivity values of 100%, 100%, and 95% 
and specificity values of 100%, 100%, and 94%, respectively. 
It is important to note that sensitivity and specificity values 
for discriminating OSCC to dysplasia are lower than 100%. 
Therefore, a linear SVM-based classifier on 1st and 3rd PC 
scores is applied but obtained fewer values than the previous 
values. Similarly, the RBF kernel was used on the data set, 
and diagnostic parameters were computed. Scatter data plots 
of RBF kernel-based SVM classifier applied on 1st and 2nd 
PC scores and 1st and 3rd PC scores are shown in Fig. 6a–d. 
Sensitivity and specificity values were found 100% among 
OSCC to normal and dysplasia to normal. RBF-SVM-based 
kernel could differentiate OSCC to dysplasia with sensitiv-
ity of 97% and 100%, respectively. RBF-SVM-based kernel 
applied on 1st PC and 3rd PC scores was also unable to 
discriminate the groups with 100% sensitivity values. Other 
kernels implemented in SVM, i.e., polynomial-SVM and 

sigmoid-SVM-based, could not differentiate among the 
groups with significantly higher sensitivity and specificity 
values as the linear and RBF-based kernels did. The diag-
nostic values obtained among the groups from all the kernels 
are summarized in Tables 1 and 2. The process of picking 
training and testing datasets has been iterated multiple times, 
yielding consistent sensitivity and specificity values without 
significant variations.

Conclusion

This clinical research aimed to detect and discriminate the 
oral mucosal lesions using the fluorescence-based port-
able device and support vector machine (SVM) classifier. 
To detect the oral mucosal lesions, we used an in-house 
developed device and performed measurements on patients 

Fig. 4   Scatter plots of PC scores 
of normal, dysplastic, and 
OSCC groups. a Scatter plot in 
between 1st and 2nd PC scores. 
b Scatter plot among the first 
three PC scores

Fig. 5   Linear-SVM-based 
classification on 1st three PC 
scores of a normal to OSCC 
data, b normal to dysplasia data, 
c dysplasia to OSCC data, d 
dysplasia to OSCC data
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(OSCC and dysplastic) and control groups. Measurements 
performed on 189 tissue sites of 81 patients and volunteers 
displayed two significant bands of FAD and porphyrin in the 
fluorescence spectra near 500 nm and at 634 nm, with some 
minor bands at 676 and 703 nm. The intensity of the por-
phyrin band was found much higher in OSCC and dysplastic 
patients than in normal volunteers. We found the accuracy 
values of 99%, 92%, and 79% by applying ROC on maxi-
mum values of porphyrin bands in all the three groups.

Further, we took the entire spectra of all three groups and 
reduced the dimension by employing PCA. We selected the 
first three PC scores and applied SVM on 1st and 2nd PCs 
and 1st and 3rd PCs, respectively. Before applying SVM on 
PC scores, the data set was divided into training and testing 
sets. Different kernels were included while analyzing the 

data using the SVM. Linear and RBF-based kernels on 1st 
two PC scores were able to differentiate among the groups 
(OSCC to normal and dysplasia to normal) with 100% sen-
sitivity and specificity and OSCC to dysplasia with sensi-
tivity of 95% and 96% and specificity of 97% and 100%, 
respectively. Polynomial and sigmoid kernels implemented 
on SVM could differentiate the groups with the accuracy 
values of 56%, 76%, 88% 56%, 76%, and 88%, respectively. 
Linear and RBF could discriminate the groups with higher 
accuracy values out of the four kernels. Results displayed 
that RBF-SVM-based classification is comparable to linear-
SVM. In conclusion, the hand-held device combined with a 
machine learning tool (PCA-SVM) may be a reliable screen-
ing method for the detection of oral mucosal lesions.

Fig. 6   RBF-SVM-based clas-
sification on 1st three PC scores 
of a normal to OSCC data, 
b normal to dysplasia data, 
c dysplasia to OSCC data, d 
dysplasia to OSCC data

Table 1   Sensitivity, specificity, 
and accuracy values for the 
testing data among the groups 
for linear and RBF kernels

Kernels→ Linear RBF

Groups↓ Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

OSCC/normal 100% 100% 100% 100% 100% 100%
Dysplasia/normal 100% 100% 100% 100% 100% 100%
OSCC/dysplasia 95% 94% 95% 95% 100% 97%

Table 2   Sensitivity, specificity, 
and accuracy values for the 
testing data among the groups 
for polynomial and sigmoid 
kernels

Kernels→ Polynomial Sigmoid

Groups↓ Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

OSCC/normal 73% 100% 88% 100% 100% 100%
Dysplasia/normal 67% 100% 85% 100% 100% 100%
OSCC/dysplasia 100% 19% 67% 61% 37% 51%
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