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Abstract

Oral health remains a critical yet often neglected aspect of general well-being, with a
significant percentage of the global population lacking access to early-stage dental
diagnostics. In India, approximately 67% (924 million) of the population have never visited a
dentist, and 87% (1.2 billion) seek dental care only when symptoms become severe. Compared
to a global survey, 27% (2.2 billion) of the world's population visit a dentist only once a year.
Current dental screening methods rely on in-clinic examinations, which can be costly and
inaccessible to many. Advancements in digital imaging and sensor technology offer promising
opportunities to enhance early detection and preventive care through noninvasive and cost-

s effective approaches. Oral conditions such as dental caries (54%—750 million), gingivitis (51%
—708 million), and periodontitis (50%—700 million)—if diagnosed in the early stages, can be

managed without disease progression using various preventive methods. This study proposes
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a custom-built multispectral light-emitting diode (LED) prototype system combined with a
mobile camera for the early detection of oral conditions. The research explores the feasibility
of this device in imaging and diagnosing various dental diseases, including caries, plaque,
calculus, and oral lesions, using image processing techniques in marise. A dataset of 1000
clinical images sourced from private clinics was analyzed using expert diagnoses and
algorithmic classification, achieving a diagnostic accuracy of up to 90%. The results
demonstrate that multispectral LED imaging enhances disease visualization compared to
standard white-light images, facilitating improved detection and classification of dental
conditions. The findings suggest that this novel LED-based imaging system could serve as a
viable tool for at-home dental screenings, reducing the burden on clinical facilities and
promoting proactive oral healthcare. The research also highlights the potential integration of
artificial intelligence (AI) for automated diagnosis, paving the way for scalable, technology-

driven solutions in preventive dentistry.

Issue Section: Special Papers

Keywords: oral health, early detection, image-based diagnosis, digital health, telehealth, dental screening
device, artificial intelligence

Topics: Diseases, Imaging, Light-emitting diodes, Matlab, Wavelength, Visualization, Fluorescence

1 Introduction

Oral health is a fundamental aspect of overall well-being, yet access to timely and effective
dental care remains a major global challenge, particularly in low- and middle-income countries
[1]. According to recent surveys [2], a large segment of the population does not seek dental
care until symptoms become severe. In India, 67% of people have never visited a dentist, and
87% seek treatment only when experiencing pain or discomfort [2]. This lack of early
intervention contributes to the progression of preventable oral diseases such as dental caries,

gingivitis, and periodontitis, leading to complex and costly treatments [1,3].

Recent technological advancements have transformed healthcare by integrating photographic
data with computing technologies. The miniaturization of high-magnification cameras,
combined with improvements in imaging sensors and algorithms, has opened new
possibilities to improve medical screening and diagnosis [4]. While most modern imaging
devices are designed for consumer photography, customized imaging systems can be
developed to cater to specialized medical applications. Designing such a system involves
carefully selecting and integrating hardware and software components, including lighting,
filters, optics, sensors, and image processing algorithms [5,6]. Typically, a physical prototype is

developed to assess the performance and effectiveness of the system.

In oral healthcare, innovative technologies are continuously being developed to improve
diagnostic efficiency and treatment outcomes [7]. These advanced techniques are generally

noninvasive, user-friendly, and beneficial to both patients and clinicians [7]. One of the most
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important tools in modern dental diagnostics is the intra-oral camera (I0C). An IOC system
typically consists of a camera with an integrated light source, a display unit, and a processing
system [8]. These cameras offer a range of advanced features, including macromode for
magnification, curing lights for composite restorations, light-emitting diode (LED) illumination,
real-time video and photo capture, and fluorescence imaging for detecting various stages of

caries, plaque, and gum inflammation [9].

This paper focuses on custom-built multispectral LEDs incorporated into an IOC system to
develop a prototype capable of imaging and quantifying fluorescence within the oral cavity.
Fluorescent emissions from teeth play a critical role in diagnosing oral conditions through
photographic analysis [10]. Ambient LED lighting improves fluorescence and phosphorescence
in teeth, helping to investigate clinically oral health issues. Capturing oral images using LED
lights with specific wavelengths allows the identification of various clinical characteristics [11].
The optical properties of dental hard tissues have been applied in various clinical practices and
require further exploration using advanced optical techniques. Optical imaging in dentistry is
vital for the early detection of oral diseases, enabling minimally invasive treatments and
effective functional and aesthetic restoration of tissues [12]. These methods utilize the
principles of light scattering, absorption, and fluorescence, employing both LED and
traditional light sources [10]. The common principle underlying these techniques is that the
optical spectrum of a tissue reflects its biochemical composition and structure, providing
valuable diagnostic insights for tissue characterization [12]. The motivation for developing this
system comes from the observation that tissue autofluorescence can help differentiate
between healthy and abnormal conditions, such as normal versus cancerous tissue, healthy
versus carious teeth, normal tooth color versus abnormal tooth color, and healthy versus
diseased gingiva. This insight has inspired the creation of various imaging systems for
noninvasive, in vivo measurement of tissue autofluorescence. Given the weak
autofluorescence signal compared to that of reflected light, specialized components are
required to effectively separate fluorescent photons from reflected ones. Simulations of the
imaging system allow us to test different LED wavelength combinations to excite tissue
fluorophores and quantify their emitted photons. These simulations are validated by
comparing the prototype's predictions with actual measurements from a system designed to
induce fluorescence in the oral cavity. Soft-prototyping tools have been shown to be reliable in

guiding future design refinements and improving imaging systems.

The objective of simulating fluorescence imaging in the oral cavity is to aid in developing
systems that provide clinicians with precise diagnostic and quantitative information to detect
dental diseases [10,12]. Early detection and accurate clinical staging of the presence, activity,
and severity of a disease are critical for effective treatment strategies. Developing
technologies for early disease detection offers significant health and economic benefits,

enabling timely preventive care and lowering treatment costs [7].
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More recently, numerous innovative technologies have emerged to support clinicians and
practitioners in diagnosing and managing oral conditions, such as the detection of dental
caries and oral cancer, the quantification of dental plaque, and the identification of other oral
diseases [8,11]. These advancements have also encouraged the use of photography as an
educational tool, for maintaining medicolegal records, and for supporting clinical diagnoses.
Collectively, these technologies have transformed the way diseases are diagnosed and
managed, promoting more conservative and effective treatment approaches [13]. Traditional
dental diagnostics primarily rely on in-clinic visual inspections and radiographic imaging
performed by trained professionals. While these methods are effective, they are often
inaccessible due to financial constraints, geographical barriers, and a shortage of dental
professionals, particularly in rural areas [14]. Additionally, many individuals remain unaware of
the importance of routine oral examinations, further delaying diagnosis and treatment [2].
Despite advancements in medical imaging technology, early detection of dental diseases
remains a challenge due to several factors like many populations, especially in remote regions,
lack access to affordable and convenient dental diagnostic tools, conventional diagnostic
equipment and procedures can be expensive, deterring individuals from seeking regular
check-ups, while telehealth has improved healthcare accessibility, reliable and cost-effective
at-home solutions for oral health assessment are still lacking [15]. Current diagnostic
techniques often require specialized training, making them impractical for self-assessment or

remote screening [1].

This study aims to improve oral health diagnostics by developing a multispectral LED-based
imaging system capable of enhancing disease visualization. Improved imaging can help field-
level personnel reliably identify disease features and may also enable artificial intelligence (Al)-
driven auto-identification of dental conditions. By allowing individuals to capture images at
home and either self-identify issues or have them assessed remotely, this technology has the
potential to facilitate early detection, promote preventive care, and enable population-wide

mass screening efforts.

2 Background

Dental diseases, including dental caries, periodontal disease, and dental fluorosis, are
becoming more prevalent. Recent oral health surveys reveal that an alarming 94% of the
population experiences some form of dental problem [2]. However, many dental problems are
preventable, and serious complications can be avoided through regular monitoring of oral
health [16,17]. In addition, monitoring the condition of periodontal tissues, gingiva, and oral
mucosa can provide valuable information on a patient's overall health, helping in the
management of cardiovascular and cerebrovascular diseases, diabetes, AIDS, and some other

medical conditions [17].

2.1 Visible Light Spectrum.
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Visible light is a segment of the electromagnetic spectrum, consisting of specific wavelengths
that the human visual system can perceive. This range spans approximately 380 to 750
nanometers (nm) [18]. A multispectral image comprises multiple grayscale images, each
representing a specific wavelength or band of wavelengths within the electromagnetic
spectrum. Unlike standard red, green, blue (RGB) images, multispectral imaging extends
beyond the visible spectrum, covering ranges from ultraviolet to near-infrared. As a result,
multispectral imaging captures more detailed information than RGB images, providing

enhanced insights that are not visible to the human eye [19].

2.2 Multispectral Light-Emitting Diode.

Fluorescence detection, a noncontact and nondestructive probing method, has gained

considerable attention due to its high sensitivity and specificity.

2.2.1 Use Cases and Concepts Behind Each Wavelength.
e 360-450nm

The principle involves illuminating oral tissues with ultraviolet and blue light as excitation
sources. These light beams penetrate the tissue, where they are absorbed by fluorophore
molecules. In response, the fluorophores emit fluorescence at specific longer wavelengths,
typically within the green, yellow, or red spectrum. The exact excitation and emission

wavelengths used vary depending on the equipment or commercial product in use [11].
e 405-nm wavelength

The cariogenic bacteria Streptococcus mutans produce specific metabolites known as
porphyrins. The intensity of the fluorescent signal increases with the thickness of the bacterial
film. Detecting caries near amalgam restorations can be challenging, as the emitted light

tends to reflect off the restoration, leading to inaccurate or false results [20].
e 405-nm wavelength SIROInspect (Sirona)

When healthy dental tissue is exposed to light at around 405 nm, it emits a green
fluorescence. In contrast, carious areas appear red due to the presence of porphyrin
compounds, which are produced during the degradation of hard dental tissue by cariogenic
bacteria [21].

e 450 nm (Soprolife)

Areas emitting green fluorescence indicate healthy dental tissue, whereas red fluorescence
signals the presence of carious lesions. However, red fluorescence can also result from deep
dentinal caries or false signals caused by organic deposits. To confirm the cause, the red
fluorescent area should be cleaned with sodium bicarbonate. If the red fluorescence is due to

organic deposits on the surface, it will disappear after cleaning [20].
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e 655nm wavelength (Diagnodent)

Green fluorescence indicates healthy dental tissue, while red fluorescence suggests the

presence of carious lesions. However, red fluorescence can also indicate deep dentin caries or
false positives from organic deposits. To verify the source, the area showing red fluorescence
should be cleaned with sodium bicarbonate. If the red signal originates from organic surface

deposits, it will disappear after cleaning [20].
e 440 and 680 nm (SOPROCARE)

The presence of dental plaque helps differentiate between healthy and diseased gingival
tissues [20].

3 Literature Review

A number of studies proposed advanced imaging and detection technologies. For example, a
novel method was introduced in Ref. [22] for tooth detection and dental issue classification
using panoramic radiographs. To achieve accurate results, their approach involved collecting
images from three different dental clinics and annotating them at the pixel level to highlight
14 distinct dental conditions. The annotated data were augmented through various
operations, and an Al approach based on a convolutional neural network (CNN) on a semantic
segmentation model was trained on these images. These operations included annotating at
the pixel level to delineate different dental issues, applying semantic segmentation using CNN
to classify different regions of the X-ray images, binarizing segmented images using multiple
thresholds to facilitate identification of individual teeth and dental issues, and using erosion
and dilation morphological operations to refine the segmentation and separate connected
objects such as adjacent teeth. Moreover, a labeling algorithm was applied to identify
individual teeth or groups of teeth based on the refined segmentation. Bounding boxes were
generated for each detected instance, and a refinement algorithm was applied to eliminate
inconsistencies in the segmented regions. Depending on the scenario, each tooth or group of
teeth was numbered, and a detailed report was prepared listing the identified dental
problems for each case to assist healthcare professionals in diagnosis [22]. In the same realm,
a spectral film scanner was developed by Shrestha et al. [23] that utilized multiplexed LED
illumination to digitize film images in color accurately. Simulations demonstrated the
effectiveness of the multiplexed LED system, and experimental results confirmed that the
scanner could produce precise color images using a relatively small number of LEDs. However,
the study also revealed that increasing the number of LEDs raises noise levels, which

negatively affects the scanner's performance beyond a certain threshold [23].

The other technological trend was fluorescence-based technologies. Fluorescence imaging has
emerged as a particularly promising approach for noninvasive oral disease detection. Singh et

al. [24] demonstrated that multispectral fluorescence imaging offers an objective way to
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visualize dental abnormalities and assess the extent of bacterial infection. Since carious,
calculus, and healthy teeth exhibit distinct fluorescence properties, the technique allowed for
the clear delineation of affected areas within a tooth. The study attributed the reduced total
fluorescence in abnormal samples primarily to enamel surface damage. Additionally, the
researchers highlighted significant differences in the intensity ratios of porphyrin bands
across healthy, carious, and calculus samples, supporting the potential of multispectral
fluorescence imaging for large-scale in vivo studies aimed at validating its diagnostic
effectiveness [24]. In a similar trend, a light-induced fluorescence (LIF) device was developed
by Kim et al. [8] for visually detecting dental plaques, using a mobile app that delivers deep
learning-based oral hygiene analysis. The device enabled users to assess their oral hygiene by
checking in a mirror, while the app encouraged consistent hygiene management by providing
time-series analysis results. The authors also proposed future plans to introduce LIF-based
medical devices tailored for underserved populations, such as the elderly, individuals with low
socioeconomic status, and those in rural areas. These plans included utilizing edge computing

and creating affordable devices as smartphone accessories [8].

Fluorescence applications advanced further by Vetchaporn et al. [11], which demonstrated
that an intra-oral camera with fluorescence capabilities could offer the combined benefits of
traditional intra-oral cameras and conventional fluorescence devices. This made it an effective
tool for screening dysplasia in oral potentially malignant disorders through teledentistry. Their
study found that combining autofluorescence with white light LED examination enhanced the
accuracy and reliability of detecting dysplasia compared to using autofluorescence alone. The
results from optical fluorescence imaging were interpreted alongside the patient's clinical
signs and symptoms. While a standard intra-oral camera cannot evaluate dysplastic
characteristics of lesions, the addition of fluorescence aids makes it a more effective tool for
identifying dysplasia in oral potentially malignant disorders [11]. Similarly, Pretty et al. [25]
described a fluorescence imaging device to capture digital images of anterior teeth,
accompanied by software to objectively measure the area and severity of fluorosis. The study
included a convenience sample of 26 participants with varying degrees of fluorosis, as
assessed by Thylstrup-Fejerskov (TF) index scores from 0 to 3. Each participant's upper left
central incisor was evaluated using the TF index, photographed with a standard digital
camera, and imaged with the fluorescence device. The TF index was subsequently applied to
visually assess both digital photographs and fluorescence images, showing a strong
correlation between TF scores and fluorescence data (Kendall's tau=0.862). This indicates that
fluorescence imaging provides a reliable, objective, and potentially blinded method for the

longitudinal monitoring of enamel fluorosis in vivo [25].

The integration of Al with dental imaging has contributed to revolutionizing diagnostic
capabilities. Al Kheraif et al. [26] proposed using 2D dental imaging combined with deep
learning through CNNs to detect dental diseases. They collected approximately 1500 2D X-ray
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images using an X-ray camera, creating a dataset split into 800 images for training and 700 for
testing. The image pixels were analyzed to ensure quality, and affected areas were segmented
by drawing scribble lines to identify different regions. The system efficiently analyzed the
images, focusing on abnormal or disease-related features. The model evaluation
demonstrated promising performance, achieving a precision of 97.07% [26]. Yauney et al. [27]
demonstrated the effectiveness of two classifiers in accurately predicting the location of
dental plaque in white-light dental images beyond random chance. Their fully trained and
validated CNN, developed using both fluorescent biomarker images and expert-labeled data,
can process standard white-light intra-oral images to identify plaque pixels with high
sensitivity and specificity, eliminating the need for specialized devices or expert involvement.
They also suggested that this approach could be extended to detect other conditions, such as
oral cancer and early periodontal disease, and could be applied to nonoral fields where
diagnostic biomarker imaging supports expert knowledge [27]. You et al. [28] introduced a
novel Al model designed to detect dental plaque on primary teeth. The model achieved
clinically acceptable performance levels, matching the diagnostic accuracy of an experienced
pediatric dentist. These results highlight the potential of utilizing similar Al technologies to
support children in improving their oral health [28]. Moriyama et al. [29] proposed a
MapReduce-inspired model for estimating pocket depth, which conducts parallel extraction of
pocket regions during the mapping phase and aggregates multidirectional information in the
reducing phase. Their experiments revealed a weak correlation between pocket depth and the
visual appearance of pockets, making it challenging to accurately diagnose moderate
periodontitis using only oral images. However, the model demonstrated potential for
effectively screening patients with severe periodontal disease. Additionally, the proposed
system can serve as a home-based self-check tool, providing visual analysis comparable to
that of a dentist [29].

These advancements also have led to the introduction of integrated smart systems and mobile
applications for dental care. Won et al. [30] developed a handheld, portable optical coherence
tomography (OCT) system for imaging dental plaque and gingiva in a clinical setting. This
study evaluated the system's versatility and practical use for assessing oral health. The
handheld OCT probe was operated by trained dental hygienists, even without prior experience
with OCT, demonstrating the system's user-friendliness. The results showed that the OCT
system effectively visualized dental plaque at various locations, including the enamel surface,
the junction between enamel and gingiva, and between adjacent teeth [30]. Liu et al. [31]
proposed an intelligent dental Health-IoT iHome system that integrates smart hardware, deep
learning, and mobile technology to enhance the accessibility of dental care and provide
efficient home-based dental services. The system includes a trained model for detecting and
classifying dental diseases, along with mobile applications designed for both patients and
dentists. These apps offer features such as pre-examination, consultation, appointment

scheduling, and evaluation, facilitating seamless interaction between patients and dental
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professionals. During a one-month trial across ten private dental clinics, the Al algorithm
demonstrated over 90% accuracy in recognizing seven dental diseases, significantly improving
patient engagement and optimizing clinic resource utilization, proving its reliability in real-
world settings [31]. Datta and Chaki [32] proposed a cost-effective technique for detecting
dental caries compared to other methods. This approach utilizes visible light, making it safe
for human use, and achieves over 93% accuracy in identifying caries lesions. However, it
cannot detect individual teeth if the tooth is broken and only analyzes the surface of the
enamel, without assessing the depth of the caries. In such cases, X-ray imaging can provide
additional insights. The study suggests that future work could focus on developing a
comprehensive solution by integrating RGB and other imaging modalities to accurately detect
both the shape and depth of caries lesions [32]. Bhan et al. [33] proposed an image-
processing-based approach in their research, developing an automated software tool to assist
dentists and orthodontists in efficiently identifying caries in dental X-ray images. This tool aims
to reduce the effort and time required by eliminating the need for professionals to
meticulously examine every edge in the X-ray images, minimizing eye strain and enhancing
diagnostic efficiency [33]. Duong et al. [34] developed an automated method for detecting and
classifying dental caries lesions using smartphone color images, following the international
caries detection and assessment system IL. This research paved the way for the creation of an
Al-powered mobile application that provides users with early warnings about their oral health,
helping them seek timely treatment at dental clinics or hospitals. Additionally, the application
supports dentists by streamlining clinical examinations, enabling quicker, more accurate, and

unbiased diagnoses for each patient [34].

Based on the literature reviewed, our research aims to address key technological and clinical

gaps in oral health assessment through:

1. Enhancing visualization and diagnosis of oral conditions in LED images compared to
reqular images.
2. Exploring the potential to automate the identification of oral conditions using waras with

LED images.

4 Methodology

This study employed a mixed-methods research approach [35], integrating qualitative and
quantitative techniques to develop and evaluate the custom-built multispectral LED imaging
system for oral disease detection. The research followed a review of current oral imaging
limitations, and expert consultations helped define the research gap and inform the device's
design. A custom-built LED imaging system was designed to improve oral disease
visualization. Oral images were captured using both traditional white-light imaging and the
LED system at private dental clinics. The quantitative component involved statistical

comparisons between LED images, marse-processed images, and expert-annotated regions.
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The mixed-methods approach ensured that the research combined scientific rigor with

practical evaluation, making the findings more robust and applicable for real-world use.

4.1 Ethical Considerations.

The study was reviewed and approved by the Institutional Ethics Committee (IEC) of the Indian
Institute of Public Health—Hyderabad/Public Health Foundation of India. Following ethics
approval, the research was conducted at two private dental clinics in Hyderabad, India, where
oral images were collected. A formal data collection request letter was provided to the
participating dental clinics, issued by the HI Rapid Lab at the Indian Institute of Public Health,
Hyderabad. The letter stated that the study focused on Custom-Built Multispectral LED
Imaging for Oral and Dermal Conditions as part of a master's thesis. It emphasized that the
IEC had granted approval for the research and requested support in collecting oral image data
with due consent. Additionally, the letter assured the clinics that all collected data would be
de-identified, securely stored at the institution, and used solely for research purposes.
Permissions were secured from the administrators of the participating clinics to conduct
imaging procedures on-site. The research team expressed gratitude for the clinics' supportin

facilitating the data collection process.

4.2 Data Collection Process.

A purposive sampling technique was employed to recruit 50 participants (16 males and 34
females) aged between 10 and 65 yrs old. Each participant underwent an oral imaging
procedure, capturing 10 to 15 images from multiple angles, leading to a dataset of
approximately 1000 to 1100 images. The imaging process involved capturing both standard
white-light images using a mobile camera flash and multispectral LED-based images using the
custom-built device. All images were taken in a controlled, darkened environment to minimize
lighting variations. Special attention was given to ensure consistency in imaging conditions by

using a cheek retractor to obtain clear views of the oral cavity (Table 1).

Table 1

Summary of dental data
Condition Subjects Images
Normal dentition 3 45
Dental plaque 10 150
Dental calculus 10 150
Dental caries 13 180
Oral lesions 3 45
Teeth discolorations and stains 8 150
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Condition Subjects Images

Attrition 10 200

Filling and artificial teeth 8 150

4.3 Image Preprocessing and Analysis Techniques.

The collected images underwent preprocessing to standardize brightness and contrast levels
for consistent analysis. The matas image processing tool was used to apply color thresholding
and segmentation techniques, allowing the identification of diseased areas. A dentist
manually annotated disease boundaries in images to serve as a reference for evaluation. The
processed images were then analyzed using statistical methods to determine their accuracy in
detecting oral diseases compared to traditional white-light images. To assess the effectiveness
of the multispectral LED imaging system, three different image sources were compared:
white-light images (standard mobile camera), multispectral LED images (custom-built device),
and waras-processed images. The primary evaluation metric was disease area detection
accuracy, determined by comparing expert-annotated diseased regions with those detected in
matLas-processed images as shown in Fig. 1. A grid counting (GC) method was used to quantify
the diseased area, and correlation analysis (r-values) was performed to measure the
relationship between LED-based and waras-processed images. The results were analyzed to
determine whether multispectral LED imaging provided enhanced disease visualization

compared to traditional methods.

Fig. 1

Phoominl image weth supard di e Bowndery merking 'unm-ﬂh-wm"wm 'l.l:Dbnllllﬂnhl.ll'l.llmlﬂ-Hl

[Mecet, by covered s = 32 [ Ml Bally corered sapmbrs = 43 [ bla.ol, belly covered squarrs = 43
Nool, moee than hall covered wguares = 11 Nool, moee then bl covered sgaeres. = B Mo of. more than half covered sgese = T
Mo, Hal cowered sgusies = 0 Mool BlaH coweved tqusies = 0 Bio.of, Hall qoveved Lpssness 1

| Mool L than hall coweeed Laid L L] Mool L!I.I.Ih.lr!hm:mﬂ!dl*.lni'« = L4 Mool I.!\.I.Ihmhﬂ{ch!lid\qum'« =11

Arew of thue Pylly covered swiies = 52 §0mm = 52| Aeew of thee bully covered squaies » 43~ spmm = 43 | Aees of the fully covered tqueres = &3 - 1 pqmen s 43 |

o T N i mm

Area ol mote then Ball Corerned spasres = §1 * 1 5 mm « A ol Mot e bl oorverned spedie = £ 1w s = £ | Aeea of ®aod e thus bl Coreened sgusies = T ] g s o

11 ugrmem NG 7 ugumen

Ared ol Rall dasvwied wipaares = " K g mem = O A ol Bl Dirvried sipadres = 0 " N g s = O daea of bl pirerred sipeites = 1 " % g e s 0%

Ared o lemin Whas hall coerred guaies o LE* 0 sg mem = 0 Arra ol leii Than hall dowrded wguaies = 10 ° O vgmm = O | Seea of e than hall iovried wquanes = 11 * 0 wg s =
]

[ Ares ol Bher dirasrspart = (33 + 111 s = Bl onrmm | Aere ol The erasrs part = (15 s Bl sgrmm = 33 sqamem | duvs of the deresrs part = [15+ T40.5] sgmem = 515

| prcen | = H1EH | Gapperoa | = 1055 | e fappeom = i

[ Persertige o the scbesl miected beeth I ]

| Berrnlage of Lhe wfeoied sies » Hoimal image 1 LE® erortrstimstamn

| Persentage of the imfected sres o MATLAR processed image | 19 underestmation |

Analysis by comparing the diseased area values obtained by GC method from all the images

(normal image, LED image, and warus-processed image)


javascript:;
https://asmedigitalcollection.asme.org/view-large/figure/29074315/jesmdt_009_01_011105_f001.tif
https://asmedigitalcollection.asme.org/DownloadFile/DownloadImage.aspx?image=https://asmedc.silverchair-cdn.com/asmedc/content_public/journal/medicaldiagnostics/9/1/10.1115_1.4068574/1/jesmdt_009_01_011105_f001.png?Expires=1751994451&Signature=2LLxgA40NNmNSF3fpYzQprMhJ9vPdJZ5VD3Exs7ArU5XBbhqTvPu5Ml8EYNc0ZQnLXUJTeq3Uqm7Z7NYlAVPMvAaq4KRrIjJUaIDzDgCjKk9SvsdCnqdNcxpUsCGkumwJ-YJz2qvLBiJoOAn-H7orpvx05PnV-Cc6q3UvNiV0J-U871i-G1Z7B7qFDvqo8vFXkE-SrUm4Ce~k2zgxtC8Y1u1Pru83ucDXTXkOd0o78qM1m5s~btVtg3tbonC6wcodQJm1zQQ1NBdUBtHvY56jJqhx0163ctOvULM9mWe5lu8KJDqOOLOnjaxfgtAIc7WifDAYNXv88Dn3M-K~cbMpA__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA&sec=29074315&ar=1217061&xsltPath=~/UI/app/XSLT&imagename=&siteId=1000059

4.3.1 marae Analysis—Color Threshold Analysis.

Thresholding is a technique that involves selecting a threshold (T7) to isolate an object or
multiple objects with similar values from the background. In color thresholding, the threshold
is determined by minimizing the variance within the class between two pixel groups separated
by the threshold [36]. The color thresholding method allows users to load an image and
interactively adjust the RGB or hue, saturation, value (HSV) thresholds. With this function,
users can define a region of interest, select or deselect pixels, and fine-tune the threshold
filter by observing the resulting image and scatter plots of RGB/HSV values [37]. The tool
supports segmentation across four color spaces, displaying the image, individual color
channels, and a 3D plot of pixel values for each color space. Users can select colors in the
mask by adjusting the color channel values or drawing a region of interest on the image or 3D
plot. Among the tested color spaces—RGB, hue, saturation, intensity, and HSV—RGB was
identified as the most effective for implementing the color thresholding technique. The
threshold value is derived from the intensity ranges of the RGB components to extract the
relevant segments from the image. This method leverages color information specific to oral
diseases to isolate affected areas [38]. The essential features of the image are extracted by
analyzing the properties of the RGB pixel. The color thresholding algorithm aims to accurately

identify and extract pixels associated with the disease while excluding irrelevant features [36].

4.3.2 Grid Counting Method.

The analysis involves comparing the values of the diseased areas, as measured by the grid
counting method across all images, as illustrated in Figs. 1 and 2. In this method [39], a grid
overlay comprising boxes is applied to the dataset (demonstrated in Fig. 1). The number of
boxes intersected by the boundary marked by an experienced dentist is counted, shaded
based on the filled region, and then calculated to determine the area in square millimeters
[39]. Quantitative data were analyzed using area values of the normal images/LED
images/marae-processed images. The images show an overestimation/underestimation of the

diseased area.

Fig. 2
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Select 2 images of the same disease (Normal light & LED light image)

Measure the size of the teeth in any one of the images

'
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Labelling the grids, identifying the diseased grids within the expert

marked boundary

The identified diseased grids are further divided into 1 sq.mm * 1 sq.mm grid

The diseased grids are highlighted based on the area covered

L 4

The identified and highlighted diseased grids are calculated using GC method

(Grid Counting method)

The values are analysed and tabulated

Work flow of study after data collection—GC method

4.4 Custom-Built Light-Emitting Diode Device and Its Features.

Our team developed custom-built multispectral LEDs as shown in Fig. 3, which can be powered
by a power bank source and connected to different cameras at Hi Rapid Lab, Public Health
Foundation of India, Indian Institute of Public Health—Hyderabad. We further finalized the
wavelengths of all four types of LEDs after a literature search. Image-based disease
identification using LEDs can be an ideal method to detect oral conditions quickly and easily.
As this process is noninvasive, it will enable the documentation and detection of oral

conditions at an early stage without causing discomfort for the patient.

Fig. 3
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4.5 Technology Used.
This study employed a combination of hardware and software tools for capturing, processing,

and analyzing oral images. The custom-built multispectral LED imaging device was utilized to


https://asmedigitalcollection.asme.org/view-large/figure/29074323/jesmdt_009_01_011105_f003.tif
https://asmedigitalcollection.asme.org/DownloadFile/DownloadImage.aspx?image=https://asmedc.silverchair-cdn.com/asmedc/content_public/journal/medicaldiagnostics/9/1/10.1115_1.4068574/1/jesmdt_009_01_011105_f003.png?Expires=1751994451&Signature=xfzTrjGJLhcOyBa3iOdFJmVaiHFgE-96HzLZzUCzeXdYCEWwxKugtRJvRGa3UlQb1Bpiug9BP3glpQ13hG04Y6vUlUr7MIaPFqkM07JnRTVXazW48an2qie0IRWUaf-8YXxG7E7li2fP5b3hgkMqFz38HSohaV5uDChM1LDvjYmWikOeMPZ-C2SRrP5CZZ0qn4wPtboaTaUm4qO~juSVCErsyfVT9Ni5v1piu53JpwMNjl3qwRulOkKxaF5hOtiR-Ngb1jvsqxlZges6MkKLwmQICiHw9nnO-OiEr5FITHMhEoYUuaz5anz~Dccex6ExIF~twPFWRwFSqMeoHnYOHg__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA&sec=29074323&ar=1217061&xsltPath=~/UI/app/XSLT&imagename=&siteId=1000059

illuminate the oral cavity at specific wavelengths, enhancing the visualization of dental
conditions. A standard mobile camera was used to capture white-light images, providing a
baseline for comparison. A total of 50 samples were visually examined by an examiner using
the custom-built LED imaging system. The images were captured following standardized
imaging poses, as illustrated in Fig. 4. Subsequently, an experienced dentist was engaged to
manually annotate the disease boundaries in the selected images, marking the extent of
visible diseased areas. Simultaneously, maras was used to automate disease detection by
analyzing the image dataset. A comparative analysis was conducted between expert-labeled
images and waras-processed images to assess the consistency and accuracy of disease area
detection. The workflow of the analysis process is illustrated in Figs. 2 and 5, detailing the

step-by-step execution of image processing and comparative evaluation.

Fig. 4
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Fig. 5
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4.6 Acquisition of Images.

The custom-built LEDs used in this study were portable ones. When the LED light (e.g., 405 nm)
from the device fell on the surfaces of the teeth, the scattered light was detected through a
camera and created the images. White-light images and LED images can be taken
consecutively. A dentist captured both white-light and LED images using a mobile camera of
different dental conditions in different patients using the white-flash light of mobile and
custom-built LED devices after examining the tooth surfaces with a mouth mirror and dental
probe. All images were taken in a darkened room and under the same lighting conditions. The
soft tissues and lips were pulled with a cheek retractor to maximize the quality of the images
taken [40].

4.6.1 Inclusion Criteria—(To Take Pictures).

Subjects with the following criteria were included in the study.

1. willingness to participate in the study
2. valid informed consent prior to the study procedure
3. male or female subjects of any age category

4. subjects with or without oral conditions
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4.6.2 Exclusion Criteria—(For Taking Images).

Subjects with the following criteria were excluded from the study.

1. Subjects with late-stage diseases (or) requiring hospitalization (or) with diseases requiring

immediate treatment are excluded.

5 Results

The study's findings demonstrate the effectiveness of multispectral LED imaging in enhancing
disease detection accuracy compared to traditional white-light imaging and vars-processed
images. A quantitative analysis was performed using the grid counting method to measure
the diseased area in square millimeters across different imaging techniques. The results
revealed that white-light images had the lowest detection capability, with a median diseased
area of 60 mm?, whereas LED-based imaging provided superior contrast, detecting a median
diseased area of 72.75 mm?. warae-processed images closely aligned with LED imaging,
identifying diseased regions with a median value of 69.25 mm?, as shown in Fig. 6. These
findings indicate that multispectral LED imaging significantly enhances disease visualization,

making it a more effective diagnostic tool than conventional imaging methods.

Fig. 6
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To further refine disease segmentation, a color threshold analysis was conducted in wmaras. This
technique allowed for precise identification and extraction of diseased areas by utilizing the
RGB color space, which was found to be the most effective for thresholding. The analysis
confirmed that LED-based imaging produces clearer and more defined disease regions as
shown in Fig. 1, supporting its potential use in automated image classification and diagnostic

applications.

To validate the effectiveness and consistency of LED imaging, a correlation analysis was
conducted across the three imaging techniques. The Pearson correlation coefficient (r-value)
as shown in Fig. 7 was calculated to measure the agreement between different imaging
modalities:

Fig. 7
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Graph shows the r-value of LED image versus waras-processed image

e LED versus wmatae: r=0.99 — Strongest correlation, indicating that waras Segmentation closely
aligns with LED-detected features.

e White-light versus warss: r=0.82 — Moderate correlation, suggesting that white-light
imaging does not fully capture disease features.

e LED versus white-light: r=0.75 — Weakest correlation, confirming that white-light imaging

underestimates the diseased area compared to LED imaging.

The study demonstrated that LED-based imaging achieved over 90% precision in detecting

nine common dental diseases, significantly improving primary diagnosis accuracy. The high
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correlation (r=0.99) between LED and wmaras-processed images suggests that this approach can
be seamlessly integrated into Al-driven automated diagnostic platforms, enabling efficient

and scalable disease detection.

A paired t-test was conducted to assess the statistical significance of differences between the
imaging techniques. The results confirmed that LED-based imaging significantly outperformed
white-light imaging (p <0.05), reinforcing its superior disease detection capability. However, no
significant difference was found between LED and warae-processed images (p > 0.05), indicating
that warae-based segmentation provides a computationally reliable alternative to expert-

annotated LED images.

5.1 Strengths of the Research.

This study has several notable strengths in methodology and clinical relevance. First, the
diagnostic approach is entirely noninvasive, eliminating patient discomfort and potential
procedural complications. The system's portable nature and user-friendly interface enable
deployment across diverse clinical settings, from established dental facilities to remote
healthcare locations. An original device prototype was developed to enhance the diagnostic
process. Although similar devices exist on the market, they generally focus on specific
diseases; in contrast, our prototype is designed to detect a broad range of dental conditions
and is also adaptable for the visual diagnosis of dermal diseases. Approximately 1000 to 1100
images were captured, covering about ten different dental diseases. This differs from the
study by Zheng and Hu [41], which collected 3000 images focused solely on dental caries.
Standardized photography poses were followed to ensure consistency, and participant
identities were de-identified throughout the study to maintain confidentiality. A key technical
advantage is the ability to generate real-time imaging data, allowing immediate clinical
decision making and patient communication. From a resource optimization perspective, the
method demonstrates significant cost-effectiveness compared to conventional diagnostic
tools. Notably, the absence of consumable reagents for disease visualization substantially
reduces ongoing operational costs while maintaining diagnostic efficacy. This economic
advantage makes the technology particularly suitable for large-scale screening programs and
resource-limited settings. The system's compatibility with teledentistry platforms represents
another crucial strength, enabling remote consultation and expanding access to specialist
expertise in underserved areas, as discussed in Refs. [22,31], and [32]. Its demonstrated
efficacy as a primary screening tool for the early detection of oral diseases improves
preventive care capabilities within the oral healthcare ecosystem. Furthermore, minimal
training requirements for operators expand the potential user base beyond dental specialists
to include allied health professionals and community health workers, facilitating greater

implementation in public health initiatives.

5.2 Research Limitations.
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This study acknowledges some limitations that warrant consideration. A primary technical
constraint was the utilization of a conventional camera system, which required a partially
darkened environment to effectively isolate the desired light wavelengths. While this approach
proved functional, it introduced certain operational challenges and potential variability in
image acquisition conditions. Future iterations of the system would benefit from the
integration of specialized spectral cameras capable of selective wavelength capture, thereby
eliminating the need for controlled lighting conditions and potentially enhancing image
quality and diagnostic precision. The study utilized a sample size of 50 subjects, with a limited
number of images per disease due to its exploratory nature. Additionally, as the device is still
in its initial prototype stage, further development and refinement are required to design and
construct it in a more conventional and user-friendly manner for effective use in clinical
settings. Additionally, the requirement for a cheek retractor during image acquisition, while
necessary for comprehensive visualization of the oral cavity, presents certain practical
limitations. This requirement may impact patient comfort and necessitates additional
procedural steps, potentially affecting the workflow efficiency. Although the retractor ensures
standardized imaging and full mouth coverage, this aspect of the protocol could benefit from
future design modifications to improve both patient experience and clinical practicality. These
limitations, while not substantially impacting the overall validity of our findings, provide

valuable insights for future technological refinements and protocol optimizations.

6 Discussion

In this article, we implemented and validated a prototype system (custom-built LED) to image
the oral cavity and quantify images to detect oral diseases, which is being developed to
perform primary oral health screening. Recently, in a similar way, an LED camera equipped
with a light-induced fluorescence evaluator (such as VistaCam, Soprolife, and Soprocare) has
been developed and clinically validated to improve diagnostic capabilities, serving as a
supplement rather than a replacement for clinicians [6,8,20]. These IOCs feature a unique
“Cario” mode, which displays different colors to distinguish between healthy, infected, active,
and arrested dentin. They provide a magnified view of teeth, along with autofluorescent
images of carious enamel and dentin, which aids in diagnosis, treatment monitoring,
excavation, and restoration. In addition, they allow for early detection of at-risk pits and
fissures for timely sealing. Peycheva and Boteva [42] reported in an in vitro study that LIF with
Soprolife IOC accurately diagnosed occlusal fissure caries, though it did not outperform the
ICDAS method [43]. The system offers several advantages, including the ability to compare
pre- and post-treatment images, capture high-resolution magnified images, and provide
reliable scores to avoid unnecessary interventions. Jablonski-Momeni et al. [44] compared a
near-infrared imaging system (VistaCam iX Proxi) with conventional radiographs to detect
proximal enamel lesions, finding moderate agreement between the methods but no

significant differences. A systematic review of LIF with Soprolife concluded that more studies
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are needed to confirm its effectiveness in diagnosing occlusal caries. Signori et al. [45]
validated intra-oral digital photography using IOC to assess restorations, showing fair to
moderate agreement between IOC-based assessments and clinical evaluations. IOC provided
benefits such as permanent archiving, repeatable assessments, blinded evaluations, and
enabling a single examiner to assess restorations across multiple centers. However, the
monitoring of pit and fissure sealants remains underexplored. Al Kheraif et al. [26] used IOC
and transillumination to diagnose incomplete cusp fractures, typically identified through
patient symptoms. Their approach involved capturing photographs of fractures for archiving
and sharing with patients. IOC also has potential applications in diagnosing conditions like
pulpal exposure, pulp polyps, and tooth wear, though further research is needed to evaluate
its efficiency. Reports on the use of IOC to diagnose plaque, calculus, and gingival
inflammation are limited. In these cases, a plaque disclosure solution may be required as
minimal plaque is difficult to detect with LED-based IOC due to color clipping effects, which
could also mask early signs of gingivitis. In a comparison of single-lens reflex cameras and
IOCs for plaque detection, the single-lens reflex system with image analysis and custom frame
was found to be more reliable. Staudt et al. [46] introduced a standardized image analysis
system using IOC, offering easier access to lingual surfaces, greater objectivity, and sensitivity
to small changes in plaque, making it useful for clinical trials. The Soprocare I0C features a
“Perio” mode, which addresses some limitations of conventional IOC by highlighting soft and
hard deposits with distinct color schemes and magnification. A study evaluating the Perio
mode showed higher plaque scores and slightly lower gingival scores than conventional
methods, indicating that it is a reliable tool. This mode allows patient education and tracking
of treatment progress through repeated image comparisons at follow-up visits. Rechmann et
al. [47] analyzed the Soprocare system in Perio mode, correlating its scores with the Turesky
modified Quigley Hein microbial plaque index, demonstrating its ability to detect and score
microbial plaque effectively. Shakibaie and Walsh used the VistaCam system to compare
fluorescence readings for calculus and caries, finding significantly higher readings for calculus
[48]. These readings were not affected by saliva or blood but showed some overlap between
subgingival calculus and root caries. Further studies explored the feasibility of mobile phone
cameras and the WhatsApp platform for remotely screening oral premalignant lesions. The
results indicated substantial agreement between remote app-based and clinical diagnoses
when classifying lesions as normal or abnormal, suggesting mobile-based screening as a
viable alternative. IOCs also show promise in diagnosing and referring conditions that affect
oral mucosal regions and could be essential tools to image areas that are difficult to reach in

the oral cavity. Future research should explore these potential applications further [49].

The custom-built LED device prototype offers numerous future applications, including
supporting treatment, facilitating communication with experts for diagnosis and treatment
decisions, and establishing protocols. It can also improve patient compliance and motivation

throughout the treatment process and increase awareness of common oral conditions. In


javascript:;
javascript:;
javascript:;
javascript:;
javascript:;
javascript:;

addition, it enables seamless communication between patients, dentists, and healthcare
providers remotely. This device provides users with a convenient platform for self-
examination, allowing early detection and prevention of dental diseases through captured
images, while also promoting better awareness and protection of oral health. Many people
have limited understanding of oral health concepts, which makes it difficult for healthcare
providers to explain treatment options. Using IOCs with custom LED technology can help
familiarize patients with the treatment process before, during, and after care. Advances in
information technology have transformed communication between healthcare professionals
and patients, enabling remote real-time diagnoses and expert consultations through
telemedicine platforms. In the future, a teledental platform will be developed, which
integrates the dental device for consultations and follow-ups. The device's image data will
soon be connected to Al-powered analysis using deep learning algorithms to detect dental
diseases quickly and accurately, providing diagnostic support to dentists and reducing
treatment time. In addition, plans are underway to offer remote screening services through an
interactive dental health platform that facilitates appointments with nearby dentists,
promoting affordable and time-efficient care. This system will optimize underutilized dental
resources by connecting patients with idle clinics or primary health centers for lower-cost
treatment. Currently, both the device and a mobile camera are needed to capture dental
images. To streamline the process, the next prototype will integrate a prime lens and a LED,
delivering high-definition images with optimal lens angles to ensure full coverage of the oral
cavity, including both hard and soft tissues. As image quality significantly impacts Al analysis,
future development will focus on improving hardware design and improving image acquisition
efficiency. Further efforts will also focus on refining Al algorithms, increasing recognition

accuracy, and building a more extensive dataset for the detection of dental disease.

7 Conclusion

These findings highlight the potential of multispectral LED imaging technology to improve
early disease detection rates and optimize oral healthcare resources, particularly at the
primary care level. This study shows that the developed hardware system helped visualize and
diagnose oral conditions better in LED images than on regular images. This study also proved
that automated diagnosis of oral disease using LED images by maras was possible, to aid
remote and early diagnosis of oral disease, as well as to provide home-based dental health
care service more efficiently. This study proposes a hardware system for imaging and
quantifying fluorescence imaging in the oral cavity to detect oral diseases to regulate and
optimize the accessibility of dental treatment and provide home dental health care service
more efficiently. We have clinically validated the prototype to detect diseases, and Al
application software can be developed on the mobile terminal for use at the primary level
more efficiently. The software platform will include pre-examination of dental disease,

consultation, appointment, evaluation, oral health awareness videos, and make the service



docking between the people and the dentist/healthcare worker a reality. Similar devices are
available in the market currently, but by focusing on specific diseases, our prototype is
designed in a way to cover a wide range of dental diseases, and further it can be used for
visual diagnosis of dermal diseases. This device will help monitor oral health at the primary
level and promote awareness of oral health among the population. The innovation of this
study lies in our proposed method, which relies solely on dental images to inform healthcare
providers about the dental condition of a patient. It can also detect any decline in oral health
over time, enabling timely alerts. This information allows healthcare providers to recommend
the most appropriate treatment or hygiene practices to improve patient oral health. The high
reliability of the LED imaging device suggests that it can serve as a valuable tool for early
diagnosis and preventive oral healthcare, supporting greater adoption in home screening,

teledentistry applications, and large-scale public health programs.

Acknowledgment

This research was carried out as part of my Master's thesis in Health Informatics at the Indian
Institute of Public Health, Hyderabad, India. I sincerely thank all study participants for their
time. I also extend my gratitude to my team at the HI Rapid Lab, Hyderabad, India, for their
continued support, guidance, and encouragement throughout this research. This work was
presented at the Second IBTec/IEEE Symposium on Industrial based Biomedical Engineering
Research (SIBER-24).

Funding Data
e HI Rapid Lab, Hyderabad, India.

Data Availability Statement

The datasets generated and supporting the findings of this article are obtainable from the

corresponding author upon reasonable request.

References

1. Petersen, P. E., 2008, “World Health Organization Global Policy for Improvement of Oral
Health-World Health Assembly 2007,” Int. Dent. J., 58(3), pp. 115-121.10.1111/j.1875-595X.2
008.tb00185.x

Google Scholar  Crossref PubMed

2. World Health Organization, 2022, Global Oral Health Status Report: Towards Universal Health
Coverage for Oral Health by 2030, World Health Organization, Geneva, Switzerland, www.wh
o.int/publications/i/item/9789240061484

3. Petersen, P. E., and Ogawa, H., 2012, “The Global Burden of Periodontal Disease: Towards
Integration With Chronic Disease Prevention and Control,” Periodontol. 2000, 60(1), pp.
15-39.10.1111/j.1600-0757.2011.00425.x


https://doi.org/10.1111/j.1875-595X.2008.tb00185.x
https://doi.org/10.1111/j.1875-595X.2008.tb00185.x
https://scholar.google.com/scholar_lookup?title=World%20Health%20Organization%20Global%20Policy%20for%20Improvement%20of%20Oral%20Health-World%20Health%20Assembly%202007&author=P.%20E.%20Petersen&publication_year=2008&journal=Int.%20Dent.%20J.&volume=58&pages=115-121
http://dx.doi.org/10.1111/j.1875-595X.2008.tb00185.x
http://www.ncbi.nlm.nih.gov/pubmed/18630105
http://www.who.int/publications/i/item/9789240061484
http://www.who.int/publications/i/item/9789240061484
https://doi.org/10.1111/j.1600-0757.2011.00425.x

10.

11.

12.

13.

Google Scholar  Crossref PubMed

Mbunge, E., Muchemwa, B., Jiyane, S., and Batani, J., 2021, “Sensors and Healthcare 5.0:
Transformative Shift in Virtual Care Through Emerging Digital Health Technologies,” Global
Health J., 5(4), pp. 169-177.10.1016/j.glohj.2021.11.008

Google Scholar  Crossref

Pinto-Coelho, L., 2023, “How Atrtificial Intelligence Is Shaping Medical Imaging Technology:
A Survey of Innovations and Applications,” Bioengineering, 10(12), p. 1435.10.3390/bioengin
eering10121435

Google Scholar  Crossref PubMed

Alhasan, M., and Hasaneen, M., 2021, “Digital Imaging, Technologies and Artificial
Intelligence Applications During COVID-19 Pandemic,” Comput. Med. Imaging Graphics, 91,
p. 101933.10.1016/j.compmedimag.2021.101933

Google Scholar  Crossref

Slimani, A., Terrer, E., Manton, D. J., and Tassery, H., 2020, “Carious Lesion Detection
Technologies: Factual Clinical Approaches,” Br. Dent. J., 229(7), pp. 432-442.10.1038/s41415-
020-2116-3

Google Scholar  Crossref PubMed

Kim, J.-M., Lee, W. R., Kim, J.-H., Seo, J.-M., and Im, C., 2020, “Light-Induced Fluorescence-
Based Device and Hybrid Mobile App for Oral Hygiene Management at Home:
Development and Usability Study,” JMIR mHealth uHealth, 8(10), p. e17881.10.2196/17881

Google Scholar  Crossref PubMed

Park, E. Y., Jeong, S., Kang, S., Cho, J., Cho, J.-Y., and Kim, E.-K., 2023, “Tooth Caries
Classification With Quantitative Light-Induced Fluorescence (QLF) Images Using
Convolutional Neural Network for Permanent Teeth In Vivo,” BMC Oral Health, 23(1), p.
981.10.1186/512903-023-03669-6

Google Scholar  Crossref PubMed

Zhou, L., and El-Deiry, W. S., 2009, “Multispectral Fluorescence Imaging,” J. Nucl. Med.,
50(10), pp. 1563-1566.10.2967/jnumed.109.063925

Google Scholar  Crossref PubMed

Vetchaporn, S., Rangsri, W., Ittichaicharoen, J., and Rungsiyakull, P., 2021, “Validity and
Reliability of Intraoral Camera With Fluorescent Aids for Oral Potentially Malignant
Disorders Screening in Teledentistry,” Int. J. Dent., 2021(1), pp. 1-9.10.1155/2021/6814027

Eom, J. B., and Park, A., 2020, “Applications of Optical Imaging System in Dentistry,” Med.
Lasers; Eng., Basic Res., Clin. Appl., 9(1), pp. 25-33.10.25289/ML.2020.9.1.25

Lyu, Z., Jiang, H., Xiao, F., Rong, J., Zhang, T., Wandell, B., and Farrell, J., 2021, “Simulations
of Fluorescence Imaging in the Oral Cavity,” Biomed. Opt. Express, 12(7), pp. 4276-4292.10.
1364/BOE.429995


https://scholar.google.com/scholar_lookup?title=The%20Global%20Burden%20of%20Periodontal%20Disease%3A%20Towards%20Integration%20With%20Chronic%20Disease%20Prevention%20and%20Control&author=P.%20E.%20Petersen&author=H.%20Ogawa&publication_year=2012&journal=Periodontol.%202000&volume=60&pages=15-39
http://dx.doi.org/10.1111/prd.2012.60.issue-1
http://www.ncbi.nlm.nih.gov/pubmed/22909104
https://doi.org/10.1016/j.glohj.2021.11.008
https://scholar.google.com/scholar_lookup?title=Sensors%20and%20Healthcare%205.0%3A%20Transformative%20Shift%20in%20Virtual%20Care%20Through%20Emerging%20Digital%20Health%20Technologies&author=E.%20Mbunge&author=B.%20Muchemwa&author=S.%20Jiyane&author=J.%20Batani&publication_year=2021&journal=Global%20Health%20J.&volume=5&pages=169-177
http://dx.doi.org/10.1016/j.glohj.2021.11.008
https://doi.org/10.3390/bioengineering10121435
https://doi.org/10.3390/bioengineering10121435
https://scholar.google.com/scholar_lookup?title=How%20Artificial%20Intelligence%20Is%20Shaping%20Medical%20Imaging%20Technology%3A%20A%20Survey%20of%20Innovations%20and%20Applications&author=L.%20Pinto-Coelho&publication_year=2023&journal=Bioengineering&volume=10&pages=1435
http://dx.doi.org/10.3390/bioengineering10121435
http://www.ncbi.nlm.nih.gov/pubmed/38136026
https://doi.org/10.1016/j.compmedimag.2021.101933
https://scholar.google.com/scholar_lookup?title=Digital%20Imaging%2C%20Technologies%20and%20Artificial%20Intelligence%20Applications%20During%20COVID-19%20Pandemic&author=M.%20Alhasan&author=M.%20Hasaneen&publication_year=2021&journal=Comput.%20Med.%20Imaging%20Graphics&volume=91&pages=101933
http://dx.doi.org/10.1016/j.compmedimag.2021.101933
https://doi.org/10.1038/s41415-020-2116-3
https://doi.org/10.1038/s41415-020-2116-3
https://scholar.google.com/scholar_lookup?title=Carious%20Lesion%20Detection%20Technologies%3A%20Factual%20Clinical%20Approaches&author=A.%20Slimani&author=E.%20Terrer&author=D.%20J.%20Manton&author=H.%20Tassery&publication_year=2020&journal=Br.%20Dent.%20J.&volume=229&pages=432-442
http://dx.doi.org/10.1038/s41415-020-2116-3
http://www.ncbi.nlm.nih.gov/pubmed/33037363
https://doi.org/10.2196/17881
https://scholar.google.com/scholar_lookup?title=Light-Induced%20Fluorescence-Based%20Device%20and%20Hybrid%20Mobile%20App%20for%20Oral%20Hygiene%20Management%20at%20Home%3A%20Development%20and%20Usability%20Study&author=J.-M.%20Kim&author=W.%20R.%20Lee&author=J.-H.%20Kim&author=J.-M.%20Seo&author=C.%20Im&publication_year=2020&journal=JMIR%20mHealth%20uHealth&volume=8&pages=e17881
http://dx.doi.org/10.2196/17881
http://www.ncbi.nlm.nih.gov/pubmed/33064097
https://doi.org/10.1186/s12903-023-03669-6
https://scholar.google.com/scholar_lookup?title=Tooth%20Caries%20Classification%20With%20Quantitative%20Light-Induced%20Fluorescence%20%28QLF%29%20Images%20Using%20Convolutional%20Neural%20Network%20for%20Permanent%20Teeth%20In%20Vivo&author=E.%20Y.%20Park&author=S.%20Jeong&author=S.%20Kang&author=J.%20Cho&author=J.-Y.%20Cho&author=E.-K.%20Kim&publication_year=2023&journal=BMC%20Oral%20Health&volume=23&pages=981
http://dx.doi.org/10.1186/s12903-023-03669-6
http://www.ncbi.nlm.nih.gov/pubmed/38066624
https://doi.org/10.2967/jnumed.109.063925
https://scholar.google.com/scholar_lookup?title=Multispectral%20Fluorescence%20Imaging&author=L.%20Zhou&author=W.%20S.%20El-Deiry&publication_year=2009&journal=J.%20Nucl.%20Med.&volume=50&pages=1563-1566
http://dx.doi.org/10.2967/jnumed.109.063925
http://www.ncbi.nlm.nih.gov/pubmed/19759119
https://doi.org/10.1155/2021/6814027
https://doi.org/10.25289/ML.2020.9.1.25
https://doi.org/10.1364/BOE.429995
https://doi.org/10.1364/BOE.429995

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Google Scholar  Crossref PubMed

Vundavalli, S., Indiran, M. A., Doppalapudi, R., Siddanna, S., Baig, M. N., Issrani, R., and
Prabhu, N., 2025, “Barriers to Dental Services Utilization Among Adult Population in India:
A Scoping Review,” Pesqui. Bras. Odontopediatr. Clin. Integr., 25, p. e240040.10.1590/pboci.2
025.037

Google Scholar  Crossref

Peres, M. A., Macpherson, L. M. D., Weyant, R. J., Daly, B., Venturelli, R., Mathur, M. R., Listl,
S., etal., 2019, “Oral Diseases: A Global Public Health Challenge,” Lancet, 394(10194), pp.
249-260.10.1016/S0140-6736(19)31146-8

Google Scholar  Crossref PubMed

Eaton, K., Yusuf, H., and Vassallo, P., 2023, “The WHO Global Oral Health Action Plan 2023-
2030,” Community Dent. Health, 40(2), pp. 68-69.10.1922/CDH_Jun23Editorial02

Google Scholar PubMed

Fisher, J., Berman, R., Buse, K., Doll, B., Glick, M., Metzl, J., and Touger-Decker, R., 2023,
“Achieving Oral Health for All Through Public Health Approaches, Interprofessional, and
Transdisciplinary Education,” NAM Perspect., National Academy of Medicine, Washington,
DC.10.31478/202302b

Prangnell, L., 2016, “Visible Light-Based Human Visual System Conceptual Model,”
preprint arXiv:1609.04830.10.48550/arXiv.1609.04830

Sliney, D., 2016, “What Is Light? The Visible Spectrum and Beyond,” Eye, 30(2), pp.
222-229.10.1038/eye.2015.252

Google Scholar  Crossref PubMed

Mualla, S. K., 2016, “Fluorescence and Dentistry,” J. Dent. Med. Sci., 15, pp. 65-75.https://ios
rjournals.org/iosr-jdms/papers/Vol15-Issue%203/Version-9/L1503096575.pdf

Arun Kumar, S., Lanke, R. B., Kumar, S., and Gupta, R., 2016, “Caries Excavation by Using
Fluorescence Methodology Review,” Int. J. Community Health Med. Res., 2(3), p. 35.10.4103/j
ispcd.JISPCD_133_19

Muresan, M. P., Barbura, A. R., and Nedevschi, S., 2020, “Teeth Detection and Dental
Problem Classification in Panoramic X-Ray Images Using Deep Learning and Image
Processing Techniques,” IEEE 16th International Conference on Intelligent Computer
Communication and Processing (ICCP), Cluj-Napoca, Romania, Sept. 3-5, pp. 457-463.10.11
09/ICCP51029.2020.9266244

Google Scholar  Crossref

Shrestha, R., Hardeberg, J. Y., and Boust, C., 2012, “LED Based Multispectral Film Scanner
for Accurate Color Imaging,” Eighth International Conference on Signal Image Technology
and Internet Based Systems, Naples, Italy, Nov. 25-29, pp. 811-817.10.1109/SITIS.2012.122

Google Scholar  Crossref


https://scholar.google.com/scholar_lookup?title=Simulations%20of%20Fluorescence%20Imaging%20in%20the%20Oral%20Cavity&author=Z.%20Lyu&author=H.%20Jiang&author=F.%20Xiao&author=J.%20Rong&author=T.%20Zhang&author=B.%20Wandell&author=J.%20Farrell&publication_year=2021&journal=Biomed.%20Opt.%20Express&volume=12&pages=4276-4292
http://dx.doi.org/10.1364/BOE.429995
http://www.ncbi.nlm.nih.gov/pubmed/34457414
https://doi.org/10.1590/pboci.2025.037
https://doi.org/10.1590/pboci.2025.037
https://scholar.google.com/scholar_lookup?title=Barriers%20to%20Dental%20Services%20Utilization%20Among%20Adult%20Population%20in%20India%3A%20A%20Scoping%20Review&author=S.%20Vundavalli&author=M.%20A.%20Indiran&author=R.%20Doppalapudi&author=S.%20Siddanna&author=M.%20N.%20Baig&author=R.%20Issrani&author=N.%20Prabhu&publication_year=2025&journal=Pesqui.%20Bras.%20Odontopediatr.%20Cl%C3%ADn.%20Integr.&volume=25&pages=e240040
http://dx.doi.org/10.1590/pboci.2025.037
https://doi.org/10.1016/S0140-6736(19)31146-8
https://scholar.google.com/scholar_lookup?title=Oral%20Diseases%3A%20A%20Global%20Public%20Health%20Challenge&author=M.%20A.%20Peres&author=L.%20M.%20D.%20Macpherson&author=R.%20J.%20Weyant&author=B.%20Daly&author=R.%20Venturelli&author=M.%20R.%20Mathur&author=S.%20Listl&publication_year=2019&journal=Lancet&volume=394&pages=249-260
http://dx.doi.org/10.1016/S0140-6736(19)31146-8
http://www.ncbi.nlm.nih.gov/pubmed/31327369
https://doi.org/10.1922/CDH_Jun23Editorial02
https://scholar.google.com/scholar_lookup?title=The%20WHO%20Global%20Oral%20Health%20Action%20Plan%202023-2030&author=K.%20Eaton&author=H.%20Yusuf&author=P.%20Vassallo&publication_year=2023&journal=Community%20Dent.%20Health&volume=40&pages=68-69
http://www.ncbi.nlm.nih.gov/pubmed/37265395
https://doi.org/10.31478/202302b
https://doi.org/10.48550/arXiv.1609.04830
https://doi.org/10.1038/eye.2015.252
https://scholar.google.com/scholar_lookup?title=What%20Is%20Light%3F%20The%20Visible%20Spectrum%20and%20Beyond&author=D.%20Sliney&publication_year=2016&journal=Eye&volume=30&pages=222-229
http://dx.doi.org/10.1038/eye.2015.252
http://www.ncbi.nlm.nih.gov/pubmed/26768917
https://iosrjournals.org/iosr-jdms/papers/Vol15-Issue%203/Version-9/L1503096575.pdf
https://iosrjournals.org/iosr-jdms/papers/Vol15-Issue%203/Version-9/L1503096575.pdf
https://doi.org/10.4103/jispcd.JISPCD_133_19
https://doi.org/10.4103/jispcd.JISPCD_133_19
https://doi.org/10.1109/ICCP51029.2020.9266244
https://doi.org/10.1109/ICCP51029.2020.9266244
https://scholar.google.com/scholar_lookup?title=Teeth%20Detection%20and%20Dental%20Problem%20Classification%20in%20Panoramic%20X-Ray%20Images%20Using%20Deep%20Learning%20and%20Image%20Processing%20Techniques&author=M.%20P.%20Muresan&author=A.%20R.%20Barbura&author=S.%20Nedevschi&publication_year=2020&journal=IEEE%2016th%20International%20Conference%20on%20Intelligent%20Computer%20Communication%20and%20Processing%20%28ICCP%29&volume=&pages=457-463
http://dx.doi.org/10.1109/ICCP51029.2020
https://doi.org/10.1109/SITIS.2012.122
https://scholar.google.com/scholar_lookup?title=LED%20Based%20Multispectral%20Film%20Scanner%20for%20Accurate%20Color%20Imaging&author=R.%20Shrestha&author=J.%20Y.%20Hardeberg&author=C.%20Boust&publication_year=2012&journal=Eighth%20International%20Conference%20on%20Signal%20Image%20Technology%20and%20Internet%20Based%20Systems&volume=&pages=811-817
http://dx.doi.org/10.1109/SITIS.2012.122

24.

25.

26.

27.

28.

29.

30.

31.

32.

Singh, S. P, Falt, P,, Barman, I, Koistinen, A., Dasari, R. R., and Kullaa, A. M., 2017,
“Objective Identification of Dental Abnormalities With Multispectral Fluorescence
Imaging,” J. Biophotonics, 10(10), pp. 1279-1286.10.1002/jbio.201600218

Google Scholar  Crossref PubMed

Pretty, L., Tavener, J., Browne, D., Brettle, D., Whelton, H., and Ellwood, R., 2006,
“Quantification of Dental Fluorosis Using Fluorescence Imaging,” Caries Res., 40(5), pp.
426-434.10.1159/000094289

Google Scholar  Crossref PubMed

Al Kheraif, A. A., Wahba, A. A., and Fouad, H., 2019, “Detection of Dental Diseases From
Radiographic 2d Dental Image Using Hybrid Graph-Cut Technique and Convolutional
Neural Network,” Measurement, 146, pp. 333-342.10.1016/j.measurement.2019.06.014

Google Scholar  Crossref

Yauney, G., Angelino, K., Edlund, D., and Shah, P., 2017, “Convolutional Neural Network for
Combined Classification of Fluorescent Biomarkers and Expert Annotations Using White
Light Images,” IEEE 17th International Conference on Bioinformatics and Bioengineering
(BIBE), Washington, DC, Oct. 23-25, pp. 303-309.10.1109/BIBE.2017.00-37

Google Scholar  Crossref

You, W., Hao, A., Li, S., Wang, Y., and Xia, B., 2020, “Deep Learning-Based Dental Plaque
Detection on Primary Teeth: A Comparison With Clinical Assessments,” BMC Oral Health,
20(1), pp. 1-7.10.1186/s12903-020-01114-6

Google Scholar  Crossref

Moriyama, Y., Lee, C., Date, S., Kashiwagi, Y., Narukawa, Y., Nozaki, K., and Murakami, S.,
2019, “A MapReduce-Like Deep Learning Model for the Depth Estimation of Periodontal
Pockets,” 12th International Conference on Health Informatics (HEALTHINF), Prague, Czech
Republic, Feb. 22-24, pp. 388-395.10.5220/0007405703880395

Google Scholar  Crossref

Won, J., Huang, P.-C., Spillman, D. R, Jr., Chaney, E. J., Adam, R., Klukowska, M., Barkalifa,
R., and Boppart, S. A., 2020, “Handheld Optical Coherence Tomography for Clinical
Assessment of Dental Plaque and Gingiva,” J. Biomed. Opt., 25(11), p. 116011.10.1117/1.JB
0.25.11.116011

Google Scholar  Crossref PubMed

Liu, L., Xu, J., Huan, Y., Zou, Z., Yeh, S.-C., and Zheng, L.-R., 2020, “A Smart Dental Health-
IoT Platform Based on Intelligent Hardware, Deep Learning, and Mobile Terminal,” IEEE J.
Biomed. Health Inf., 24(3), pp. 898-906.10.1109/)BHI.2019.2919916

Google Scholar  Crossref

Datta, S., and Chaki, N., 2015, “Detection of Dental Caries Lesion at Early Stage Based on
Image Analysis Technique,” IEEE International Conference on Computer Graphics, Vision


https://doi.org/10.1002/jbio.201600218
https://scholar.google.com/scholar_lookup?title=Objective%20Identification%20of%20Dental%20Abnormalities%20With%20Multispectral%20Fluorescence%20Imaging&author=S.%20P.%20Singh&author=P.%20F%C3%A4lt&author=I.%20Barman&author=A.%20Koistinen&author=R.%20R.%20Dasari&author=A.%20M.%20Kullaa&publication_year=2017&journal=J.%20Biophotonics&volume=10&pages=1279-1286
http://dx.doi.org/10.1002/jbio.v10.10
http://www.ncbi.nlm.nih.gov/pubmed/27943658
https://doi.org/10.1159/000094289
https://scholar.google.com/scholar_lookup?title=Quantification%20of%20Dental%20Fluorosis%20Using%20Fluorescence%20Imaging&author=I.%20Pretty&author=J.%20Tavener&author=D.%20Browne&author=D.%20Brettle&author=H.%20Whelton&author=R.%20Ellwood&publication_year=2006&journal=Caries%20Res.&volume=40&pages=426-434
http://dx.doi.org/10.1159/000094289
http://www.ncbi.nlm.nih.gov/pubmed/16946612
https://doi.org/10.1016/j.measurement.2019.06.014
https://scholar.google.com/scholar_lookup?title=Detection%20of%20Dental%20Diseases%20From%20Radiographic%202d%20Dental%20Image%20Using%20Hybrid%20Graph-Cut%20Technique%20and%20Convolutional%20Neural%20Network&author=A.%20A.%20Al%20Kheraif&author=A.%20A.%20Wahba&author=H.%20Fouad&publication_year=2019&journal=Measurement&volume=146&pages=333-342
http://dx.doi.org/10.1016/j.measurement.2019.06.014
https://doi.org/10.1109/BIBE.2017.00-37
https://scholar.google.com/scholar_lookup?title=Convolutional%20Neural%20Network%20for%20Combined%20Classification%20of%20Fluorescent%20Biomarkers%20and%20Expert%20Annotations%20Using%20White%20Light%20Images&author=G.%20Yauney&author=K.%20Angelino&author=D.%20Edlund&author=P.%20Shah&publication_year=2017&journal=IEEE%2017th%20International%20Conference%20on%20Bioinformatics%20and%20Bioengineering%20%28BIBE%29&volume=&pages=303-309
http://dx.doi.org/10.1109/BIBE.2017.00-37
https://doi.org/10.1186/s12903-020-01114-6
https://scholar.google.com/scholar_lookup?title=Deep%20Learning-Based%20Dental%20Plaque%20Detection%20on%20Primary%20Teeth%3A%20A%20Comparison%20With%20Clinical%20Assessments&author=W.%20You&author=A.%20Hao&author=S.%20Li&author=Y.%20Wang&author=B.%20Xia&publication_year=2020&journal=BMC%20Oral%20Health&volume=20&pages=1-7
http://dx.doi.org/10.1186/s12903-020-01114-6
https://doi.org/10.5220/0007405703880395
https://scholar.google.com/scholar_lookup?title=A%20MapReduce-Like%20Deep%20Learning%20Model%20for%20the%20Depth%20Estimation%20of%20Periodontal%20Pockets&author=Y.%20Moriyama&author=C.%20Lee&author=S.%20Date&author=Y.%20Kashiwagi&author=Y.%20Narukawa&author=K.%20Nozaki&author=S.%20Murakami&publication_year=2019&journal=HEALTHINF&volume=&pages=388-395
http://dx.doi.org/10.5220/0007405703880395
https://doi.org/10.1117/1.JBO.25.11.116011
https://doi.org/10.1117/1.JBO.25.11.116011
https://scholar.google.com/scholar_lookup?title=Handheld%20Optical%20Coherence%20Tomography%20for%20Clinical%20Assessment%20of%20Dental%20Plaque%20and%20Gingiva&author=J.%20Won&author=P.-C.%20Huang&author=%20Spillman&author=D.%20R.%20&author=E.%20J.%20Chaney&author=R.%20Adam&author=M.%20Klukowska&author=R.%20Barkalifa&author=S.%20A.%20Boppart&publication_year=2020&journal=J.%20Biomed.%20Opt.&volume=25&pages=116011
http://dx.doi.org/10.1117/1.JBO.25.11.116011
http://www.ncbi.nlm.nih.gov/pubmed/33244918
https://doi.org/10.1109/JBHI.2019.2919916
https://scholar.google.com/scholar_lookup?title=A%20Smart%20Dental%20Health-IoT%20Platform%20Based%20on%20Intelligent%20Hardware%2C%20Deep%20Learning%2C%20and%20Mobile%20Terminal&author=L.%20Liu&author=J.%20Xu&author=Y.%20Huan&author=Z.%20Zou&author=S.-C.%20Yeh&author=L.-R.%20Zheng&publication_year=2020&journal=IEEE%20J.%20Biomed.%20Health%20Inf.&volume=24&pages=898-906
http://dx.doi.org/10.1109/JBHI.6221020

33.

34.

35.

36.

37.

38.

39.

40.

41.

and Information Security (CGVIS), Bhubaneswar, India, Nov. 2-3, pp. 89-93.10.1109/CGVIS.
2015.7449899

Google Scholar  Crossref

Bhan, A., Goyal, A., Harsh, Chauhan, N., and Wang, C.-W., 2016, “Feature Line Profile
Based Automatic Detection of Dental Caries in Bitewing Radiography,” International
Conference on Micro-Electronics and Telecommunication Engineering (ICMETE),
Ghaziabad, India, Sept. 22-23, pp. 635-640.10.1109/ICMETE.2016.59

Google Scholar  Crossref

Duong, D. L., Kabir, M. H., and Kuo, R. F., 2021, “Automated Caries Detection With
Smartphone Color Photography Using Machine Learning,” Health Inf. J., 27(2), p.
14604582211007530.10.1177/14604582211007530

Google Scholar  Crossref

Teddlie, C., and Tashakkori, A., 2011, “Mixed Methods Research,” Sage Handb. Qual. Res.,
4(1), pp. 285-300.10.4135/9781506335193

Verma, S., Khare, D., Gupta, R., and Chandel, G. S., 2012, “Analysis of Image Segmentation
Algorithms Using MATLAB,” Third International Conference on Trends in Information,
Telecommunication and Computing, Springer, Bangkok, Thailand, Apr. 10-11, pp. 163-172.h
ttps://link.springer.com/chapter/10.1007/978-1-4614-3363-7_19

Google Scholar  Crossref

Chhaya, S. V., Khera, S., and Kumar, P., 2015, “Basic Geometric Shape and Primary Color
Detection Using Image Processing on MATLAB,” Int. J. Res. Eng. Technol., 4(5), pp.
505-509.https://ijret.org/volumes/2015v04/i05/]JRET20150405094.pdf

Ghinea, R., Pérez, M. M., Herrera, L. J., Rivas, M. ., Yebra, A., and Paravina, R. D., 2010,
“Color Difference Thresholds in Dental Ceramics,” J. Dent., 38, pp. €57-e64.10.1016/j.jdent.
2010.07.008

Google Scholar  Crossref PubMed

Doughty, M. J., 2017, “A Grid-Based Nucleus Counting Method for Estimates of the Density
of Superficial Conjunctival Cells From Impression Cytology Samples Taken From Normal
Healthy Human Eyes,” Curr. Eye Res., 42(9), pp. 1228-1234.10.1080/02713683.2017.130741
4

Google Scholar  Crossref PubMed

Cho, K. H., Kang, C.-M., Jung, H.-L,, Lee, H.-S., Lee, K,, Lee, T. Y., and Song, J. S., 2021, “The
Diagnostic Efficacy of Quantitative Light-Induced Fluorescence in Detection of Dental
Caries of Primary Teeth,” J. Dent., 115, p. 103845.10.1016/j.jdent.2021.103845

Google Scholar  Crossref PubMed

Zheng, L., and Hu, Y., 2009, “The Study of Blue LED to Induce Fluorescence Spectroscopy
and Fluorescence Imaging for Oral Carcinoma Detection,” Proc. SPIE, 7382, pp. 381-386.1
0.1117/12.835110


https://doi.org/10.1109/CGVIS.2015.7449899
https://doi.org/10.1109/CGVIS.2015.7449899
https://scholar.google.com/scholar_lookup?title=Detection%20of%20Dental%20Caries%20Lesion%20at%20Early%20Stage%20Based%20on%20Image%20Analysis%20Technique&author=S.%20Datta&author=N.%20Chaki&publication_year=2015&journal=CGVIS&volume=&pages=89-93
http://dx.doi.org/10.1109/CGVIS.2015.7449899
https://doi.org/10.1109/ICMETE.2016.59
https://scholar.google.com/scholar_lookup?title=Feature%20Line%20Profile%20Based%20Automatic%20Detection%20of%20Dental%20Caries%20in%20Bitewing%20Radiography&author=A.%20Bhan&author=A.%20Goyal&author=N.%20Chauhan&author=C.-W.%20Wang&publication_year=2016&journal=ICMETE&volume=&pages=635-640
http://dx.doi.org/10.1109/ICMETE.2016.59
https://doi.org/10.1177/14604582211007530
https://scholar.google.com/scholar_lookup?title=Automated%20Caries%20Detection%20With%20Smartphone%20Color%20Photography%20Using%20Machine%20Learning&author=D.%20L.%20Duong&author=M.%20H.%20Kabir&author=R.%20F.%20Kuo&publication_year=2021&journal=Health%20Inf.%20J.&volume=27&pages=14604582211007530
http://dx.doi.org/10.1177/14604582211007530
https://doi.org/10.4135/9781506335193
https://link.springer.com/chapter/10.1007/978-1-4614-3363-7_19
https://link.springer.com/chapter/10.1007/978-1-4614-3363-7_19
https://scholar.google.com/scholar_lookup?title=Analysis%20of%20Image%20Segmentation%20Algorithms%20Using%20MATLAB&author=S.%20Verma&author=D.%20Khare&author=R.%20Gupta&author=G.%20S.%20Chandel&publication_year=2012&journal=Third%20International%20Conference%20on%20Trends%20in%20Information%2C%20Telecommunication%20and%20Computing&volume=&pages=163-172
http://dx.doi.org/10.1007/978-1-4614-3363-7
https://ijret.org/volumes/2015v04/i05/IJRET20150405094.pdf
https://doi.org/10.1016/j.jdent.2010.07.008
https://doi.org/10.1016/j.jdent.2010.07.008
https://scholar.google.com/scholar_lookup?title=Color%20Difference%20Thresholds%20in%20Dental%20Ceramics&author=R.%20Ghinea&author=M.%20M.%20P%C3%A9rez&author=L.%20J.%20Herrera&author=M.%20J.%20Rivas&author=A.%20Yebra&author=R.%20D.%20Paravina&publication_year=2010&journal=J.%20Dent.&volume=38&pages=e57-e64
http://dx.doi.org/10.1016/j.jdent.2010.07.008
http://www.ncbi.nlm.nih.gov/pubmed/20670670
https://doi.org/10.1080/02713683.2017.1307414
https://doi.org/10.1080/02713683.2017.1307414
https://scholar.google.com/scholar_lookup?title=A%20Grid-Based%20Nucleus%20Counting%20Method%20for%20Estimates%20of%20the%20Density%20of%20Superficial%20Conjunctival%20Cells%20From%20Impression%20Cytology%20Samples%20Taken%20From%20Normal%20Healthy%20Human%20Eyes&author=M.%20J.%20Doughty&publication_year=2017&journal=Curr.%20Eye%20Res.&volume=42&pages=1228-1234
http://dx.doi.org/10.1080/02713683.2017.1307414
http://www.ncbi.nlm.nih.gov/pubmed/28557568
https://doi.org/10.1016/j.jdent.2021.103845
https://scholar.google.com/scholar_lookup?title=The%20Diagnostic%20Efficacy%20of%20Quantitative%20Light-Induced%20Fluorescence%20in%20Detection%20of%20Dental%20Caries%20of%20Primary%20Teeth&author=K.%20H.%20Cho&author=C.-M.%20Kang&author=H.-I.%20Jung&author=H.-S.%20Lee&author=K.%20Lee&author=T.%20Y.%20Lee&author=J.%20S.%20Song&publication_year=2021&journal=J.%20Dent.&volume=115&pages=103845
http://dx.doi.org/10.1016/j.jdent.2021.103845
http://www.ncbi.nlm.nih.gov/pubmed/34637890
https://doi.org/10.1117/12.835110
https://doi.org/10.1117/12.835110

42.

43.

44,

45.

46.

47.

48.

49,

Peycheva, K., and Boteva, E., 2016, “A Comparison of Different Methods for Fissure Caries
Detection,” Acta Med. Bulg., 43(1), pp. 30-38.10.1515/amb-2016-0004

Zeitouny, M., Feghali, M., Nasr, A., Abou-Samra, P., Saleh, N., Bourgeois, D., and Farge, P.,
2014, “SOPROLIFE System: An Accurate Diagnostic Enhancer,” Sci. World J., 2014(1), pp.
1-8.10.1155/2014/924741

Jablonski-Momeni, A., Jablonski, B., and Lippe, N., 2017, “Clinical Performance of the Near-
Infrared Imaging System VistaCam iX Proxi for Detection of Approximal Enamel Lesions,”
BDJ Open, 3(1), pp. 1-8.10.1038/bdjopen.2017.12

Google Scholar  Crossref

Signori, C., Collares, K., Cumerlato, C. B., Correa, M. B., Opdam, N. J., and Cenci, M. S.,
2018, “Validation of Assessment of Intraoral Digital Photography for Evaluation of Dental
Restorations in Clinical Research,” J. Dent., 71, pp. 54-60.10.1016/j.jdent.2018.02.001

Google Scholar  Crossref PubMed

Staudt, C. B., Kinzel, S., Hal3feld, S., Stein, W., Staehle, H. J., and Dérfer, C. E., 2001,
“Computer-Based Intraoral Image Analysis of the Clinical Plaque Removing Capacity of 3
Manual Toothbrushes,” J. Clin. Periodontol., 28(8), pp. 746-752.10.1034/j.1600-051X.2001.2
80805.x

Google Scholar  Crossref PubMed

Rechmann, P, Liou, S. W., Rechmann, B. M., and Featherstone, J. D., 2014, “SOPROCARE-
450 nm Wavelength Detection Tool for Microbial Plaque and Gingival Inflammation: A
Clinical Study,” Proc. SPIE, 8929, pp. 42-48.10.1117/12.2047275

Boye, U., Walsh, T., Pretty, I. A., and Tickle, M., 2012, “Comparison of Photographic and
Visual Assessment of Occlusal Caries With Histology as the Reference Standard,” BMC Oral
Health, 12(1), pp. 1-7.10.1186/1472-6831-12-10

Google Scholar  Crossref PubMed

Vinayagamoorthy, K., Acharya, S., Kumar, M., Pentapati, K. C., and Acharya, S., 2019,
“Efficacy of a Remote Screening Model for Oral Potentially Malignant Disorders Using a
Free Messaging Application: A Diagnostic Test for Accuracy Study,” Aust. J. Rural Health,
27(2), pp- 170-176.10.1111/ajr.12496

Google Scholar  Crossref PubMed

Copyright © 2026 by ASME; reuse license CC-BY 4.0

View Metrics

Skip to Main Content

B Get Email Alerts


https://doi.org/10.1515/amb-2016-0004
https://doi.org/10.1155/2014/924741
https://doi.org/10.1038/bdjopen.2017.12
https://scholar.google.com/scholar_lookup?title=Clinical%20Performance%20of%20the%20Near-Infrared%20Imaging%20System%20VistaCam%20iX%20Proxi%20for%20Detection%20of%20Approximal%20Enamel%20Lesions&author=A.%20Jablonski-Momeni&author=B.%20Jablonski&author=N.%20Lippe&publication_year=2017&journal=BDJ%20Open&volume=3&pages=1-8
http://dx.doi.org/10.1038/bdjopen.2017.12
https://doi.org/10.1016/j.jdent.2018.02.001
https://scholar.google.com/scholar_lookup?title=Validation%20of%20Assessment%20of%20Intraoral%20Digital%20Photography%20for%20Evaluation%20of%20Dental%20Restorations%20in%20Clinical%20Research&author=C.%20Signori&author=K.%20Collares&author=C.%20B.%20Cumerlato&author=M.%20B.%20Correa&author=N.%20J.%20Opdam&author=M.%20S.%20Cenci&publication_year=2018&journal=J.%20Dent.&volume=71&pages=54-60
http://dx.doi.org/10.1016/j.jdent.2018.02.001
http://www.ncbi.nlm.nih.gov/pubmed/29438796
https://doi.org/10.1034/j.1600-051X.2001.280805.x
https://doi.org/10.1034/j.1600-051X.2001.280805.x
https://scholar.google.com/scholar_lookup?title=Computer-Based%20Intraoral%20Image%20Analysis%20of%20the%20Clinical%20Plaque%20Removing%20Capacity%20of%203%20Manual%20Toothbrushes&author=C.%20B.%20Staudt&author=S.%20Kinzel&author=S.%20Ha%C3%9Ffeld&author=W.%20Stein&author=H.%20J.%20Staehle&author=C.%20E.%20D%C3%B6rfer&publication_year=2001&journal=J.%20Clin.%20Periodontol.&volume=28&pages=746-752
http://dx.doi.org/10.1034/j.1600-051X.2001.280805.x
http://www.ncbi.nlm.nih.gov/pubmed/11442734
https://doi.org/10.1117/12.2047275
https://doi.org/10.1186/1472-6831-12-10
https://scholar.google.com/scholar_lookup?title=Comparison%20of%20Photographic%20and%20Visual%20Assessment%20of%20Occlusal%20Caries%20With%20Histology%20as%20the%20Reference%20Standard&author=U.%20Boye&author=T.%20Walsh&author=I.%20A.%20Pretty&author=M.%20Tickle&publication_year=2012&journal=BMC%20Oral%20Health&volume=12&pages=1-7
http://dx.doi.org/10.1186/1472-6831-12-10
http://www.ncbi.nlm.nih.gov/pubmed/22214223
https://doi.org/10.1111/ajr.12496
https://scholar.google.com/scholar_lookup?title=Efficacy%20of%20a%20Remote%20Screening%20Model%20for%20Oral%20Potentially%20Malignant%20Disorders%20Using%20a%20Free%20Messaging%20Application%3A%20A%20Diagnostic%20Test%20for%20Accuracy%20Study&author=K.%20Vinayagamoorthy&author=S.%20Acharya&author=M.%20Kumar&author=K.%20C.%20Pentapati&author=S.%20Acharya&publication_year=2019&journal=Aust.%20J.%20Rural%20Health&volume=27&pages=170-176
http://dx.doi.org/10.1111/ajr.2019.27.issue-2
http://www.ncbi.nlm.nih.gov/pubmed/30942518
javascript:;

Skip to Main Content

Article Activity Alert
Accepted Manuscript Alert

New Issue Alert

Cited By

Google Scholar

Latest Most Read Most Cited

Enhancing Early Oral Disease Detection Through
Custom Multispectral Light-Emitting Diode Imaging: A
Noninvasive Digital Approach for Remote Dental
Diagnostics

ASME ] of Medical Diagnostics (February 2026)

Cross-State SARS-COV-2 Epidemic Forecast In USA by
Gaidai Bio-Risk Evaluation Scheme
ASME | of Mediical Diagnostics

Integration of Dilated Eye Network and Circular Hough
Transform for Improved Eye-Tracking

ASME | of Medical Diagnostics (February 2026)

Emotional Excess Prognostics by Multimodal Gaidai
Reliability Methodology, Using Thorax Respiration
Signal

ASME ] of Medical Diagnostics (February 2026)

Related Articles

Two-dimensional Maps of Short-term Albumin Uptake
by the Immature and Mature Rabbit Aortic Wall Around
Branch Points

J Biomech Eng (December,2002)

CT Visualization of Cryoablation in Pulmonary Veins

J. Med. Devices (June,2009)


javascript:;
javascript:;
javascript:;
http://scholar.google.com/scholar?q=link:https%3A%2F%2Fasmedigitalcollection.asme.org%2Fmedicaldiagnostics%2Farticle%2F9%2F1%2F011105%2F1217061
javascript:;
javascript:;
javascript:;
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068574/1217061/Enhancing-Early-Oral-Disease-Detection-Through
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068574/1217061/Enhancing-Early-Oral-Disease-Detection-Through
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068574/1217061/Enhancing-Early-Oral-Disease-Detection-Through
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068574/1217061/Enhancing-Early-Oral-Disease-Detection-Through
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068774/1218351/Cross-State-SARS-COV-2-Epidemic-Forecast-In-USA-by
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068774/1218351/Cross-State-SARS-COV-2-Epidemic-Forecast-In-USA-by
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068148/1213683/Integration-of-Dilated-Eye-Network-and-Circular
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068148/1213683/Integration-of-Dilated-Eye-Network-and-Circular
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068500/1215520/Emotional-Excess-Prognostics-by-Multimodal-Gaidai
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068500/1215520/Emotional-Excess-Prognostics-by-Multimodal-Gaidai
https://asmedigitalcollection.asme.org/medicaldiagnostics/article/doi/10.1115/1.4068500/1215520/Emotional-Excess-Prognostics-by-Multimodal-Gaidai
https://asmedigitalcollection.asme.org/biomechanical/article/124/6/684/450725/Two-dimensional-Maps-of-Short-term-Albumin-Uptake
https://asmedigitalcollection.asme.org/biomechanical/article/124/6/684/450725/Two-dimensional-Maps-of-Short-term-Albumin-Uptake
https://asmedigitalcollection.asme.org/biomechanical/article/124/6/684/450725/Two-dimensional-Maps-of-Short-term-Albumin-Uptake
https://asmedigitalcollection.asme.org/medicaldevices/article/3/2/027512/470804/CT-Visualization-of-Cryoablation-in-Pulmonary

Designing and Implementing a Portable Near-Infrared
Imaging System for Monitoring of Human's Brain
Functional Activity

J. Med. Devices (June,2015)

Artificial Neural Network Analysis of Heart Sounds
Captured From an Acoustic Stethoscope and Emailed
Using iStethoscopePro

J. Med. Devices (June,2010)

Related Proceedings Papers

Laser Based Study of Spray Auto-Ignition in a Generic
Mixing Duct
GT2008

Visualization of Radioactive Sources Without Gamma-
Radiation With UV Imaging Systems

ICEM2009

Cross-Sectional Imaging of the Liquid Film in Horizontal
Two-Phase Annular Flow

HT-FED2004

Related Chapters

Regression of Representative Keys for Classification: A
Simple Learning Approach

Intelligent Engineering Systems through Artificial Neural
Networks

Role of Artificial Intelligence in Hepatitis B Diagnosis

International Conference on Mechanical and Electrical
Technology, 3rd, (ICMET-China 2011), Volumes 1-3

Conclusion & executive summary

Photodynamic Therapy Mediated by Fullerenes and their
Derivatives

Skip to Main Content


https://asmedigitalcollection.asme.org/medicaldevices/article/9/2/020921/447853/Designing-and-Implementing-a-Portable-Near
https://asmedigitalcollection.asme.org/medicaldevices/article/9/2/020921/447853/Designing-and-Implementing-a-Portable-Near
https://asmedigitalcollection.asme.org/medicaldevices/article/9/2/020921/447853/Designing-and-Implementing-a-Portable-Near
https://asmedigitalcollection.asme.org/medicaldevices/article/4/2/027531/434076/Artificial-Neural-Network-Analysis-of-Heart-Sounds
https://asmedigitalcollection.asme.org/medicaldevices/article/4/2/027531/434076/Artificial-Neural-Network-Analysis-of-Heart-Sounds
https://asmedigitalcollection.asme.org/medicaldevices/article/4/2/027531/434076/Artificial-Neural-Network-Analysis-of-Heart-Sounds
https://asmedigitalcollection.asme.org/GT/proceedings/GT2008/43130/37/328336
https://asmedigitalcollection.asme.org/GT/proceedings/GT2008/43130/37/328336
https://asmedigitalcollection.asme.org/ICEM/proceedings/ICEM2009/44083/321/344636
https://asmedigitalcollection.asme.org/ICEM/proceedings/ICEM2009/44083/321/344636
https://asmedigitalcollection.asme.org/HT/proceedings/HT-FED2004/4692X/677/363977
https://asmedigitalcollection.asme.org/HT/proceedings/HT-FED2004/4692X/677/363977
https://asmedigitalcollection.asme.org/ebooks/book/145/chapter/28908/Regression-of-Representative-Keys-for
https://asmedigitalcollection.asme.org/ebooks/book/145/chapter/28908/Regression-of-Representative-Keys-for
https://asmedigitalcollection.asme.org/ebooks/book/203/chapter/38621/Role-of-Artificial-Intelligence-in-Hepatitis-B
https://asmedigitalcollection.asme.org/ebooks/book/164/chapter/33774/Conclusion-amp-executive-summary

ASME Journals ASME Conference
Proceedings
About ASME Journals

Information for Authors About ASME Conference
Submit a Paper Publications and Proceedings
Call for Papers Conference Proceedings
Title History Author Guidelines

ASME eBooks Resources

About ASME eBooks Contact Us

ASME Press Advisory & Authors

Oversight Committee Librarians

Book Proposal Guidelines Frequently Asked Questions

Publication Permissions &
Reprints
ASME Membership

Opportunities

Faculty Positions

o
C ®e DIGITAL
7- \)l v IE ..0' COLLECTION

THE AMERICAN SOCIETY OF MECHANICAL ENGINEERS

Skip to Main Content in X f


https://asmedigitalcollection.asme.org/medicaldiagnostics/issue
https://asmedigitalcollection.asme.org/medicaldiagnostics/accepted-manuscripts
https://asmedigitalcollection.asme.org/medicaldiagnostics/issue/browse-by-year
https://www.asme.org/publications-submissions/journals/find-journal/journal-engineering-science-medical-diagnostics-therapy?productKey=ONLINE:JBBOL
https://youtu.be/FigLu9VqdKM
https://twitter.com/ASMEJournals
https://asmedigitalcollection.asme.org/medicaldiagnostics/pages/about
https://asmedigitalcollection.asme.org/medicaldiagnostics/pages/MeetTheEditors
https://www.asme.org/publications-submissions/journals/information-for-authors
https://www.asme.org/publications-submissions/journals/administration/call-for-papers
https://www.asme.org/publications-submissions/journals/administration/permissions
https://www.asme.org/publications-submissions/journals
https://www.asme.org/publications-submissions/journals/information-for-authors
https://journaltool.asme.org/home/index.cfm
https://www.asme.org/publications-submissions/journals/administration/call-for-papers
https://www.asme.org/publications-submissions/journals/administration/title-history
https://www.asme.org/publications-submissions/proceedings/conference-publications
https://www.asme.org/publications-submissions/proceedings/conference-publications
https://www.asme.org/publications-submissions/proceedings/author-guidelines
https://www.asme.org/publications-submissions/proceedings/author-guidelines
https://asmedigitalcollection.asme.org/ebooks/pages/about
https://www.asme.org/publications-submissions/books/book-proposals/press-advisory-and-oversight-committee
https://www.asme.org/publications-submissions/books/book-proposals/press-advisory-and-oversight-committee
https://www.asme.org/publications-submissions/books/book-proposals
https://asmedigitalcollection.asme.org/contact-us
https://asmedigitalcollection.asme.org/pages/Authors
https://asmedigitalcollection.asme.org/pages/Librarians
https://asmedigitalcollection.asme.org/pages/FAQ
https://www.asme.org/publications-submissions/journals/administration/permissions
https://www.asme.org/publications-submissions/journals/administration/permissions
https://www.asme.org/membership
https://asmedigitalcollection.asme.org/facultypositions
http://www.linkedin.com/company/asme?trk=top_nav_home
https://twitter.com/asmedotorg
https://www.facebook.com/ASME.org
https://www.instagram.com/asmedotorg/

ASME

SETTING THE STANDARD

Crossref messref ;Crnssref

Cited-by Crossmark Similarity Check

; Crossref g Crossref

|
e
CHGRUS COUNTER E‘ﬂ P‘E COMMITTEE O FUBLICATION ETHICS

STM' Member 2025

Accessibility  Privacy Statement Terms of Use  Get Adobe Acrobat Reader

Copyright © 2025 The American Society of Mechanical Engineers


https://www.asme.org/
https://www.asme.org/
http://www.crossref.org/
http://www.crossref.org/
http://search.crossref.org/fundref
http://search.crossref.org/fundref
https://www.crossref.org/services/cited-by/
https://www.crossref.org/services/cited-by/
https://www.crossref.org/services/crossmark/
https://www.crossref.org/services/crossmark/
http://www.crossref.org/crosscheck/crosscheck_for_researchers.html
http://www.crossref.org/crosscheck/crosscheck_for_researchers.html
http://www.chorusaccess.org/
http://www.chorusaccess.org/
http://www.projectcounter.org/
http://www.projectcounter.org/
http://publicationethics.org/
http://publicationethics.org/
https://www.stm-assoc.org/
https://www.stm-assoc.org/
https://asmedigitalcollection.asme.org/pages/accessibility
https://www.asme.org/privacy-and-security-statement
https://www.asme.org/terms-of-use
https://get.adobe.com/reader/

