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In-vivo non-contact multispectral 
oral disease image dataset with 
segmentation
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In imaging spectroscopy, gathering oral tissue spectral data from resected samples may not accurately 
represent tissue signatures due to time-dependent changes, blood loss, protein degeneration, and 
preservation chemicals. In-vivo spectral imaging is employed to address these limitations, but it poses 
challenges like device dimensions, tissue accessibility, and motion artifacts, impacting data quality and 
reliability. Our study publishes a dataset of spectral images focusing on oral diseases, addressing these 
challenges. We used a state-of-the-art multispectral camera, capturing images at 270*510 pixels resolution 
in 16 spectral bands (460 nm to 600 nm). The dataset includes 91 participants (15 healthy and 76 diseased), 
with multiple images per patient, totalling 243 spectral images. The dataset encompasses three oral health 
conditions: Oral Submucous Fibrosis (OSMF), Leukoplakia, and Oral Squamous Cell Carcinoma (OSCC). 
Detailed patient history records accompany each case. This publicly available oral health multispectral 
dataset has the potential to advance spectroscopy diagnosis. Integrating artificial intelligence with a 
comprehensive spectral signature repository holds promise for accurate disease analysis.

Background & Summary
Oral cancer is a significant health challenge globally, especially in India, where it has a high incidence rate among 
males, as reported by the National Cancer Registry of India1. Risk factors include tobacco and alcohol use, 
betel nut chewing, infections with human papillomavirus (HPV), and poor oral hygiene2–8. Oral cancer signifi-
cantly burdens individuals and society, impacting mortality, morbidity, quality of life, and emotional well-being. 
Treatment is often initiated based on visual suspicion, typically when the lesion has grown significantly, followed 
by a biopsy for confirmation. However, at this stage, the disease has usually progressed to a critical point and 
spread, significantly impacting survival prospects9,10. Prioritizing prevention, efforts encompass oral hygiene, 
tobacco cessation, and HPV vaccination. Alongside this, the significance of early detection through regular 
screenings cannot be overstated.

This emphasis on early detection aligns with the strides in oral cancer diagnosis powered by advanced 
technologies like VELscope11,12 and OralCDx13 coupled with molecular biomarkers. While VELscope aids 
in enhanced visualization under fluorescent light, its capability to precisely differentiate between benign and 
malignant conditions is restricted14,15. Moreover, the suspected region often appears greenish-brown due 
to reduced fluorescence from its surroundings, impeding the physician’s ability to obtain a clearer view16. 
OralCDx, a less utilized technique globally, serves as a non-invasive biopsy option for detecting potentially 
cancerous or precancerous cells. However, its diagnostic scope is limited, lacking a definitive prognosis in cer-
tain cases17. Another promising method is diffuse reflectance, which employs scattered light for non-invasive 
and real-time tissue insights in oral screening18–20. Despite having potential, tissue pigmentation can affect its 
accuracy, warranting ongoing research for precision. A potential method that can overcome the above-stated 
challenges is Multispectral Imaging. It has shown promising results in medical applications21–26 by capturing a 
wide range of wavelengths to enhance tissue differentiation27. It enables real-time surgical guidance28,29, assists 
in wound assessment30, and most importantly, has the potential for early disease detection, where it can iden-
tify subtle spectral changes before visible symptoms manifest. Moreover, recent advancements in multispectral 
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technologies have overcome the previously faced challenges in equipment and data processing, hindering 
real-time clinical use. However, these complexities and challenges have driven the emphasis on ex-vivo studies, 
particularly in organs like the colon31, liver32, oral cavity33–35, and others.

Improvements in camera sensors have spurred the creation of multispectral devices prioritizing spatial and 
spectral resolution. Moreover, these devices excel in capturing multiple spectrums in a single shot and boast a 
compact form factor, making them robust to previously occurring challenges and highly appealing for real-time 
applications. These features primarily stem

Spectral libraries, derived from disease cases through advanced spectral cameras, play a pivotal role in 
enhancing diagnostic precision. These libraries serve as benchmark references for diverse tissue conditions, 
fostering standardization and supporting clinical decisions. They bridge the gap between laboratory findings and 
real-world applications. In our study, we utilized an efficient in-vivo technique to capture oral lesion images from 
91 participants across varied oral sites, making them openly accessible36. Notably, there is currently no publicly 
available in-vivo oral tissue spectral library. The images, white-balanced for accuracy, are stored in the ENVI 
format, recognized as a standard for hyperspectral and multispectral data.

Methods 1 Ethical considerations and informed consent
The study was conducted at the Department of Oral Medicine and Radiology, Tamil Nadu Government Dental 
College and Hospital, Chennai, India. The research protocols and methodology received formal approval from 
the Institutional Review Board (IRB Ref. No: 1/IRB/2022). Participants aged 18 and above, residing in the Indian 
subcontinent, were included based on their voluntary participation. Patients who had undergone radiother-
apy for oral lesions within the past six months were excluded from the study. Patients meeting the specified 
inclusion-exclusion criteria were carefully selected from the hospital’s outpatient department and categorized 
into five groups: healthy (control), smoker, oral potentially malignant disorder such as oral submucous fibrosis 
(OSMF), and leukoplakia, and oral squamous cell carcinoma (OSCC). Informed consent, including consent for 
open data publication, was obtained from all participants. To safeguard privacy and enhance organizational effi-
ciency, unique identification numbers were assigned to each patient’s data. This practice ensured confidentiality 
by anonymizing personal details, such as names, while maintaining a structured approach to data management.

System setup
Figure 1 illustrates the experimental setup employed in this study, where the Multispectral Snapshot Camera 
(MSSC) (MQ022HG-IM-SM4X4-VIS3, Ximea) is paired with a 35 mm focal length lens (#59–872, Edmund 
Optics). The camera has compact dimensions (W*H*D) of 26 * 26 * 31 mm, with an original sensor resolution 
of 2048 * 1088 pixels, boasting a pixel size of 5.5 µm, 10-bit depth. The cmos sensor used (CMV2K-SSM4X4-VIS, 

Fig. 1  The image depicts the setup of a state-of-the-art multispectral imaging system in a clinical setting. 
Patient comfort and safety are ensured using a headrest and protective goggles. A custom-designed halogen 
ring light, integrated into the system, provides homogeneous illumination for accurate data capture. The camera 
is seamlessly integrated with a laptop, running the HSI Mosaic software for image acquisition and storage. 
The individual depicted in the image provides explicit consent for open publication. from using Fabry-Perot 
interface filters in crafting these sensors for multispectral imaging cameras41,42. This breakthrough technology 
holds profound implications in clinical and research settings, enabling imaging in challenging and inaccessible 
areas, and providing invaluable insights into physiological and pathological processes.
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Imec) distributes multispectral bands across the spectral range of 460 to 600 nm, featuring a spectral resolution 
of 10–15 mm.

The lens, characterized as a fixed focal length lens with a 35.00 mm focal length, provides an adjustable aper-
ture ranging from f/1.65 to f/22, enabling versatile light control and depth of field adjustments. Illumination is 
achieved through a customized halogen (LS HALOGEN 24 V, Applied Optical Technologies Pvt Ltd) ring light 
source spanning from 400 nm to 1000 nm, aligning with the sensor’s working range, meticulously designed to fit 
around the lens. Linked to a computer, the setup facilitates spectral image capture using the HSI Mosaic software 
developed by the sensor manufacturer. Manual adjustments to the camera’s position, controlled by the stand 
handle, enable oral cavity imaging. The resulting comprehensive dataset for analysis takes the form of a reshaped 
sensor output, now a 270 * 510 * 16 datacube.

Image acquisition
To maintain controlled lighting conditions, the data acquisition setup was carefully arranged in a dark room, 
minimizing external light interference. The HSI Mosaic software (IMEC, Belgium), facilitated the capture of 
a spatial-spectral 3D cube. By carefully adjusting the exposure time to 30 ms and the f-number to 8, the risk 
of pixel over-saturation was effectively mitigated, while simultaneously achieving an optimal depth of field. 
Furthermore, to reduce specular reflection, the light intensity was maintained at a lower level. To enhance image 
quality and minimize motion-related artifacts, participants were provided with a headrest. Additionally, protec-
tive goggles were employed to ensure the safety of participants’ eyes during data collection as shown in Fig. 1. 
Before capturing images of specific sites within the oral cavity, the region of interest was dried using sterile gauze 
swabs. A flowchart illustrating the sequential steps involved in the image acquisition process is presented in 
Fig. 2.

Image preprocessing
Dark noise elimination.  To ensure a dark current noise-free image, a black reference was obtained by cov-
ering the camera lens to capture a dark image. For the white reference, a certified Spectralon® White Diffuse 
Reflectance Standard was used. The image cube intensity is normalized, as described in Eq. 1. This correction 
involved subtracting the inherent dark noise and dividing it by the difference between the white reference image 
and the black frame.

I
I I

I I (1)
nor

dark

white dark
=

−
−

Where I signify the captured intensity value, Inor represents normalized image intensity, and Idark indicates the 
intensity value in the dark region, and Iwhite is the intensity value in the white region. It is necessary to meas-
ure Idark and Iwhite in each experiment due to their dependence on the specific experimental conditions. These 
measurements are essential for accurate calibration and correction of the spectral data, ensuring reliable and 
consistent results.

Data labelling and mask generation.  Each sample is labelled to ensure accurate data identification during 
post-analysis of multispectral data. In the annotation process, experienced medical professionals work together, 
utilizing Label Studio software. This approach involves a comprehensive examination for disease classification, 

Fig. 2  Multispectral image acquisition and preprocessing procedure: Subject preparation with protective 
goggles and head stabilization. Sterilization of the area of interest in the mouth. Activation of the light source 
and configuration of software settings including f-number, exposure time, and lens specifications. Capture of 
dark and white calibration references, performed once for a specific lighting and camera setup. Imaging of the 
lesion or area of interest. Image file saving with a unique identification number, along with metadata and mask. 
RGB generation and spectrum analysis were conducted for the regions of interest.
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considering critical factors such as patient history, tissue discoloration, and other disease-specific clinical indi-
cators. The segmentation process to generate binary masks extends 1–2 mm beyond visible areas, considering 
heightened susceptibility to disease progression. These classes encompass a diverse range of oral health conditions. 
The first class consists of Healthy (control) participants with no consumption history of tobacco or cancer-causing 
substances, playing a pivotal role as a baseline for research and medical assessments. The second class involves 
Smokers, providing valuable insights into the oral health effects of smoking, excluding the use of smokeless 
tobacco. The third class, Oral Submucous Fibrosis (OSMF), represents a precancerous condition associated with 
progressive fibrosis linked to habitual betel nut and tobacco consumption. OSMF is particularly challenging to 
detect as no visual changes are apparent; instead, the affected area becomes rigid, leading to trismus, often occur-
ring in the buccal mucosa. Leukoplakia, the fourth class, manifests as white patches on the oral mucosa, indicat-
ing potential precancerous changes. Finally, the fifth class, Oral Squamous Cell Carcinoma (OSCC), denotes an 
advanced stage of oral cancer originating from squamous cells, presenting significant health risks.

Spectral data extraction.  From each pixel point in the image data cube, a spectral signature is extracted 
along its z-axis. This offers insights into the pixel’s spectral properties. Moreover, the mean spectrum for a chosen 
ROI is computed by summing the spectra of all pixels within the ROI and then dividing it by the number of pixels 
in that region. This approach allows for a focused examination of spectral characteristics within the identified 
region of interest. In Fig. 3 sample images representing each class are displayed. For each class datacube, the RGB 
image along with the corresponding mask is shown. Additionally, the generated mean spectrum is presented 
specifically for the regions of interest (ROIs) identified in the mask. This allows for comprehensive visualization 
of the spectral characteristics within the ROI.

Data Records
The dataset is available at Dyrad36. Table 1 provides a comprehensive overview of participant demographics, 
including mean age, gender distribution, and tobacco use history. The dataset, comprising 243 spectral data 
cubes, was meticulously collected from 91 participants. These data cubes represent various oral cavity sites, 
as detailed in Table 2, including the buccal mucosa, labial mucosa, gingiva, tongue, and palate. The dataset 

Fig. 3  The figure presents a sample spectral datacube demonstrating the five distinct groups: Healthy (control), 
Smoker, Oral Submucous Fibrosis (OSMF), and Leukoplakia, and Oral Squamous Cell Carcinoma (OSCC). 
Each column represents the RGB image, Mask, and normalized spectrum computed for the datacube. The 
datacube is represented with 521 nm wavelength image for visualization purposes.

Parameters

Healthy (Control) 
(N = 15) Smoker (N = 8) OSMF (N = 28) Leukoplakia (N = 16) OSCC (N = 24)

Number % Number % Number % Number % Number %

Demographics

Mean Age 35 51.3 52.8 48.8 56

Male 12 80 7 87.5 28 100 16 100 22 91

Female 3 20 1 12.5 0 0 0 0 2 9

Tobacco History

Male 0 0 7 87.5 28 100 16 100 22 91

Female 0 0 1 12.5 0 0 0 0 2 9

Table 1.  Demographics and tobacco history of study participants.
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spans diverse oral tissue conditions such as Oral Submucous Fibrosis (OSMF), Oral Squamous Cell Carcinoma 
(OSCC), and Leukoplakia. In addition to pathological conditions, it includes healthy (control) data from par-
ticipants without oral lesions, as well as data from smokers without lesions. Figure 4 provides a glimpse of these 
oral conditions, showcasing their respective reconstructed RGB images and spectral signatures.

Within the primary MODID folder, four subfolders organize the dataset: unprocessed data, processed data, 
RGB, and mask. The unprocessed data folder contains raw sensor data at a resolution of 2048 * 1088 pixels, 
accompanied by a crucial context file. This context file encompasses essential components such as the calibration 
file, specific to the camera, ensuring accurate spectral data generation. It includes a black reference file to com-
pensate for dark noise and a white reference file for generating corrected data spectra, considering parameters 
like light source, and distance between the light source, camera, and the object under test. An optical setup file 
details the optical configuration used, crucial for precise spectral data, and the context description file holds 
information about the camera, including system ID, data type, and format.

In contrast, the processed data undergoes a different treatment, where calibration files are applied to raw 
data during export. This results in a demosaiced spectral data cube with 16 bands spanning 460 nm to 600 nm, 
exhibiting a spectral resolution of 10–15 nm and a spatial resolution of 270*510 pixels. The processed data is for-
matted in ENVI, a standard multispectral data format, which includes a header file and metadata. Additionally, 
the dataset includes reconstructed RGB images generated by assigning spectral images of 460 nm, 521 nm, and 
595 nm to the blue, green, and red channels, respectively. It also incorporates binary masks for the samples, 

Parameters

Healthy (Control) 
(N = 35) Smoker (N = 26) OSMF (N = 89) Leukoplakia (N = 39) OSCC (N = 54)

Number % Number % Number % Number % Number %

Primary Location 
Buccal mucosa 25 71.42 15 57.69 68 76.4 24 61.53 26 48.14

Tongue 9 25.71 5 19.23 15 16.85 11 28.2 11 20.37

Palate 1 2.85 3 11.53 5 5.61 1 2.56 3 5.55

Gingiva 0 0 3 11.53 1 1.12 3 7.69 14 25.92

Table 2.  Distribut ion of samples by pri mary location in study participants.

Fig. 4  16 spectral images belonging to five different classes, and each image is displayed with respective image 
ID. All the images displayed have been processed to eliminate any dark noise.

https://doi.org/10.1038/s41597-024-04099-x


6Scientific Data |         (2024) 11:1298  | https://doi.org/10.1038/s41597-024-04099-x

www.nature.com/scientificdatawww.nature.com/scientificdata/

identifying specific regions of interest. The combination of RGB images and binary masks enhances the mul-
tispectral data, facilitating visual interpretation and enabling further analysis of the dataset.

The modid descriptor file, presented in Excel format, comprises two sheets: “Image Id” aids in correlat-
ing sample numbers with patient IDs, facilitating intra-patient analysis by identifying collections of samples 
from the same patient. The “Patient data” sheet provides crucial details, such as gender, age group, and habit 
like smoking, along with disease diagnosis. The dataset encompasses a diverse range of oral health conditions, 
including healthy, smoker, premalignant (OSMF, leukoplakia), and malignant (OSCC) cases. Histopathology 
reports were obtained for some cases in the OSCC group, and clinical diagnoses were arrived at for other groups, 
establishing a vital connection between the spectral data and corresponding oral pathology.

Technical Validation
Evaluating spatial resolution for image quality assurance.  The USAF 35 mm resolution test chart 
plays a pivotal role in gauging the camera’s resolving power by quantifying the number of distinct line pairs within 
a millimetre. This assessment provides valuable insights into image clarity and sharpness. LP/mm (Line Pairs 
per Millimetre) stands as a critical metric, offering a quantitative measure to evaluate the spatial resolution of an 
imaging system. It indicates the system’s capability to distinguish fine details, contributing significantly to overall 
image quality assessment.

In evaluating the camera’s spatial resolution, a standard USAF 35 mm resolution test chart (TE250, Image 
Engineering) was employed. Configured with a 35 mm lens (#59–872, Edmund Optics)) and an f-number of 8, 
the camera maintained a minimum working distance for the lens at 17 cm. As shown in Fig. 5, the raw image 
(mosaicked) showcased the capacity to resolve up to the 6th element of the third group on the test chart, equiva-
lent to 14.30 LP/mm. Subsequently, the demosaiced and processed multispectral image demonstrated the ability 
to resolve the 6th element of the second group, reaching 7.13 LP/mm, as illustrated in the accompanying figures. 
The higher LP/mm value for the raw image (mosaicked) indicated superior resolution compared to the dem-
osaiced multispectral image. This discrepancy results from the sensor pattern, where each band experiences 
an approximate loss of ¼ of the resolution. The image processing conducted by the HSI Software, through its 
proprietary processing pipeline, contributes to reducing the loss from ¼ (14.30/4) to approximately ½ (7.13) of 
the maximum resolved resolution.

Image quality assessment through signal-to-noise ratio (SNR) analysis.  To assess the quality of 
images we calculate the Signal-to-Noise Ratio (SNR). In this context, “noise” refers to undesired variations pres-
ent in the image that give the roughness or granularity to the image37–39 which is usually determined from a 
uniform region with high intensity. In an ideal scenario, a white tile is captured along with the scene to be used 
as a reference signal. However, using a white tile in real-world applications poses challenges. As an alternative, a 
bright and uniform patch without any textures is selected as the reference signal for images without a tile refer-
ence. To calculate the SNR, the mean (µ) and standard deviation (σ) are computed in that region, and the SNR is 
determined using the Eq. 2.

= µ
σ

SNR 20log (2)10

The mean and standard deviation for the image were calculated by carefully selecting bright, uniform, and 
homogeneous regions such as white latex gloves seen in some images. This method was used to validate all 243 
sample images to ensure accurate estimation of SNR.

The image quality assessment includes two visual representations as shown in Fig. 6: a bar graph illustrating 
the average SNR values per image and a box and whisker plot displaying the SNR distribution across different 
wavelength bands. The SNR value for the 243 samples has a µ ± σ of 18.46 ± 6.06 dB, as represented by the 

Fig. 5  (a) Mosaicked image illustrating the 6th element of the third group on the USAF 35 mm resolution 
test chart, corresponding to a resolution of 14.30 LP/mm. (b) Demosaiced and processed multispectral image 
showcasing the 6th element of the second group, with a resolution of 7.13 LP/mm.

https://doi.org/10.1038/s41597-024-04099-x


7Scientific Data |         (2024) 11:1298  | https://doi.org/10.1038/s41597-024-04099-x

www.nature.com/scientificdatawww.nature.com/scientificdata/

horizontal line in Fig. 6 along with lines indicating one standard deviation. The mean SNR suggests that the 
signal is 8.37 times stronger than noise, and, out of the 243 sample images, 205 (84.36%) had an SNR value above 
12.40 dB, which is the µ - 1σ, indicating a high overall image quality.

From the box and whisker plot, the first three bands of wavelengths 460 nm, 465 nm, and 474 nm have 
median SNR values of just 17.05, 17.00, and 17.31 respectively and the rest of the bands have median values > 18 
suggesting that the first three bands are noisier in comparison with other band images. This can be due to the 
characteristics of the halogen light source used, as illustrated in Fig. 7 which shows that the range 460–474 nm 
has lower intensity. On the other hand, the bands beyond 474 nm exhibit notably higher values for the lower 
quartile, median, and maximum SNR values. These findings suggest that these bands possess lower levels of 
noise, resulting in improved signal quality. This observation highlights the enhanced fidelity and reduced inter-
ference in the captured data for wavelengths beyond 474 nm. The higher SNR values in these bands further 
reinforce their potential for precise and reliable analysis in multispectral imaging applications.

Overall, these findings validate the robustness of the MODID dataset and underscore the significant potential 
of spectral imaging in disease diagnosis. To optimize image quality, exploring more powerful light sources with 
flatter spectral curves and applying post-processing algorithms are potential avenues. The dataset has a diverse 
range of oral health conditions, including healthy, smoker, premalignant, and malignant cases, adding signifi-
cant interest and relevance. The inclusion of spatial and spectral resolution enables the identification and analysis 
of specific regions of interest (ROIs) during post-processing. Harnessing this rich dataset in conjunction with 
advanced machine learning techniques has immense potential for advancing spectral imaging in disease diagnosis.

Fig. 6  (a) The mean SNR across all the images was determined to be 18.46 dB, with a standard deviation of 6.06. 
(b) A box and whisker plot were used to depict the distribution of SNR for each wavelength across all images. 
The plot reveals an increasing interquartile range (IQR) after 474 nm, suggesting higher quality in the bands 
beyond this wavelength.

Fig. 7  (a) Illustrates the procedure for measuring the spectral curve of the halogen ring light using the Ocean 
Optics spectrometer. (b) Presents the spectral graph of the halogen light source employed in the study, featuring 
a peak wavelength at approximately 600 nm.
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In conclusion, the rigorous validation, comprehensive evaluation of image quality, and the dataset’s inherent 
attributes make the MODID dataset a valuable resource for scientific inquiry and innovation in the realm of 
spectral imaging for disease diagnosis.

Usage Notes
Our oral data collection involves multispectral imaging spanning from 460 nm to 600 nm, with a bandwidth 
of 10 nm. This collection comprises 243 samples derived from 91 participants, covering various oral anatom-
ical locations and providing comprehensive spectral information for analysis. The dataset presents a diverse 
range of oral images, making it suitable for the development of imaging methods, including those based on 
machine learning approaches. Multispectral images of oral tissue can be utilized for image classification tasks, 
distinguishing between healthy and cancerous tissues, or for image-based tissue property measurements such 
as tissue oxygen saturation, tissue water index, and tissue haemoglobin index. Researchers can select images 
from the dataset that align with their specific requirements and objectives, thereby facilitating the development 
of advanced algorithmic models for automated analysis and decision-making in oral healthcare. This extensive 
dataset significantly contributes to advancements in both image processing techniques and the application of 
machine learning in oral data analysis.

Code availability
The code relies on key libraries for spectral analysis, including NumPy, Matplotlib, and Spectral. For statistical 
operations, scipy.stats and scipy.linalg are utilized, while scikit-learn provides tools for machine learning tasks 
and performance evaluation. These libraries collectively offer a robust toolkit for comprehensive spectral dataset 
analysis. Researchers interested can visit the provided link to access the code for their analysis and investigations 
(available at https://zenodo.org/records/13293985)40.
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