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Abstract

As cancer rates continue to increase, new adjunctive tools are needed to augment

the skills of clinicians to enable earlier detection and diagnosis, a key to reducing

morbidity, mortality, and overall healthcare costs. Autofluorescence imaging (AFI)

and multispectral imaging (MSI) systems have the potential to increase detection

rates in oral cancer and skin cancer screening programs, respectively. With limited

resources in many areas where cancer rates are highest, the devices should be low-cost

for the opportunity to reach the most communities and easy-to-operate by healthcare

providers of any skill level.

Advances in 3d-printing, hardware, and software technologies enable low-cost,

smartphone-based medical imaging devices to be quickly developed and field tested.

Integration of AFI, MSI, and polarized-white light (PWLI) imag ing modalities along

with machine-learning-based image classification further extends the smartphone's

capabilities. Additionally, the smartphone's data transmission abilities allow the

upload of images to the cloud for remote examination by specialists through web-based

platforms.

Presented are designs and testing results for a number of low-cost, smartphone-

based imaging devices with feature sets and efficacies thatrival higher-cost systems. A

dual-view oral cancer screening device with remote specialist and convolutional neural

network (CNN) classification achieved sensitivities, specificities, positive predictive

values, and negative predictive values ranging from 81% to 94% compared to an on-site

specialist's diagnosis. A second intraoral probe device improves on the previous by

significantly reducing its cross-sectional area and adding a flexible section, improving

patient comfort and access to significant oral cancer areasin the oropharynx and

base of tongue. Lastly, two dermascopes utilizing MSI and PWLI are compared for

skin cancer screening and erythema monitoring through chromophore mapping. As
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image databases are built and machine learning classification algorithms improve,

these devices have the potential to transition from adjunctive to primary detection

tools, reducing the number of biopsies and gold-standard histopathological analyses

required.
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Introduction

Global health care expenditures are expected to climb to$10 trillion by 2022[1].

However, incidence and death rates of disease like cancer arestill growing at a

compound annual growth rate (CAGR) of just under 3%, outpacing world population

growth (Fig 1) [2{ 6].
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Figure 1: Compound annual growth rate of global cancer incidence, cancer deaths,
and population between 2000 and 2018

Early detection of many cancers and disease reduces morbidity and mortality while

also decreasing overall healthcare costs[4]. Advanced medical imaging technologies are

needed to augment the skills of physicians and enable earlier detection[1]. At the same

time, these devices need to be low-cost to curb rising healthcare costs and to reach the

most people in need, reaching remote communities, homes, and clinical home settings.

Technological innovations in a number of areas such as smartphones, 3d-printing,

light emitting diode (LED) light sources, machine learning, and cloud computing can

combine to make low-cost, easy-to-use, computationally powerful medical imaging

systems with virtual health capabilities. The mobile revolution continues to be a

dominant theme in low- and middle-income countries (LMIC) with mobile subscriptions
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increasing at a CAGR of 20% since 2008[7] and smartphone ownership exploding by a

> 30% CAGR from 2013{2015; smartphone use is currently and increasingly prevalent

in high-income countries[8]. The smartphone platform combines many valuable features

into a small, low-cost package: a touch screen for patient data input, powerful processing

capability, native image capture, and two-way data transmission capability.

Image upload to a cloud computing cluster (the cloud) enables remote specialists

to review clinician or consumer collected data and provide triage instructions directly

to the patient on the device. Machine learning (ML) implemented on the smartphone

or in the cloud can provide the user with instant image classification of lesions[9]. As

image datasets expand and ML algorithm training improves, the devices have the

potential to move from adjunctive to primary diagnosis tools,replacing subjective,

qualitative visual grading scales (such as the conventional oral exam (COE) for oral

cancer[10] and the ABCDE method for skin cancer[11]) with quantitative information.

To this end, the following chapters demonstrate a number of smartphone-based

medical imaging devices based on various imaging methods including autofluorescence

imaging (AFI), polarized white light imaging (PWLI), and multi spectral imaging

(MSI).

Autofluorescence imaging is a technique utilizing the absorption and re-emission

properties of endogenous chromophores. Historically, thistechnique was enabled by

the invention of Wood's glass to create isolated ultraviolet (UV) illumination [12,13] with

it's first recorded use in medical imaging by Policard[14] and extended many types of

cancer by Ronchese[15]. Illuminating tissues with UV or violet photons, chromophores

absorb the radiation, moving to an excited state. As the electron relaxes back to the

ground state, the radiative process of fluorescence can occur with the release of a

Stokes shifted (red-shifted) photon[16]. This absorption, relaxation, and re-emission

process can be visualized with a Jab lo�nski diagram as shownin Fig 2.
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Figure 2: Jab lo�nski energy level diagram showing the transitions between levels with
absorption, non-radiative decay, and fluorescence. Adapted from Fokkema[17]

Polarized white light imaging is a technique to image objects as they would be

seen by a normal camera or human eye while decreasing noise from specular reflection

of internal or external tissue[18,19]. Here, a linear polarizer is installed in front of the

illumination source. Specular reflection from the surfaceof the tissue due to saliva in

the oral cavity or oils on the skin maintain this linear polarization. An orthogonal

polarizer is placed in front of the imaging camera, blockingthe specular reflection but

passing light with its polarization scrambled due to various scattering processes[20].

The goal of multispectral imaging is to build a 3d data cube,I ˆx; y; � • consisting

of many images at various illumination or detection wavelengths[21] (Fig 3). There are

a number of methods to collect the data cube with various trade offs[21] and our device

utilizes illumination in various wavelength bands with color LED sources, a low-cost

approach that can have issues with data collection time and image registration errors.
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Figure 3: I ˆx; y; � • data cube collected during multispectral imaging.

Chapters1 and 2 provide details for smartphone-based autofluorescence imaging

(AFI) and polarized white light imaging (PWLI) devices targeting oral cancer.

Oral cancer is a growing health issue in low- and middle-income countries (LMIC)

due to betel quid, tobacco, and alcohol use and in younger populations of middle- and

high-income (MHIC) communities due to the prevalence of humanpapillomavirus

(HPV). Chapter 1 describes a dual-modality, dual-view, point-of-care oralcancer

screening device, developed for high-risk populations in remote regions with limited

infrastructure. Two swappable imaging modules allow for wide field imaging of the

entire oral cavity and an intraoral probe enables targeted,high resolution imaging of

locations more accessible inside the oral cavity. Using a custom Android application,

this device synchronizes external light-emitting diode (LED) illumination and image

capture for AFI and WLI. Data is uploaded to a cloud server for diagnosis by a remote

specialist through a web app, with the ability to transmit triage instructions back

to the device and patient. Using on-site specialist's diagnosis as the gold-standard,

the remote specialist and a convolutional neural network (CNN)were able to classify

170 image pairs into `suspicious' and `not suspicious' withsensitivities, specificities,
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positive predictive values, and negative predictive valuesranging from 81.25% to

94.94%.

Chapter 2 improves on the intraoral probe, reducing the probe cross-sectional

area, increasing the usable intraoral length, and adding a flexible section in the probe

to more easily access the oropharynx, cheek pockets, and base of tongue (BOT),

significant cancer sites. The device is characterized and preliminary field-testing data

is shared.

Lastly, Chapter 3 demonstrates two smartphone-based dermascope geometries for

multispectral imaging (MSI) and PWLI targeting skin cancer and erythema through

dermal chromophore concentration and redness mapping. Due to the shortage of board-

certified dermatologists, the burden of dermal lesion screening and erythema monitoring

has fallen to primary care physicians (PCPs). With rising rates of melanoma and non-

melanoma skin cancer, an adjunctive device for lesion screening and monitoring would

be beneficial because PCPs are not typically extensively trained in dermatological

care. The devices' optical performance is characterized and initial results of the image

processing algorithms on clinical data are shown.
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Chapter 1

Smartphone-camera-based oral cancer
screening

This chapter was published as

R. D. Uthoff, et al. Point-of-care, smartphone-based, dual-modality, dual-view, oral
cancer screening device with neural network classificationfor low-resource communities.
PLOS ONE, 13(12):e0207493, December 2018. ISSN 1932-6203. doi: 10:1371/journa
l:pone:0207493. URLhttps://journals :plos :org/plosone/article?id � 10:1371/
journal :pone:0207493

Further information on the convolutional neural network can be found in

B. Song, et al. Automatic classification of dual-modalilty,smartphone-based oral
dysplasia and malignancy images using deep learning.Biomed. Opt. Express, 9(11):
5318, November 2018. ISSN 2156-7085, 2156-7085. doi: 10:1364/BOE:9:005318. URL
https://www :osapublishing :org/abstract :cfm?URI� boe-9-11-5318

1.1 Introduction

Oral cancer incidence and death rates are rising in low- and middle-income countries

(LMIC) [24{ 28]. As of 2012, 65% of new oral cancer cases and 77% of oral cancer deaths

occurred in LMIC[29] with a five year survival rate under 50% in some countries[30].

Oral cancer development is increased by a number of lifestylechoices including

tobacco[31,32] and alcohol use[33]. Particularly in Asia, betel quid (or paan) chewing

(with or without tobacco [34,35]) increases rates of oral squamous cell carcinoma (OSCC)

and oral submucous fibrosis (OSMF)[36{ 44]. Betel quid (typically consisting of betel

leaf, areca nut, slaked lime, and possibly tobacco[45]) was identified as a contributer

to increased oral cancer incidence as early as 1902[46]. Despite the risk of developing

oral cancer, psychostimulating qualities keep betel quid popular[45,47{ 49].

High-risk populations living in remote areas with limited access to healthcare
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infrastructure are in need of low-cost, easy-to-use medical imaging devices to enable

early diagnosis with increased sensitivity as early diagnosis is well correlated with higher

survival rates[30]. Conventional visual examinations achieve sensitivities around 60%

with specificity over 98.5%[10] but require visible lesions, possibly delaying diagnosis.

Autofluorescence imaging (AFI) is an alternate detection technique using changes

in the radiant exitance of oral tissue fluorescence when illuminated at 400 nm {

410 nm[50{ 52] to discriminate potential oral malignant lesions, removing the requirement

of the lesion being visible[42,50,53{ 63]. Increasing dysplasia results in a decreased fluores-

cence signal from changes in endogenous fluorophores and increased absorption from

hemoglobin[16,51,55,56,64,65]. Carcinogenesis affects cellular structure, breaking down the

collagen and elastin cross-linking, leading to reduced fluorescence signal[16,51,55,57]. Ad-

ditionally, changes in mitochondrial metabolism decreases fluorescence from flavin ade-

nine nucleotide (FAD)[65]. Increased microvascularization results in higher hemoglobin

content[64,66], increasing absorption of both excitation and emission wavelengths[67].

Lastly, in addition to decreased green wavelength fluorescence, a635 nmemission peak

occurs due to increased porphryin take-up in cancerous cells[68,69] with the ratio of

signal between 635 nm and 500 nm indicating possible cancerous lesions[52,61,62].

Previous autofluorescence imaging (AFI) system studies havetypically achieved

sensitivities of greater than 71% and specificities of 15.3% { 100%[52,64,70{ 75] though a

few studies have achieved sensitivities of only 30%{50%[66,76]). Increased sensitivity

will lead to earlier diagnosis of oral cancer, enabling prompt treatment of the disease,

while the specificity of an AFI device needs to remain high to avoid unneeded, invasive

biopsies.

In high-risk, remote populations with low doctor-to-patient ratios, the ideal AFI

system is operable by any frontline health worker in primaryhealth centers, dentists,

nurses, or by any community member, even those without formal healthcare training.

In the cases where a trained specialist is not present, a remote specialist can be

integrated into the clinical environment through the internet, allowing for informed
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diagnosis. Smartphones provide portable image collection, computation, and data

transmission capabilities controlled by a simple touchscreen interface, addressing the

needs of a cancer screening device being simple to use and connected to the internet.

Using the smartphone's data transmission capabilities, thecollected data can be

uploaded to a cloud server, where a remote specialist can access the images and make

a diagnosis. Additionally, deep-learning tools like a CNN can be implemented in the

cloud and used for automatic image analysis and classification[9].

1.2 Materials

1.2.1 Hardware

To address the need for oral cancer screening in high-risk populations, we have

developed a low-cost, point-of-care smartphone-based system (Fig 1.1). The dual-view,

oral cancer screening device augments a commercially available Android smartphone

(LG G4, LG, Seoul, South Korea) for AFI and white light imaging (WLI) both internal

to the oral cavity with an intraoral probe, and external with a whole mouth imaging

module[77]. The whole cavity imaging module provides a wide field of view (FOV)

image for assessment of the patient's overall oral health.
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Figure 1.1: Smartphone-based oral cancer screening device using both WLI and AFI.
Interchangeable modules installed on a common platform allow for both (a) intraoral
imaging and (b) whole cavity imaging.

The intraoral probe's custom optical system (Figs1.2and 3.2) extends the entrance

pupil away from the smartphone camera aperture and allows for close-focus imaging

of the oral tissues. A hygienic sleeve (TIDI Products, Neenah,WI) is used with the

intraoral probe for infection prevention. Smartphone cameras are well-designed to

capture a wide field of view from a relatively long distance away, and modifying

this optical system to (a) decrease the field of view by� 90%, (b) focus on a close

object, (c) utilize the entire image sensor, and (d) yield a packaged design to fit

comfortably in the oral cavity and access base of tongue and cheek pockets is challenging.

During the design process, the lenses of the smartphone camera were modeled as a

single paraxial surface to ensure compatibility with any smartphone camera whose

camera can be set to infinite focus. The prescription of the optical system is provided

in Table 2.2. The sag of the aspheric surfaces is defined using an even polynomial[78]

z �
c r2

1 �
»

1 � ˆ 1 � k• c2 r 2
� � 2 r 4 � � 3 r 6 (1.1)

where r is the radial distance from the optical axis,c is the curvature (1~R), k is

the conic constant, and the� 's define the coefficients of the evenr -polynomial. The



23

lenses were designed using poly(methyl methacrylate) (PMMA)and OKP4HT (Osaka

Gas Chemicals, Osaka, Japan) and fabricated using single point diamond turning

(Moore Nanotechnology Systems, Swanzey, NH). A rendered sectioned view of the

intraoral probe assembly and the manufactured lenses are shown in Fig 1.2. A layout

of the optical system is shown in Fig1.3 and the nominal modulation transfer function

(MTF) is provided in Fig 1.4.

Table 1.1: Intraoral probe optical system prescription.

Surface Material Radius Thickness Conic � 2 � 3

Obj air infinity 32 :6
1 OKP4HT � 20:585 5:0 12:222 � 3:086� 10� 4 8:902� 10� 7

2 PMMA 9:862 3:5
STOP air � 20:904 19:0 15:340 � 5:511� 10� 5 5:041� 10� 6

4 PMMA 46:623 8:0 11:035 � 4:636� 10� 5 � 8:567� 10� 8

5 air � 20:564 89:0 � 1:795 � 2:443� 10� 5 � 5:850� 10� 8

6 PMMA 33:722 12:0 4:506 5:408� 10� 5 1:450� 10� 7

7 air � 7:986 0:0 � 4:612 7:972� 10� 5 4:231� 10� 7

8 OKP4HT 10:437 6:0 0:397 3:454� 10� 5 1:445� 10� 6

9 air 4:480 8:0 � 3:363 4:041� 10� 4 1:126� 10� 5

10 smartphone camera

Figure 1.2: (a) Intraoral probe section view showing the mechanical structure, lenses,
and illumination LEDs; and (b) the diamond turned lenses.
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Figure 1.3: Layout of the intraoral probe optical design.

Figure 1.4: Nominal MTF of the intraoral probe at the tissue plane with the sagittal
and tangential data averaged.

The system utilizes six405 nm Luxeon UV U1 LEDs (Lumileds, Amsterdam,

Netherlands) to enable AFI and four4000 K Luxeon Z ES LEDs (Lumileds) for WLI

and general screening. The LEDs are placed in a plane-symmetrical pattern on either

side of the optical axis (Figs1.1 and 1.2). In the intraoral probe, the LEDs are angled

toward the object plane to increase illumination uniformity. An emission filter (Asahi

Spectra, Tokyo, Japan) with a470 nmcut-on wavelength is installed in the imaging

channel for AFI and excitation filter (Asahi Spectra) is installed in front of the violet

LEDs to limit output in the passband of the emission filter. The whole mouth module

uses the unmodified smartphone camera optics to provide wide FOV imaging and
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includes both wavelengths of illumination LEDs, with an emission filter for AFI in

the imaging channel.

The illumination LEDs are driven with a switching boost voltage regulator (Linear

Technology, Milpitas, CA) controlled by a custom Android application (Sec1.2.2)

through a Bluetooth connected microcontroller unit (MCU, SparkFun Electronics,

Niwot, CO). Two 3:7 V 18650 Li-ion batteries (Orbtronic, Saint Petersburg, FL)

power the MCU and LED driver. The MCU sets the LED current through a digital

potentiometer (Analog Devices, Norwood, MA) and switches between the LED strings

using signal voltages applied to MOSFETs. The smartphone application synchronizes

the LED illumination with image capture, optimizing the LED on-time, reducing

power consumption and generated heat. A block diagram is shown in Fig 1.5.

Figure 1.5: Block diagram of the oral screening system electronics.

Finally, the phone and electronics are mounted to a low-cost,3D-printed mechanical

structure of VeroBlackPlus RGD875 plastic (Stratasys, Eden Prairie, MN). This

structure also provides a universal mount for the interchangeable imaging modules. A

simple redesign of the mechanical structure could allow fora variety of smartphone

sizes and camera locations on the backside of the smartphone.
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1.2.2 Software

A custom Android application (app) was developed to guide theuser through the data

collection process. When first opened, the app prompts the user to create a new case

ID or select an ID from a previous session, storing all the data from a single patient

under the same ID. From the main menu, relevant patient data (age, history of tobacco

or paan use, etc.) can be input, AFI and WLI images can be collected and viewed,

on-phone image processing can be completed (Fig1.6), or data can be uploaded to

the cloud. During image capture, the smartphone uses its Bluetooth connection to

communicate with the MCU to synchronize image capture and the LED illumination.

After image capture, the images may be viewed within the app orthe AFI images

processed on the phone using the red-to-green signal ratio[52,79] with a `suspicious' or

`not suspicious' classification.
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Figure 1.6: Screenshots of the custom Android application. (a) shows the main menu
of the app where buttons allow for navigation to image capture, image viewing, image
upload to the cloud, and mobile analysis. (b) shows the imagecapture interface for
both WLI (using the `TAKE WL' button) and AFI (using the `TAKE FL' button)
individually or sequentially using the`TAKE PICTURE' button. (c) shows a sample
result for on-phone image processing of AFI images.

The Android Camera2 API[80] is used to enable low-level camera control by the

app, including exposure, gain, focus, ISO, color conversion, and white balance. The

LG G4 device runs Android 6.0 Marshmallow which supports most ofthe Camera2 API

features and the Camera2 API is compatible with Android 5.0 Lollipop and newer

allowing 84.7% of Android devices to run the app[81]. Additionally, the app could be

ported to other popular smartphone operating systems though the device cost could

significantly increase.

The patient data, images, and location data (for further spatio-temporal analysis)

are uploaded to a cloud server through Wi-Fi and can be remotelyaccessed anywhere

with an internet connection through a web app deployed on theserver (Fig1.7). When

viewing images, the specialist is presented with original,full-resolution images along

with sliders to adjust contrast and brightness. On the same web-page the specialist
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uses dropdown menus to select a diagnosis from list (normal,lichen planus, leukoplakia,

erythroplakia, etc.) and a text box to provide triage instructions to the patient.

Figure 1.7: Sample web portal screen for remote viewing and diagnosis of images. The
four images presented from left to right are: (i) original AFI, (ii) AFI with histogram
equalization, (iii) original WLI, (iv) WLI with color correct ion.

The cloud server hosts a virtual machine configured on a Google cloud compute

engine to automatically classify uploaded images with a pre-trained convolutional

neural network (CNN), determining the likelihood of the presence of suspicious lesions

in each image.

A reminder email is automatically sent to the remote specialists whenever a new

case is uploaded to the cloud. Once a remote specialist diagnoses a waiting case, a
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summary report is generated with uploaded data from the smartphone, CNN results,

and diagnoses. The reports can be viewed continuously on theweb app and also be

downloaded to the smartphone through the Android app.

1.3 Methods

1.3.1 System characterization: imaging

Performance of the intraoral imaging system was characterized by (a) measuring the

MTF without the smartphone camera, (b) measuring the MTF with the smartphone

camera, (c) evaluating the predicted assembled performance with a Monte Carlo

analysis, (d) measuring the cutoff frequency, and (e) evaluating the field of view.

The cutoff frequency and field of view of the intraoral probe optical system was

validated by imaging a 1951 USAF resolution test chart.

The on-axis MTF of the optical system was directly measured using both an Optikos

LensCheck (Optikos, Wakefield, MA) instrument and the slanted edge method[82,83].

The LensCheck system directly measures the point-spread function (PSF) of the

intraoral lens system without the smartphone camera lens orimage sensor and the

MTF is calculated from the normalized Fourier transform of the PSF. The slanted

edge method was used to measure the entire optical system including the external

lens system, the smartphone camera, and the image sensor. Theslanted edge method

measures an edge-spread function (ESF) of which the derivative is the line-spread

function (LSF). The normalized Fourier transform of the LSF is the one-dimensional

MTF. The results from multiple regions of interest across the slanted edge in the

central field of view were averaged. Both MTF measurements were compared to

representative assembled performance of the passively aligned intraoral probe optics

modeled using a Monte Carlo analysis in Zemax OpticStudio (Zemax, Kirkland, WA).

Due to the imaging channel emission filter, the color space isdistorted. More

accurate color representation is important for image evaluation by a remote specialist
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and is achieved by applying a custom color matrix
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defined byamn values that map the camera RGB values to the CIEXYZ color space[84].

After imaging a standard 24-patch color checker board (X-Rite,Grand Rapids, MI)

with known CIEXYZ values, the A matrix composed of theamn coefficients can be

calculated by

A � C � 1T (1.3)

whereT is the matrix of known CIEXYZ values andC is the vector of measured RGB

camera values.

1.3.2 System characterization: illumination

The white light and violet light illumination uniformity wa s measured by imaging a

matte white surface without the emission filter in place. Forthis test, the violet LEDs

were replaced with white LEDs with similar radiance characteristics from the same

product series (Luxeon Z) to avoid exciting fluorescence from the measurement surface.

The uniformity measurements are corrected by the relative illumination (RI) of the

imaging system. The RI of the combined intraoral lens systemand the smartphone

camera was measured using a liquid light guide coupled sourcediffused by multiple

plates of ground glass. The measured uniformity is comparedto a non-sequential

raytracing model (FRED, Photon Engineering, Tucson, AZ) using LED rayfiles from

the manufacturer. Uniformity is quantified using the coefficient of variation (cv) [85] on

normalized data,

Uniformity � 1 � cv � 1 �

¼
P N

i � 1 ˆ x i � x• 2

N � 1
1
N P N

i � 1 x i
� 1 �

�
x

; (1.4)

wherex i is the luminance value of each pixel,x is the mean of the pixels in the image,

and � is the standard deviation of the pixel values.
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1.3.3 Field testing and CNN classification

A pilot human subjects study was performed at KLE Society's Institute of Dental

Sciences (Bangalore, India), Mazumdar Shaw Medical Centre (Bangalore, India),

and the Christian Institute of Health Sciences & Research (Dimapur, India) to

demonstrate the feasibility of the oral cancer screening hardware, remote clinical

diagnosis workflow, and classification algorithms. This study received institutional

review board (IRB) approval from Mazumdar Shaw Cancer Centre (NNH/MEC-CL-

2016-394) and University of California, Irvine (HS#2002-2805). All subjects provided

informed written and oral consent.

Inclusion criteria included clinically suspicious oral lesions, a history of previously

treated OSCC with no current evidence of cancer recurrence atleast six months after

cessation of treatment, or the presence of recently diagnosed, untreated OSCC or

pre-cancerous lesions. Exclusion criteria included beingless than or equal to 18 years

of age, currently undergoing treatment for malignancy, pregnancy, under treatment

for tuberculosis, or suffering from any acute illness.

The full field testing workflow is shown in Fig1.8. When patients arrived for their

visit, they first read, understood, and signed a consent form. After acknowledging

consent, a general dentist or oral oncology specialist performed a conventional visual

oral exam. Following, the general dentist performed the smartphone-based imaging

exam, collecting both AFI and WLI with both the whole cavity imaging module and

the intraoral probe module. Finally, the oral oncology specialist clinically diagnosed

each lesion site, with the clinical diagnosis serving as the gold standard.
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Figure 1.8: Field testing workflow for smartphone-based oralscreening.

Based on the gold-standard diagnosis, the images were assigned to either the

normal class or suspicious class. Diagnoses of oral squamous cell carcinoma, lichen

planus, homogeneous leukoplakia, speckled leukoplakia, tobacco pouch keratosis,

verruccous leukoplakia, and oral submucous fibrosis were included in the suspicious

class. Diagnoses of normal/variation were included in the normal class. Variation

includes normal variations of oral mucosa, including fissured tongue, Fordyce granules,

leukoedema, physiological pigmentation, and linea alba buccalis[86{ 88]. Diagnoses of

benign were not included in either class.

The captured images were uploaded to the cloud server for diagnosis by a remote

specialist, and for the intraoral images, classification by the conventional neural

network (CNN). Image pairs (WLI and AFI) were screened by the remote specialist

for sufficient image quality (minimal motion blur, in focus) to make a diagnosis.

The intraoral images were then classified with a trained CNN. For the CNN training,

methods commonly used in network training were applied including transfer learning[89]

and data augmentation[90{ 92]. For data augmentation, the original images were rotated

and flipped to feed the network more data for training. Additionally, transfer learning

was applied by using a VGG-M[90] network pre-trained on the ImageNet dataset[93].

The network was modified for our task by replacing the final dense layer and softmax
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layer and then training the network with our dataset.

Sensitivity, specificity, positive predictive value (PPV),and negative predictive

value (NPV) [94,95] were calculated to compare the remote specialist diagnosis and

the CNN result to the gold-standard on-site specialist diagnosis. Lastly, a receiver

operating characteristic (ROC) curve was generated to determine the accuracy of the

classifier and area under the ROC curve (AUC) calculated to provide a single value

for comparison to other devices[96,97].

1.4 Results

1.4.1 System performance: imaging

Figure 1.9 provides the resulting image of a 1951 USAF resolution test chart, showing

a resolution limit of 71:8 lp~mm and also the full field of the view of the intraoral

probe.

Figure 1.9: Image of a 1951 USAF resolution test chart showing the (a) full field of
view of the intraoral probe and (b) contrast limit. The zoomed contrast limit image
(b) shows group 6{2 is resolvable, a cutoff frequency of 71:8 lp~mm.

The measured MTF along with the performance of an average system from the

Monte Carlo analysis with representative tolerances is shown in Fig 1.10. A sensitivity
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analysis shows decenter of the outside concave surface of L4, L3 decenter, and L4

decenter have the greatest effect on performance.

Figure 1.10: Comparison of the nominal, Monte Carlo, and measured on-axis MTF
performance. The Monte Carlo analysis is an average system output. Measured MTF
data is from an Optikos LensCheck instrument and from a slanted edge test. The
sagittal and tangential data have been averaged where noted.

Lastly, the color mappingA matrix was calculated to be

A �

RRRRRRRRRRRRRRRRRR

0:81795 0:09584 � 0:02293

� 0:11767 0:98376 0:07395

� 0:19637 0:57655 2:28612

RRRRRRRRRRRRRRRRRR

(1.5)

1.4.2 System performance: illumination

Data for the modeled and measured uniformity for the intraoral and whole mouth

modules are provided in Table1.2.
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Table 1.2: Measured and modeled uniformity for white light and violet light for the
intraoral probe and whole mouth module. The measured uniformity is adjusted by
the relative illumination of each optical system.

Intraoral Whole cavity
Color Modeled Measured Modeled Measured

White 0.85 0.92 0.94 0.96
Violet 0.89 0.93 0.95 0.96

1.4.3 Field testing and CNN classification

Data was collected at the three testing sites from 190 patients with data from 99

patients (demographics shown in Table1.3) used for CNN analysis and remote

diagnosis.

Table 1.3: Study participant demographics for the image pairs used in CNN classifica-
tion. Values are provided as theN of each category except for age in units of years.
The Both health behavior represents the combination of both smoking and chewing.
Health behavior was not collected for all participants.

Item Female Male Total

N 46 53 99
Age, � [yr] 37.4 42.2 40.0
Age, � [yr] 15.0 13.0 14.1
Health behavior

None 8 6 14
Smoking 0 7 7
Chewing 17 25 42
Both 3 14 17
Alcohol 3 9 12

Clinical diagnosis
Normal 24 9 33
Lichen Planus 2 6 8
Homogeneous Leukoplakia 6 10 16
Speckled Leukoplakia 1 2 3
Tobacco Pouch Keratosis 12 21 33
Squamous Cell Carcinoma 1 5 6
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Out of 364 image pairs, 170 WLI and AFI image pairs had sufficientquality for

remote diagnosis and use in the CNN withN � 86 in the normal class andN � 84 in

the suspicious class. Data augmentation increased the dataset size by 8� to 1360 image

pairs. After training the network for 80 epochs, four-fold cross validation accuracy of

the VGG-M network was 86.88%. The ROC curve for the CNN is provided in Fig 1.11

and the AUC� 0:908.

Figure 1.11: Receiver operating characteristic (ROC) curvefor the CNN. The area
under the curve (AUC) equals 0.908.

Sensitivity, specificity, PPV, and NPV values comparing the remote specialist

diagnosis and the CNN result to the gold-standard on-site oral oncology specialist

clinical diagnosis are provided in Table1.4.



37

Table 1.4: Sensitivity, specificity, PPV, and NPV values for the images of sufficient
quality for remote diagnosis and CNN evaluation compared to the gold-standard
on-site specialist clinical diagnosis.

Parameter Remote specialist CNN

Sensitivity 0.9259 0.8500
Specificity 0.8667 0.8875
PPV 0.9494 0.8767
NPV 0.8125 0.8549

Sample images diagnosed by a remote specialist are shown in Figs 1.12and 1.13.

Figure 1.12shows AFI and WLI taken with the intraoral probe. With suspect areas

outlined, the combination of WLI and AFI provides the most information about the

type of lesion and the size of the affected area. Figure1.13provides similar findings

for the whole cavity imaging module.
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Figure 1.12: Sample white light (column a) and autofluorescence (column b) intraoral
probe field testing images with suspect areas outlined. All rows were classified by
the CNN as suspicious. On-site specialist diagnoses were: (g) { normal/variation;
(h) { homogeneous leukoplakia; (i) { carcinoma of the left mandibular alveolus; (j) {
tobacco pouch keratosis demonstrating increased fluorescence due to hyperkeratosis;
and (k) { tobacco pouch keratosis. Column (c) shows the green intensity map with
the mean subtracted as discussed in Section1.5.
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Figure 1.13: Sample white light (column a) and autofluorescence (column b) whole
cavity module field testing images with suspect areas outlined. All rows were classified
by the CNN assuspicious. On-site specialist diagnoses were: (g) { normal/variation;
(h) { carcinoma of the left mandibular alveolus; (i) { oral squamous cell carcinoma;
(j) { tobacco pouch keratosis; and (k) { homogeneous leukoplakia. Column (c) shows
the green intensity map with the mean subtracted as discussed in Section1.5.
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1.5 Discussion

The smartphone platform is a natural progression of previous autofluorescence systems

targeting oral lesions[56,63,64,98{ 103] and our device offers several improvements. Com-

pared to previous smartphone-based systems[103], the two FOVs are useful for both

an overview of the oral cavity health along with targeted imaging of problem areas.

Our intraoral probe extends capability, reaching to the base of the tongue and cheek

pockets in some patients, areas of increased cancer risk[27]. Our device offers image

capture, save, review, and transmit of both AFI and WLI capturedboth intraorally

and externally to the oral cavity. Additionally, our intraoral imaging attachment

utilizes a custom designed optical system to maximize the number of pixels used on

the smartphone image sensor. Operation of the system is simple through an intuitive

user interface. Since the device is connected to the cloud and remote diagnosis is

possible, the system does not need to be operated by a specialist, with the remote

specialist integrated into the clinical environment through the internet. Importantly,

the device implements a machine learning algorithm to aid both the community health

workers and the remote specialists as devices requiring thehuman visual system (HVS)

to make decisions based on small changes in scene or image brightness are suboptimal

due to the logarithmic response of the HVS[104,105].

The measured imaging performance of the device matches the predicted perfor-

mance for a passively aligned optical system and is sufficient for an oral cancer

screening device, able to resolve features down to14µm. Similar to the Monte Carlo

result, the measured mid-spatial frequency performance isdecreased from the nominal.

Contributions to the decreased performance include stray light from various mechani-

cal surfaces, chromatic aberration, and passively aligned lenses. The TIDI Products

SureClear Window is specifically designed to minimally affect image quality through

the sheath, though the barrier can increase aberrations andspecular reflection from

the white LEDs when saliva is introduced on the barrier. Imagesensor noise and
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the proprietary image processing pipeline of the smartphone have the opportunity

to decrease the resolution cutoff of the optical system. Automatic, immutable image

processing implemented by the smartphone manufacturer including edge sharpening

could explain differences between the Optikos and slanted edge measured results.

Additionally, single-point diamond turning tool marks causediffraction-type scatter

proportional to the power spectral density (PSD) of the surface, diminishing the

quality of the PSF[106]. Due to the low amount of nominal distortion (< 0.8%) in the

optical system, distortion is not calibrated to save computation time and power in the

system.

The measured and modeled illumination uniformity match wellfor both modules

and illumination wavelengths. The whole cavity module uniformity error is only 2%

for white illumination and 1% for violet illumination. For t he intraoral probe the error

is slightly larger at 7% for white light illumination and 4% for violet illumination.

The increase in uniformity from the model is likely due to errors in the scattering

properties of the various surfaces in the model, including the system mechanics and

the target surface.

Our initial field-testing workflow and results were positive. Through the web app,

doctors were able to diagnose cases quickly and efficiently, with the AFI and WLI from

two FOVs providing the needed information. Compared to the on-site specialist, the

remote specialist was able to correctly diagnose patients as having suspicious lesions

with high specificity, sensitivity, and PPV, though the remote specialist's ability to

correctly clear patients without suspicious lesions couldbe improved. The sensitivity

and specificity of previous autofluorescence-only devices can have large variation[75],

while also needing to be operated by a specialist. The combination of AFI and WLI in

our device should set the sensitivity floor at 60%, the valuefor a conventional visual

exam[10].

The CNN sensitivity, specificity, PPV, NPV, and AUC results are promising given

the small size of the dataset, however, future research will need to include benign
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cases in the training and classification processes. Our AUC value is similar to the

high-end of results obtained with similar systems in discriminating healthy tissue

from lesions[52,60,66,71,107], however, results have been mixed and the addition of benign

lesions decreased the AUC significantly[60].

Additionally, a study including biopsy and a histopathology gold standard is

needed to fully correlate the CNN result. Importantly for our small dataset, data

augmentation increased the number of images pairs by 8� , and since the images have

no natural orientation, flipped and rotated images are stillvalid. As improvements to

the device are made and the health providers acquire additional time and training

with the device, the dataset size and percentage of quality images will increase, leading

to improvements in CNN training. We hope augmenting the WLI with AFI and the

CNN classification algorithm leads to true diagnostic performance in line with our

reported CNN result.

The main challenges to using AFI and WLI for cancerous and pre-cancerous

lesion detection include increased fluorescence signal from hyperkeratinization of pre-

malignant lesions causing an increase in autofluorescence signal[108] and differentiating

between pre-cancerous lesions and areas of inflammation or irritation that can confound

either a human or computer diagnosis[64], though combining WLI and AFI with

longitudinal data discriminates dysplasia from short-term inflammation. The main

challenges to large-scale implementation of this device will be addressing the needs of

regions without cellular data or internet access and the additional time burden on

the remote specialists for diagnosing cases and monitoringlesion progress. However,

the overall time burden should decrease as other community members will be able to

collect the necessary data.

Improvements for the next generation device could include the addition of a simple

mean subtraction from the green channel of the original AFI

f ˆ i; j • � I Gˆ i; j • �
P N � 1

i � 0 P M � 1
j � 0 I Gˆ i; j •

NM
� I Gˆ i; j • � I Gˆ i; j • (1.6)
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to the AFI image already presented to provide the diagnosing specialist with an

additional map of areas of decreased fluorescence signal asshown in Figs1.12and 1.13.

The on-phone red/green ratio image analysis could also be added to the information

shown to the remote specialist (and on-site specialist if present during data collec-

tion) [52]. Additionally, including the whole cavity images in the CNN training and

classification would increase the amount of data available, however, these images have

many additional noise features such as the perioral epidermis and teeth.

A smaller profile for the intraoral probe would be more effective in accessing sites

deep in the oral cavity like the cheek pockets and base of tongue, particularly in

patients with advanced oral submucous fibrosis. The remote specialist could be better

integrated into the clinical environment with a wider fieldof view and longer depth of

field of the intraoral probe to improve area recognition andimage quality, helping to

orient the remote specialist during diagnosis. Crossed polarizers for the white light

LEDs would reduce noise in the image due to specular reflection. Lastly, as use hours

increase, app feedback will be used to further streamline theuser experience, making

data collection easier for all types of users.

Though the targeted communities lack healthcare infrastructure, many have ample

cellular data coverage, and as the cost of smartphones continues to decrease, ownership

in LMIC increases (the compound annual growth rate (CAGR) ofmobile subscriptions

in LMICs since 2008 is 20%[7] and the CAGR of smartphone ownership from 2013{2015

is > 30%[8]). Smartphone-based devices allow for a hub and spoke model where the

hub houses the specialists and trained healthcare workers implementing the screening

program and the smartphones extend spokes out to the remote communities. A low

system cost enables this model and high-volume cost estimates for our system are

� $100 plus the cost of the smartphone (The cost of the smartphone is not included

since most users will be able to use their own smartphone), aninexpensive medical

imaging device.
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1.6 Conclusion

Described is the design and implementation of a low-cost, point-of-care, smartphone-

based, dual-modality imaging system for oral cancer screening in LMIC. The device

enables clinicians and community members to capture AFI and WLIand upload

images to the cloud for both remote specialist diagnosis and CNNclassification. We

have tested the device and diagnosis workflow in three locations in India and initial

feedback on the system is positive, with both the remote specialist and CNN achieving

high values of sensitivity, specificity, PPV, and NPV comparedto the on-site specialist

gold standard.

Inexpensive, high-power LED sources in white and violet wavelengths, plastic lens

molding technology, and low-cost but powerful smartphones are promising develop-

ments for the creation of low-cost, portable, simple-to-use autofluorescence imaging

devices for oral cancer detection. Performance should increase as additional images

are collected and with improvements to the device hardware and usability. Enabling

oral cancer detection in low-resource communities will lead to earlier detection and

diagnosis, minimizing disease progression and ultimately, a reduction in oral cancer

death rates and healthcare costs.

Supplementary Material

The design files for the LED driver have been released on GitHub under the GPL-3.0

license[109,110].
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Chapter 2

USB-camera-based oral cancer screening

This chapter was published as

R. D. Uthoff, et al. Small form factor, flexible, dual-modality handheld probe for
smartphone-based, point-of-care oral and oropharyngeal cancer screening.J. Biomed.
Opt., 24(10):1, October 2019. ISSN 1083-3668. doi: 10:1117/1:JBO:24:10:106003. URL
https://www :spiedigitallibrary :org/journals/journal-of-biomedical-optics
/volume-24/issue-10/106003/Small-form-factor-flexib le-dual-modality-ha
ndheld-probe-for-smartphone/10 :1117/1:JBO:24:10:106003:full

2.1 Introduction

Oral cancer incidence and death rates are an ongoing concernin low- and middle-

income countries (LMIC); LMIC suffer the majority of worldwide new cancer cases

and deaths along with@50% five-year survival rates in some locations[29,112]. The

major risk factor for oral squamous cell carcinoma and oral submucous fibrosis in

many LMIC is betel quid chewing, with or without the inclusion of tobacco[34,35].

Furthermore, oral and oropharyngeal cancers are increasing in younger populations

(especially men) in moderate- to high-income communities (MHIC) due to the spread

of human papillomavirus (HPV), mostly affecting the tonsils and base of the tongue

(BOT) [113{ 115].

Conventional oral examinations (COE) provide a high specificity [10] for visible

lesions. However, lesions can be at an advanced stage before they are visible. Ad-

ditionally, with higher incidence rates deep in the oral cavity and in oropharyngeal

regions, accessibility can be an issue for a COE. Autofluorescence imaging (AFI) has

the potential to be an important oral and oropharyngeal cancer adjunctive screening

tool to aid in discrimination of oral potentially malignant lesions (OPML) not visible

during a COE[112].
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Previously, we described an AFI and white light imaging (WLI) smartphone-based

oral cancer screening device with the ability to capture both whole cavity and intraoral

images[22]. Following, is an intraoral probe with improved form factorto increase

clinician ergonomics and patient comfort while improving access to the base of the

tongue and oropharynx, significant cancer sites[27,114].

2.2 Materials

We have developed a small form-factor, intraoral AFI and polarized white light

imaging (PWLI) handheld probe utilizing a commercially available camera module

(OV5648, Omnivision, Santa Clara, CA), connected by USB to an LGG4 smartphone

(LG, Seoul, South Korea) for low-cost, point-of-care oral and oropharyngeal cancer

screening (Fig2.1). I

Figure 2.1: Intraoral probe system view showing the handheld probe (a) overall system
size, (b, c) the flexible head, (d) the imaging and LED illumination apertures, along
with the (e) the installed smartphone running the custom Android application and (f)
installed electronics.

The 3d-printed probe housing of VeroBlackPlus (Stratasys,Eden Prairie, MN)

provides mounting for the camera, camera PCB, illuminationLEDs, filters, polarizers,

and wiring while also integrating a25 mm diameter handle and flexible section near
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the imaging head. The135:5 mm usable probe length allows access to the BOT and

oropharynx while the14:4 mm� 8:4 mm probe cross-section maintains patient comfort

during imaging tasks. Significantly, the24 mm flexible silicone (Mold Star 20T and

Black Silc Pig, Smooth-On, Macungie, PA) section provides upto 470% elongation

before break, bending up to45° in either direction (Fig 2.1) to better access all areas of

the oral cavity. A 250µm thick, 11 mm wide piece of aluminum sheet metal embedded

in the flexible section is a ductile core to the silicone elastomer, maintaining the

probe head angle after bending to the desired position. The aluminum sheet keeps

the two sections of the probe attached with notches to capture the screws joining the

two halves of the probe head clamshell, while also serving asa thermal sink for the

illumination LEDs. To ensure the elastomer stretches with the probe as it is bent and

does not pull away from the seams of the 3d-printed plastic/silicone interface (keeping

the electronics from being exposed), the silicone overlapsthe 3d-printed plastic a

minimum of 5 mm and maximum of11 mm on each end, and750µm vertical capture

features in the plastic embed into the silicone. The interface is further reinforced with

Dow Corning 700 (DowDuPont, Midland, MI) silicone adhesive. Creating the silicone

section is the last assembly step; the 3d-printed mold is clamped around the two probe

halves and the silicone injected through the vents. Opposing vents in the mold reduce

air pockets in the final cured silicone shape. The various features and components of

the aluminum stiffener, flexible section, and silicone mold are shown in Fig2.2.
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Figure 2.2: Cross-section images of the system mechanical design highlighting features
related to the flexible silicone section. (a) shows a horizontal section view up to the
aluminum stiffener/heatsink (rendered in teal for visibility) demonstrating its shape
and position in the probe head. The stiffener is clamped between the two halves of the
probe head and, along with the screw capture notches, keeps the two sections of the
probe rigidly connected. (b) is a vertical section view of the final assembly step, where
the green-colored mold for the silicone is clamped around the probe head. The camera
PCB and illumination LED PCB flex cables span the flexible section. The LED flex
PCB surrounds the camera and is attached to the heatsink withelectrically-insulating
epoxy. (c) is a vertical section view of the device after the silicone has been injected
into the mold and cured. Here the silicone and plastic overlap region along with the
capture features is visible. The capture features and overlap increase robustness in the
joint. After curing, the mold is removed and the silicone/3d-printed plastic interface
is reinforced with silicone adhesive.

Illumination for PWLI and AFI is accomplished with two white (4000 K) and
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four violet (400 nm) LEDs (Lumileds, Amsterdam, Netherlands), respectively. The

LEDs are mounted on an annulus of flexible, polyimide PCB, surrounding the camera

module in a plane-symmetric pattern to maximize illumination uniformity without

the use of additional optical components. The PCB is filled with large copper planes

to increase heat transfer while the backside copper is exposed and attached to the

aluminum stiffener with an electrically-insulating, thermally-conductive epoxy (DP240,

3M, St. Paul, MN). To enable AFI, a 425 nmshortpass excitation filter (Asahi Spectra,

Tokyo, Japan) is installed in front of the violet LEDs and a complementary 470 nm

longpass emission filter (Asahi Spectra) is installed in front of the camera module.

The fixed emission filter in the imaging channel distorts the color space during

white-light imaging and is corrected by applying the transformation matrix calculated

using a standard 24-color color checker (X-Rite, Grand Rapids, MI).

A �

RRRRRRRRRRRRRRRRRR

0:6198 0:0568 � 0:0957

� 0:0872 0:9391 � 0:1073

0:0692 0:3618 0:0699

RRRRRRRRRRRRRRRRRR

(2.1)

The stray light aperture prevents unfiltered scatter from the edges of the excitation

filter to reach the tissue plane. Orthogonal linear polarizers (Edmund Optics, Barring-

ton NJ) in front of the white light LEDs and the camera module enable PWLI. The

thermally-sensitive film polarizer is positioned at a distance from the LED emission

surface by a 1 mm thick PMMA window.

The USB-connected camera module integrates an image sensor (5 MP, 3673:6µm�

2738:4µm), � 4:1 mm focal length imaging lens, and control circuitry on a rigid-flex

PCB with the image sensor and lens mounted on the end of the30 mm long flexible

cable. The long flex PCB cable is embedded in the silicone section of the probe,

with the rigid portion of the PCB containing driving and readout circuitry in the

non-moving section.

The vendor-supplied lens focal length is calculated from the maximum chief ray

angle (29°) and the sensor diagonal (4:6 mm) provided in the sensor module datasheet.
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The lens system is installed in a threaded barrel and the position was adjusted to

provide a working distance of20 mm, the minimum possible both optically (minimum

before image quality is severely diminished) and mechanically (minimum before limit

of lens barrel threads), providing a cropped field of view (FOV) of 15 mm� 20 mm.

The probe is compatible with the previously reported 3d-printed structure for

mounting of the smartphone, LED driving electronics, and whole-cavity imaging

module[22]. Additionally, the system maintains the custom Android application for

image capture, processing algorithms, cloud server data upload, convolutional neural

network (CNN) classification, and web browser remote diagnosis features of the

previously reported system[22,23].

During patient testing, the probe is covered with a hygienicsleeve (TIDI Products,

Neenah, WI).

2.3 Methods

To characterize the imaging system performance, the field of view (FOV) and cutoff

frequency were measured by imaging a 1951 USAF resolution testchart and a slanted

edge test[82,83] was used to compare the actual on-axis MTF to the theoreticalcalculated

from the image sensor pixel pitch and lens magnification.

Uniformity and leakage were evaluated to benchmark the illumination system.

Illumination uniformity was quantified using the coefficient of variation

uniformity � 1 � cv � 1 �
�
x

(2.2)

where� is the standard deviation andx is the mean of the grayscale pixel values when

imaging a 50% neutral value matte card (Munsell, Grand Rapids, MI). Illumination

leakage was measured by imaging a mirror under violet illumination and measuring

the returned signal on each color channel relative to the maximum possible signal for

the channel

leakage�
P N � 1

i � 0 x i

255N
(2.3)
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wherex i is the pixel value andN is the number of pixel in the channel.

The maximum permissible exposure (MPE) of the AFI and PWLI illumination was

calculated according to the International Electrotechnical Commission (IEC) 60825-

1:2014[116]. Since the AFI LED bandwidth has power in two wavelength regions

(315 nmto 400 nmand 400 nmto 700 nm), the most stringent limit is applied. With

an exposure time of 0:8 s, MPE is calculated as

MPE � C1 J m� 2 � 5:6 � 103 t0:25 J m� 2 � 5296 J m� 2 (2.4)

With the following assumptions (a) LED power run at 90% of maximum 675 mW, (b) emis-

sion area of1 mm2, (c) emission duration of800 ms, (d) Lambertian emission, (e) the

closest tissues could be to the emission plane is1:5 mm, and (f) skin aperture diameter

is 3:5 mm. The flux transfer from an LED to tissue given the correct configuration

factor is[117]

� tissue � � LED F � � LED
1
2

<@@@@>
X � ŒX 2 � 4

R2
2

R2
1
‘

1
2 =AAAA?

� 0:0065 W (2.5)

whereR1 � r1~d, the radius of the emitter divided by the distance between the two

planes,R2 � r2~d, the radius of the tissue plane divided by the distance betweenthe

two planes, andX � 1� ˆ1� R2
2•~R2

1, corresponding to an exposure of541 J m� 2, safely

below the MPE. The white light LEDs output is also below the MPE as they have a

similar exposure to the violet LEDs, but are run at 10% of maximum power and have

a higher limit due to the wavelength band.

A pilot human subjects study is currently being performed to demonstrate the

capability of the hardware to reach oral and oropharyngeal sites and the feasibility of

using CNN classification algorithms. This study is institutional review board (IRB)

approved by Mazumdar Shaw Cancer Centre (NNH/MEC-CL-2016-394), University of

California, Irvine (HS#2002-2805), and Rowsell Park Comprehensive Cancer Center (I

49117). For this study, all subjects provided informed written and oral consent before

testing.
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The workflow for testing the handheld probe was reported previously[22]. The

patients first have a conventional oral exam, then the smartphone-based exam is

administered. WLI and PWLI are collected with the whole cavitymodule[22] and with

the handheld probe. With the probe, both the lesion area and the normal contra-lateral

area are imaged to provide additional data for the CNN. After testing, the images

are uploaded either to an internal electronic health record system or to the cloud for

remote specialist review and classification by the CNN.

To provide further visual information to the diagnosing specialist, additional images

are created from the AFI. Fluorescence loss can be visualized from a luminance map

where the green channel mean is subtracted from the green channel,

f � I G � I G (2.6)

and a red/green ratio map[61,62]

f �
I R

I G
(2.7)

can signal additional areas of concern. The CNN uses both the relative green luminance

information and the red/green ratio in its analysis.

2.4 Results

Fig 2.3 shows the FOV of the system and a zoomed view to show group 4{3 of

the resolution target is resolvable, a spatial frequency of20:16 lp~mm. This result

matches the calculated MTF from the slanted edge test in Fig2.3, where the estimated

cutoff frequency of25 lp~mm results in a calculated image space numerical aperture

of NA � 0:007. The resulting depth of field is[118]

depth of field �
LofD

fD � LoB
�

LofD
fD � LoB

� 12:5 mm (2.8)

where Lo is the nominal object plane (� 20 mm), f is the focal length of the lens

(4:1 mm), D is the entrance pupil diameter (0:073 mm), and B is the blur diameter

chosen to be three pixels (4:2µm).
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Figure 2.3: Image of a 1951 USAF resolution test chart showing (a)the 15 mm� 20 mm
FOV and (b) contrast limit. The zoomed contrast limit image (b) shows group 4{3
is resolvable, a cutoff frequency of20:16 lp~mm. (c) provides a comparison of the
theoretical diffraction limit and measured on-axis MTF performance.

Illumination uniformity was measured to be 83.80% for white light illumination

and 89.84% for violet light illumination. Leakage was measured as 14.01%, 13.00%,

and 28.97% for the red, green, and blue channels, respectively.

Oral and oropharyngeal images demonstrating the ability of the handheld probe

to capture AFI and PWLI at the base of the tongue and oropharynx with the maps

created from equations(2.6) and (2.7) are shown in Figs2.4 and 2.5. Fig 2.4 shows

AFI and PWLI along with the maps created from equations(2.6) and (2.7) for normal

and OSCC clinical diagnoses. Fig2.5 demonstrates the ability to capture AFI and

PWLI at the base of the tongue and oropharynx, areas of increased cancer risk from

HPV. For these sets of images, the upper limit of the dynamic range of the fluorescence

loss images of column c in Figs2.4 and 2.5 has been deliberately limited for better

visualization of low fluorescence (low luminance) regions. Regions of high luminance in

the red-to-green ratio images of column d indicate possiblecancerous conditions. The

pixelated regions in the corners of some of the red-to-greenratio images are artifacts

of small number division.
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Figure 2.4: Sample (column a) white light, (column b) autofluorescence, (column c)
green luminance subtraction, and (column d) red/green ratio handheld intraoral
images with clinical diagnoses of (q) { normal/variation, location: floor of the mouth;
(r) { normal/variation, location: tongue; and (s) { OSCC, location: right buccal mucosa.
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Figure 2.5: Sample (column a) white light, (column b) autofluorescence, (column c)
green luminance subtraction, and (column d) red/green ratiohandheld intraoral images
demonstrating the ability to image the base of the tongue.

2.5 Discussion

AFI with excitation at � 405 nm[50,52] along with PWLI is a promising modality

for low-cost, low-complexity devices to increase detectionrates and provide earlier

detection of oral and oropharyngeal cancer[75]. Here, decreased fluorescence signal at

� 500 nmindicates increasing dysplasia while increased signal at� 635 nmcan serve

as an additional indicator[112]. The necessary excitation wavelengths now have readily

available LED sources at increasingly lower cost and the resulting autofluorescence

emission spectrum peaks are easily detectable by a smartphone camera.

This new intraoral probe provides marked improvements in geometry to increase

access to the significant oral and oropharyngeal cancer sites compared to other AFI

devices. Table2.1 highlights the differences in form-factor, features, and capabilities

between this intraoral probe, our previous device[22], and two commercially-available

AFI devices, the VELscope—[119] (Apteryx Imaging, Akron, OH) and the Identafi® [120]
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(StarDental, Lancaster, PA).

The new probe has increased its usable intraoral length by� 20 mm over our

previous device while decreasing the maximum cross-sectional area by over 80%.

Removing the requirement to use the smartphone camera for imaging enables a

smaller and lighter system by eliminating the design constraints, bulk, and cost of a

long-track-length, well-aligned optical system. These geometry differences are visualized

in Fig 2.6. The drastic reduction in cross-sectional area along with the flexible joint

enables better accommodation of the oral cavity's and oropharynx's contours, leading

to the consistent ability to image the BOT and tonsils. The previous device's length

and size were insufficient to reach the BOT and its inflexibleimaging head unable to

orient for imaging the tonsils. While the VELscope—is not an intraoral device, its

geometry and long working distance does allow for imaging some oropharyngeal sites

(tonsils, posterior pharynx) but cannot access the BOT. From images, the size of the

Identafi® is estimated to be similar to this work's probe.

The illumination uniformity is decreased compared to the previous probe due to

fewer LED sources but still maintains a high uniformity approaching 90%. Leakage

data was only available for the current device measuring under 15% for both the red

and green channels, the channels of interest (the blue channel is discarded), an area

for improvement.

This probe's depth of field is increased by 22� compared to the previous probe

while maintaining sufficient resolution to resolve vasculature as seen in Fig2.4. The

VELscope—similarly benefits from a long depth of field whereas the previous probe's

short depth of field led to> 50% of the images with too much blur to analyze in our

first pilot study [22]. Importantly, the FOV is increased, increasing the abilityof a

remote clinician to orient themselves in the image, valuable feedback from testing the

previous probe. The VELscope—and Identafi® both offer a larger FOV (due to not

being intraoral, and due to not implementing a camera, respectively) than this probe

but the downsides such as the VELscope—not being able to access the BOT and the
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Identafi® lacking native image capture outweigh this smaller FOV.

The new probe integrates a full feature set of AFI, PWLI (decreasing the area

of images saturated from specular reflection), and native image capture, processing,

and transmission, lacking only the green-amber illumination of the Identafi® , giving

it a high size-to-feature ratio compared to the other devices. Additionally, the new

form-factor is derived from commercially-successful intraoral imaging devices such

as the CS1500 (Carestream Dental, Atlanta, GA) and Claris i5HD(SOTA Imaging,

Orange, CA), suggesting improved ergonomics for both the clinician and patient.

Table 2.1: Comparison of AFI devices' features and specifications

Parameter This work Uthoff 2018 VELscope— Identafi®

Usable intraoral length 135:5 mm 116:6 mm Not intraoral Similar to
this work

Minimum intraoral
cross-sectional area

113:1 mm2 369:5 mm2 Not intraoral Similar to
this work

Maximum intraoral
cross-sectional area

116:5 mm2 594:0 mm2 Not intraoral Similar to
this work

Working distance 20 mm 10 mm 80 mm No camera
Depth of field 12:5 mm 0:6 mm > 20 mm No camera
FOV area 300 mm2 247 mm2 1257 mm2 No camera
Flexible joint Yes No Not intraoral Mirror
Accesses BOT Yes No No Maybe
Accesses tonsils and

posterior pharynx
Yes No Yes Maybe

Native image capture,
processing, transmission

Yes Yes w/ peripheral No

AFI Yes Yes Yes Yes
PWLI Yes WLI No WLI
Green-amber imaging No No No Yes
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Figure 2.6: Comparison of mechanical outlines for (a) the probe proposed in this
manuscript and (b) the previously published probe[22] demonstrating its greatly
reduced intraoral dimensions.

Future improvements should include decreasing leakage from the AFI illumination.

Additiional improvements could include a custom designed lens system to increase

the field of view (FOV) and optimization of the working distance based on doctor use

and patient comfort feedback. A sample optical design meeting this criteria is shown

in Fig 2.7 with the optical prescription provided in Table 2.2. Here, the angular full

FOV has been in increased to120° along the diagonal, resulting in a spatial field of

view of 45:3 mm� 33:7 mm• with increased optical performance as measured by MTF

compared to the USB camera lens. The increased FOV would allowremote specialists

to more easily orient themselves when analyzing images outside of the clinical setting.

The design utilizes a single achromat with an object spaceNA � 0:0035, image space

NA � 0:023, providing a9:4 mm depth of field where the focal lengthf � 1:875 mm,

and the entrance pupil diameterD � 0:165 mm. This large depth of field is critical

for reducing the number of out of focus images from hand movement during image

capture.

The sag of the aspheric surfaces is defined by[78]

z �
c r2

1 �
»

1 � ˆ 1 � k• c2 r 2
� � 2 r 4 (2.9)
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wherer is the radial distance from the optical axis,c is the surface curvature (1~R), k

is the conic constant, and� n defines the polynomial coefficients. Specifying plastic

lenses (OKP4HT, Osaka Gas Chemicals, Osaka, Japan; E48R, Zeon, Tokyo, Japan)

allows for molding technologies to achieve low cost parts even with aspheric surfaces.

Figure 2.7: Optical design for a120° full field of view, image spaceNA � 0:023 lens
with increased MTF performance compared to Fig2.3. (a) shows the layout of the
optical design with dimensions and (b) provides the theoretical MTF performance.

Table 2.2: Prescription for imaging lens with increased field of view and resolution

Surface Material Radius Thickness Conic � 2

Obj air 15:000
Stop OKP4HT � 2:520 0:3 � 0:129
3 E48R 0:833 0:6
4 air � 0:739 2:684 0:430 0:157
Image

With the small camera modules, there is opportunity to include two camera modules

in the head, one camera with a wide FOV, low NA lens and the other with a high NA

lens and narrow FOV, providing wide FOV imaging and high resolution imaging at the

same time. For high resolution imaging, a camera module withauto-focus capability

would be preferred. Alternatively, the same lens could be used for both cameras to

enable 3D spectroscopic imaging.
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Additionally, the ability to 3d-print the flexible area along with the plastic would

greatly decrease assembly time. This was attempted with Stratasys Tango material

along with VeroBlackPlus but the Tango's elongation at breakof only � 200% was

not sufficient as the interface tore after only a few bendingcycles. New 3d-printing

materials could enable this change in the future.

Lastly, with an exposure time of250 ms, motion of the probe during image capture

affects quality. Usability could be improved by the addition of a camera control button

on the probe handle so the clinician could prompt image capture from the probe, as

well as the smartphone. In addition, since the LEDs are run at10% of the emission

limit, an increase in LED power and a corresponding decrease in camera exposure

time would further limit blur in the images.

2.6 Conclusion

We have demonstrated a compact, dual-modality imaging device with a flexible head

to enable good quality AFI and PWLI in oral (cheek pockets) and oropharyngeal

(tonsils, BOT) areas with high cancer incidence rates from betel quid chewing and HPV

but more difficult to access with conventional aided or unaided visual examinations,

leading to earlier detection and diagnosis of precancerousor cancerous conditions.

Advances in high-power, low-cost light sources, 3d-printing, and low-cost smartphones

are instrumental to the creation of simple AFI and PWLI prototype devices for oral

and oropharyngeal cancer screening in LMIC and MHIC. USB-connected cameras

remove design constraints related to using the smartphone's camera allowing better

ergonomics for the clinician and increased comfort for the patient; a system better

able to address the imaging need while keeping the desirablefunctions and portability

of the smartphone.
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2.7 Supplementary material

The design files for the LED driver have been released on GitHub under the GPL-3.0

license[110,121].
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Chapter 3

Smartphone-camera-based and
USB-camera-based dermascopy

3.1 Introduction

The rate of melanoma and non-melanoma skin cancers (NMSC) have been steadily

rising[5,122] and early diagnosis is key for improved outcomes[11]. Primary care physicians

(PCPs) are the first line of detection[11,123]. Because there is a shortage of board-certified

dermatologists[124,125], most of the burden of diagnosis and treatment falls on the

PCPs.

Lesion evaluation using visual, subjective methods are useful tools for PCPs.

Two such methods are the ABCDE criteria (asymmetry, irregularborders, multiple

colors, diameter> 6 mm, evolving) providing sensitivity=0.85 and specificity=0.72

and the 7-point checklist (change in size, change in shape, change in color, diameter

C7 mm, crusting or bleeding, sensory change) providing sensitivity=0.77 and speci-

ficity=0.80 [11,126]. Continuous monitoring has shown to improve outcomes through

early detection as evidenced by mole mapping techniques[127,128] and the increase

in sensitivity and specificity with the addition of the E (evolving) in the ABCDE

criteria [126].

Adjunctive tools utilizing multispectral imaging (MSI) and polarized white-light

imaging (PWLI) to map dermal chromophores (hemoglobin, deoxy-hemoglobin, and

melanin), quantify erythema, and perform image classification for lesion screening,

have the potential to increase early detection for PCPs and even outside the physician's

office[23,129{ 141]. We propose the smartphone as the ideal platform for an adjunctive

medical device, providing a portable system with easy-to-operate apps and native

image capture, processing and data transmission.
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3.2 Materials

To address the need for low-cost, smartphone-based methods of skin lesion screening

and erythema monitoring, we have developed two point-of-care dermascope design

concepts, implementing MSI and PWLI[18] on an LG G5 (LG, Seoul, South Korea)

smartphone platform. One system concept utilizes the embedded smartphone camera

for imaging while the other uses a USB-connected camera module. Both systems share

a common illumination system and software application to enable PWLI and MSI.

The dermascope using the smartphone's embedded rear camerais shown in Fig3.1.

The main LG G5 camera consists of a Sony IMX234 Exmor RS sensor with 5312� 2988,

1:12µm pixels; a 5:95 mm� 3:35 mm sensor size. The sensor is paired with af /1.8,

4:42 mm focal length lens.

Figure 3.1: Smartphone-based multispectral dermascope. (a) shows the system using
the on-board smartphone camera and (b) with the annulus removed, showing the LED
board.

To decrease the working distance of the optical system to allow imaging of the

epidermis, a24 mm focal length achromatic doublet (Ross Optical, El Paso, TX) is

placed4 mm away from the principal plane of the smartphone optical system, providing

a magnification ofm � 0:187 and numerical apertureNA � 0:04. After cropping, the

field of view (FOV) is 22:5 mm� 17 mm as shown in Fig3.2. The imaging achromat

is aligned to the smartphone camera using a machined PMMA diskinstalled in a
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removable, 3d-printed annulus of VeroBlue RGD840 (Stratasys, Eden Prairie, MN)

plastic. The annulus serves as an imaging guide; its length equals the optical system

working distance (23 mm) so the PCP can contact the patient to stabilize the device

and ensure correct focus. An additional 3d-printed structureserves as a common

system platform, providing mounting for the smartphone, imaging annulus, and LED

electronics.

Figure 3.2: Layout of the LG G5 smartphone camera and the added achromat. The
smartphone camera lens system is modeled as a paraxial lens.

To provide multispectral illumination a custom PCB was fabricated consisting of

27 LEDs (Lumileds, Amsterdam, Netherlands), three each of eight color wavelengths;

450 nm, 470 nm, 500 nm, 530 nm, 586 nm, 660 nm, 810 nm, 940 nm, and three white

light. The color wavelengths are chosen based on commercial availability and the

ability to probe both hemoglobin isosbestic points and separate oxygenated from

deoxygenated hemoglobin content along the molar attenuation curves (Fig3.3). The

PMMA disk used for mounting the lens also extends over the illumination LEDs

to provide mounting for a linear polarizer (Edmund Optics, Barrington NJ). An

orthogonal linear polarizer installed in front of the imaging channel, enabling polarized

white-light imaging (PWLI) and reducing the effect of specular reflection on the

images[18]. The LED sources' spectral fluxes,� e;� , shown in Fig3.3, were measured

with a spectrometer (Ocean Optics) and the data was low-passfiltered with a Kaiser

window[142].
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Figure 3.3: Molar attenuation coefficients,"ˆ � •, for Hb, HbO2, and melanin plotted
on a log scale with LED spectral flux probability density functions, � e;� , plotted on a
linear scale.

Each set of three LEDs are soldered in a symmetrical pattern around the camera

aperture to maximize uniformity without additional beam shaping optics. The backside

solder mask of the PCB is removed to expose the copper and is attached to a copper

heatsink with electrically-insulating epoxy (DP240, 3M, St. Paul, MN). Numerous

vias are placed on PCB to ensure a low thermal resistance between the front and

backside copper planes. The LEDs are driven with a switching boost power supply

(Linear Technology, Milpitas, CA) powered by two lithium-ion batteries (Orbtronic,

Saint Petersburg, FL). Each LED color string can be turned on individually with

a custom power level setting. Illumination and image capture is synchronized by a

custom Android application through a Bluetooth-connected microcontroller (MCU,

SparkFun Electronics, Niwot, CO). A block diagram of the system electronics is shown

Fig 3.4[121]. The Android application controls the camera functions, synchronizes

the LED illumination, and sets camera exposure time. Imagesare connected to an

ID assigned to each patient, removing identifiable information from the smartphone.

Screenshots of the app are shown in Fig3.4.
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Figure 3.4: (a) is a block diagram of the dermascope electronics. (b) and (c) display
smartphone app screenshots.

The alternative multispectral dermascope (Fig3.5) is also based on an LG smart-

phone platform but instead utilizes an external USB-connected camera (Omnivision,

Santa Clara, CA, 5 MP, 3673:6 mm� 2738:4 mm) with the vendor-supplied � 2:8 mm

focal length lens adjusted to a working distance of30 mm resulting in an FOV of

27:5 mm� 20 mm. After the borders of 18% reflective card are cropped, the resulting

FOV is 20 mm� 20 mm. Additionally, the integrated infrared (IR) filter was removed.
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Figure 3.5: USB-connected, smartphone-based multispectralimaging system. (a) shows
the handheld imaging module and (b) shows the imaging modulepaired with the
smartphone camera.

As with the first device, the mechanical design of the annulusis matched to the

working distance of the camera, providing in-focus imaging when the device contacts

the patient. This dermascope uses the same LED PCB and wavelengths for illumination

along with orthogonal polarizers in the illumination channel (Edmund Optics) and the

imaging channel (Moxtek, Orem, UT). To help normalize white light image luminance,

an 18% grey color reference (Kodak, Rochester, NY) was permanently installed on

both sides of the image FOV. As before, the LEDs are individually controllable with

a cable that connects the imaging head to the same driver electronics as the other

device. Since the 3d-printed foundation does not need to mount the LED board and

imaging annulus, a previously designed geometry was used for this system[111]. Lastly,

the Android app is modified to use the USB-connected camera instead of the on-board

smartphone camera.
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3.3 Methods

3.3.1 System characterization

Performance of the imaging system's cutoff frequency and field of view were validated

with a 1951 USAF resolution test chart and the MTF was measured using the slanted

edge method[82].

Illumination uniformity was measured by illuminating the matte 18% grey photog-

raphy card with each LED color and imaging the surface with the dermascope. The

uniformity is quantified using the coefficient of variation, (cv) [85] on normalized data,

Uniformity � 1 � cv � 1 �

¼
P N

i � 1 ˆ x i � x• 2

N � 1
1
N P N

i � 1 x i
� 1 �

�
x

; (3.1)

wherex i is the luminance value of each pixel,x is the mean of the pixels in the image,

and � is the standard deviation of the pixel values.

3.3.2 Data processing

The algorithms used to process collected dermal images are provided in Algorithm 1

and 2. Descriptions of the steps and related equations are provided in the following

subsections.

Image collectionWhen the dermascopes are first built, images of an 18% reflective

grey card are collected by each system at each wavelength to serve a both the optical

density (OD) and illumination uniformity references. Whitepaper is not used as the

illuminance of the LEDs and exposure time are fixed, resulting in saturation with a

white paper target.

For dermal image collection, a pilot study was performed on human subjects at

University of Arizona College of Medicine, Division of Dermatology to determine

feasibility of each multispectral dermascope. This study received institutional review
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Algorithm 1 Processing of reference images
1: procedure ProcessReferenceImages (reference images)
2: for all reference imagesdo
3: convert sRGB to linearRGB P eq (3.2)
4: if white light image then
5: convert linearRGB to CIEXYZ P eq (3.3)
6: else if color imagethen
7: convert linearRGB to Yequal P eq (3.4)
8: end if
9: calculate luminance reference P eq (3.5)

10: calculate illumination uniformity reference P eq (3.6)
11: end for
12: return optical density reference images
13: return illumination uniformity images
14: end procedure

Algorithm 2 Processing of dermal images
1: procedure ProcessDermalImages (dermal images)
2: for all dermal imagesdo
3: if USB camerathen
4: correct white light image luminance P eq (3.9)
5: end if
6: convert sRGB to linearRGB P eq (3.2)
7: correct by illumination uniformity P eq (3.7)
8: if white light image then
9: convert linearRGB to CIEXYZ P eq (3.3)

10: convert CIEXYZ to CIELAB P eqs (3.12), (3.13)
11: else if color imagethen
12: convert linearRGB to Yequal P eq (3.4)
13: calculate optical density P eq (3.8)
14: calculate melanin content P eq (3.14)
15: calculate erythema P eq (3.15)
16: solve chromophore concentration P eq (3.21)
17: end if
18: end for
19: end procedure
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board (IRB) approval (#1612067061). All patients provided informed written and

oral consent.

Colorspace conversionsThe melanin content, erythema, and chromophore concentra-

tion measurements rely on conversion to the CIELAB and CIEXYZ colorspaces. The

imaging systems natively capture in the sRGB colorspace andthe images are first

converted to linear RGB space[143]:

Clinear �

¢̈
¨̈̈
¦
¨̈̈
¤̈

CsRGB

12:92
CsRGB B0:04045

‹
CsRGB � 0:055

1 � 0:055
•

2:4

CsRGB A0:04045
(3.2)

where CsRGB is each channel of theI sRGB image. Images are then converted from

RGBlinear to CIEXYZ using the transformation matrix [143],

<@@@@@@@>

X

Y

Z

=AAAAAAA?

�

<@@@@@@@>

0:4124 0:3576 0:1805

0:2126 0:7152 0:0722

0:0193 0:1192 0:9505

=AAAAAAA?

�

<@@@@@@@>

Rlinear

Glinear

B linear

=AAAAAAA?

(3.3)

Here, theY is the luminance value and is used to calculate optical densities (OD)

from the dermis images and reference. Luminance is a measure that scales optical

radiation by the response of the human visual system (HVS)[144]. Since the images

will be processed by a computer, accurate color representation for a human is not

required so an additional luminance measure,Yequal, is created using the equal sum of

all three channels,

Yequal � � 1 1 1� �

<@@@@@@@>

Rlinear

Glinear

B linear

=AAAAAAA?

(3.4)

Reference and illumination uniformity correction Using the reference images that have

been converted to CIEXYZ or Yequal, reference luminance images are calculated as

I 0 �
Y ref

Y ref
Y ref (3.5)
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where Y ref is the Y (luminance) channel of the CIEXYZ image or Yequal. The

illumination uniformity corrected image is multiplied by the mean of the original

image to maintain the same mean luminance across the image. Thereference greyscale

image is normalized to serve as the illumination reference for the dermal images

U �
Y ref

maxˆY ref •
(3.6)

whereU is now the illumination uniformity correction matrix.

The dermal CIEXYZ and Yequal images are corrected in the same way

I dermal �
I dermal

U
U (3.7)

where I dermal is the illumination uniformity corrected dermal image with constant

mean luminance. Finally, optical density dermal images are calculated as

OD � � log‹
I
I 0

• (3.8)

Lastly, the USB dermascope has sections of 18% grey photography card mounted

on either side of the FOV (Fig3.5). Knowing the card should image to equal 50%

levels of RGB, the luminance of the white light image can be scaled using

I dermal � I dermal
0:5

Ygrey
(3.9)

Melanin and erythemaTo measure melanin content and erythema, the white light

image is converted to the CIELAB[84] colorspace, using lightness (L‡) as a measure of

relative melanin content and the direction of red color stimuli ( a‡) as the measure

of redness, with more positive values indicating higher levels of erythema[145]. Before

converting to CIELAB, normalization constants must be calculated from the white LED

spectral content. Using the color matching functions[146], xˆ � •, yˆ � •, zˆ � • (Fig 3.6),

X , Y, and Z are calculated as[84]

X � S
780 nm

380 nm
xˆ � •� e;� d� ; Y � S

780 nm

380 nm
yˆ � •� e;� d� ; Z � S

780 nm

380 nm
zˆ � •� e;� d�

(3.10)
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where� e;� is the relative spectral flux of the white LED source as shownin Fig 3.3.

The normalization constantsX n, Yn, and Zn are calculated by

X n �
X
Y

; Yn �
Y
Y

; Zn �
Z
Y

(3.11)

The image is then converted to CIELAB by[84]

L‡ � 116f ‹
Y
Yn

• � 16

a‡ � 500� f ‹
X
X n

• � f ‹
Y
Yn

•� (3.12)

b‡ � 200� f ‹
Y
Yn

• � f ‹
Z
Zn

•�

where

f ˆx• �
¢̈
¨
¦
¨̈
¤

x1~3 x Aˆ24~116•3

ˆ841~108•x � 16~116 x Bˆ24~116•3
(3.13)

Figure 3.6: Color matching curves used to determine normalization constants to convert
to CIELAB along with the white LED spectrum.

In addition to the white light image measures, melanin and erythema measures can

be constructed from the color optical density images. Melanin content is calculated as

melanin � OD470 � OD940 (3.14)

following similar, previously used equations[131,147] but updated to the use the span of

wavelengths in these systems. Erythema is calculated as

erythema� OD470 � OD660 (3.15)
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again informed by previous work[148] and modified for our expanded wavelength range.

Chromophore concentrationThe Beer-Lambert law is utilized to measure the relative

concentrations of deoxy-hemoglobin (Hb), oxy-hemoglobin (HbO2), and melanin[132,137,149{ 151],

where

I ˆ � • � I 0ˆ � • exp�cn " ˆ � • `ˆ � •� (3.16)

whereI is the resulting intensity, I 0 is the incident intensity, cn is the concentration

of the chromophore,"ˆ � • is the molar attenuation coefficient of the chromophore at a

particular wavelength, and`ˆ � • is the optical path length of the light in the medium

for the incident wavelength. This can be restated as opticaldensity where

OD � � logŒ
I ˆ � •
I 0ˆ � •

‘ � cHb "Hb ˆ � • `ˆ � • � cHbO 2 "HbO 2 ˆ � • `ˆ � •

� cmelanin "melanin ˆ � • `ˆ � • � cbackground

(3.17)

The molar extinction coefficients for Hb and HbO2 [67], and melanin[152] are shown in

Fig 3.3. Jacques'"melanin
[152] is fit with an exponential curve to extend the wavelength

to 1000 nm, resulting in a fit of

"melanin � 2:2858� 104 exp‰� 5:5028� 10� 3 � Ž (3.18)

Optical path lengths, `ˆ � •, for the chromophores are calculated from a linear fit of

Anderson's data[153] in the region of the illumination wavelengths,

`ˆ � • � 2:62� 10� 4 � � 986:64� 10� 2 (3.19)

where� is in units of nm and `ˆ � • is in units of cm.

Since the LEDs are broader spectrum than a laser source, we can both integrate

over the wavelength range to calculate a total molar attenuation coefficient[154,155] for

each color LED as in

" total � S � e;� ˆ � • " ˆ � • d� (3.20)
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and use the molar attenuation coefficient at the peak wavelength and compare both

methods. The resulting molar attenuation coefficients for all the chromophores are

provided in Table 3.1.

Table 3.1: Molar extinction coefficients calculated usingeq (3.20)

Wavelength Hb HbO2 Melanin

450 199863.9 82746.6 1921.7

470 35937.0 36662.4 1705.6

500 26658.5 25521.2 1392.1

530 37823.8 34851.3 1241.3

580 22606.3 13258.3 869.2

660 3380.1 351.8 610.5

810 845.0 811.8 281.2

940 655.6 1184.8 141.6

A system of equations can be built from the multispectral datacube

<@@@@@@@@@@@@@>

"Hb ˆ � 1• `ˆ � 1• "HbO 2 ˆ � 1• `ˆ � 1• "melanin ˆ � 1• `ˆ � 1• 1

"Hb ˆ � 2• `ˆ � 2• "HbO 2 ˆ � 2• `ˆ � 2• "melanin ˆ � 2• `ˆ � 2• 1

"Hb ˆ � 3• `ˆ � 3• "HbO 2 ˆ � 3• `ˆ � 3• "melanin ˆ � 3• `ˆ � 3• 1

� � � �

"Hb ˆ � n• `ˆ � n• "HbO 2 ˆ � n• `ˆ � n• "melanin ˆ � n• `ˆ � n• 1

=AAAAAAAAAAAAA?

<@@@@@@@@@@>

cHb

cHbO 2

cmelanin

cbackground

=AAAAAAAAAA?

�

<@@@@@@@@@@@@@>

ODˆ� 1•

ODˆ� 2•

ODˆ� 3•

�

ODˆ� n•

=AAAAAAAAAAAAA?
(3.21)

and solved by linear algebra least squares techniques[149] whereODˆ� n• are calculated

optical density matrices for each illumination wavelength.

3.4 Results

3.4.1 System performance

Fig 3.7 provides full-field and zoomed 1951 USAF resolution test chart images af-

ter cropping along with measured MTF data using the slanted edge test for both
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dermascopes.

Figure 3.7: Smartphone camera [(a), (b), (c)] and USB camera [(d), (e), (f)] results
of 1951 USAF resolution test chart imaging along with measuredMTFs from a
slanted edge test. The smartphone camera's measured MTF matches the USAF cutoff
frequency of group 5{6 (57 lp~mm). The USB camera's measured MTF matches the
USAF cutoff frequency of group 3{6 (14:25 lp~mm).

Maps of the illumination uniformities of both systems are provided in Fig 3.8 and

the coefficient of variations in Table3.2.
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Figure 3.8: Normalized luminance maps of each device and each illumination wavelength

Table 3.2: LED illumination coefficients of variation

Wavelength Smartphone camera USB camera

white 0.954 0.880

450 0.974 0.980

470 0.982 0.977

500 0.935 0.969

530 0.977 0.955

580 0.980 0.949

660 0.916 0.972

810 0.852 0.900

940 0.907 0.870

3.4.2 CIEXYZ normalization

The CIEXYZ normalization constants calculated from the whiteLED spectrum for

the two dermascopes are
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Table 3.3: Measured CIEXYZ normalization constants for both dermascopes

Smartphone camera USB camera

X n 82.873 82.846

Yn 100.000 100.000

Zn 34.567 48.757

3.4.3 Clinical results

Following are the RGB, chromophore mapping, melanin, and erythema measures for

cases of junctional nevus and squamous cell carcinoma (SCC)captured with both the

USB dermascope (Figs3.9 and 3.11) and smartphone dermascope (Figs3.10and 3.12).

Figure 3.9: Junctional nevus imaged by the USB dermascope showing (a) RGB images
after illumination uniformity correction, (b) chromophore concentrations, and (c)
lightness as measured byL‡, redness as measured bya‡, melanin calculated from
eq (3.14), and erythema calculated from eq (3.15)
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Figure 3.10: Junctional nevus imaged by the smartphone dermascope showing (a)
RGB images after illumination uniformity correction, (b) chromophore concentrations,
and (c) lightness as measured byL‡, redness as measured bya‡, melanin calculated
from eq (3.14), and erythema calculated from eq (3.15)

Figure 3.11: Squamous cell carcinoma imaged by the USB dermascope showing (a)
RGB images after illumination uniformity correction, (b) chromophore concentrations,
and (c) lightness as measured byL‡, redness as measured bya‡, melanin calculated
from eq (3.14), and erythema calculated from eq (3.15)
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Figure 3.12: Squamous cell carcinoma imaged by the smartphone dermascope showing
(a) RGB images after illumination uniformity correction, (b) chromophore concen-
trations, and (c) lightness as measured byL‡, redness as measured bya‡, melanin
calculated from eq (3.14), and erythema calculated from eq (3.15)

3.5 Discussion

The distribution of multispectral dermascopes based on smartphone platforms and

low-cost color LEDs to PCPs (and eventually to consumers) has the potential to

democratize dermal chromophore and melanoma mapping along with erythema moni-

toring, improving quantitative monitoring of lesions and increasing early detection of

skin cancers.

This platform demonstrates a number of advantages comparedto previous sys-

tems targeting chromophore mapping and skin cancer screening[129,130,132,133,135,137{ 139].

The smartphone platform is a compact, low-cost, portable, easy-to-use system with

native image capture and processing capabilities, removingthe need for expensive,

clinical-grade imaging systems[132{ 134]. The platform is flexible enough to use the

embedded camera for imaging or a separate USB-connected camera, depending on the

desired ergonomics of the user. Both system implementations can still use the built-in
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smartphone camera for wide-field, white-light, dermal imaging (the annulus in Fig3.1

can be removed). In these implementations, the smartphone camera can also be used

for large area image capture either by using the smartphone-camera-based dermascope

with the imaging annulus removed or by using the USB-camera-based-dermascope's

host smartphone.

The use of low-cost, compact, high-power, high-efficacy, surface mount LEDs

improves on the costs and complexities associated with laser-based[137,139], interference-

filter-based[129,130,135], and spectrometer-based[136,138] systems. While these systems

likely allow for better discrimination due to their narrow-bandwidth sources or detection

schemes, the costs involved (with possibly the exception of the laser-based systems)

are prohibitive. High-reliability LEDs are available in myriad wavelengths to probe

the various points along the chromophore molar attenuation curves (Fig 3.3) and can

be powered with simple driving circuits. Surface mount packages remove the bulk

of TO-can-packaged (or larger packages) necessary for edgeemitting lasers and the

broad wavelength selection is wider than that of surface mount laser packages such as

VCSELs. The cost of LED sources compared to laser sources forinterference filters

allows the use of multiple wavelengths in a single system while keeping bill of materials

(BOM) costs low.

For the smartphone dermascope, the measured MTF performance matches both

the predicted diffraction-limited performance and the cutoff frequency measured with

the USAF target where group 5{6 (57 lp~mm) is resolvable. The USB dermascope's

measured MTF performance also matches the predicted diffraction-limited performance

where USAF target group 3{6 (14:25 lp~mm) is resolvable (optical system numerical

aperture (NA) is estimated to be 0.004 based on the slanted edge measurement). Full

specifications of the imaging lens are not provided by the manufacturer, precluding

more accurate estimation of diffraction-limited performance. As shown in the dermal

images, both dermascopes demonstrate sufficient image quality for most reasonably

sized lesions being able to resolve features as small as17µm for the smartphone
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dermascope and 70µm for the USB dermascope.

Illumination uniformity is greater than 85% for all wavelengths with both dermas-

copes and is easily corrected in the image processing algorithms. Revised systems

could integrate a diffuser[139] to increase illumination uniformity considering the LEDs

are currently run far below maximum power.

Initial testing of the systems is promising as both systems were able to capture

full datasets and return similar results of relative chromophore concentrations across

multiple dermal lesions. Additionally, relative melanin content and erythema as

measured through the CIELAB white light images and OD color images agreed

between systems and are reasonable based on visual examination except in the case of

the redness measure and erythema measure in Figs3.9 and 3.10.

To validate the system, a full clinical trial of longitudinal data will be necessary

with multiple types of skin lesions in addition to testing patients with a wide range of

baseline melanin levels[156].

A number of improvements could be made to the systems before conducting a large

scale clinical trial. Currently the system processing doesnot incorporate color-to-color

image registration. The effects of this are most readily seen in Figs 3.11 and 3.12

where the border markings do not completely overlap. Image capture of a full dataset

takes about 20 seconds. Increasing capture speed would reduce the likelihood for

image blur between images, easing the need for color-to-color image registration while

faster image capture would also increase patient comfort. Ifimage capture is not able

to increase, having the clinician deliberately add the markings would likely improve

registration as they provide high contrast, well-defined features to extract.

The USB dermascope could benefit from an improved lens design. Future systems

could better take advantage of two-rear-camera smartphones and add stereoscopic 3D

imaging to its analyses, provided a topography of the skin lesion. Alternatively, the

dual cameras could provide two FOVs or two NAs for imaging flexibility.

Additional illumination optics such as diffusers[139] could increase illumination
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uniformity. The LED board was originally designed to take advantage of the dual

cameras of the LG G5 but reducing the center aperture of the LED board could

increase illumination uniformity and reduce system size.

The processing algorithms are currently implemented in Python on an external

computer. Eventually, the algorithms should be implemented directly in the app

for ease of access and in a low-level language such as C/C++ for increased speed.

Additional measures could be added such as blood contrasts[131] and oxygenation

percentages[157]. Lastly, once a full clinical dataset is available along with biopsy

results, a full classification algorithm should be built using machine learning, principal

components analysis (PCA), or similar tools[23,140,141,158].

3.6 Conclusion

Described are two geometries of smartphone-based dermascopes for dermal lesion

screening and erythema monitoring using MSI and PWLI. These devices augment the

capabilities of PCPs, with the potential of earlier detection of melanoma and NMSC

along with quantitative monitoring of erythema. The combination of LED sources,

3d-printing, and smartphone-based imaging enables the creation of low-cost, feature-

rich, easy-to-use medical imaging devices using either thesmartphone camera or a

USB-connected camera. While initial results are promising, alongitudinal clinical trial

along with histopathology gold-standards will be necessary to validate the diagnostic

performance of the devices across multiple lesion types andskin types.
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Chapter 4

Conclusion

We have demonstrated a number of smartphone-based devices targeting the detection

of oral and skin lesions. We have designed modules for both whole mouth and intraoral

AFI and (P)WLI for oral cancer screening using either the smartphone's embedded

camera or an external USB-connected camera module. Two dermascope geometries

were also demonstrated (also using either the smartphone's embedded camera or a

USB-connected camera) for MSI of dermal lesions or erythema.

With the whole mouth module and intraoral probe with extendedfield testing, we

found good sensitivity, specificity, PPV, and NPV (0.85, 0.89, 0.88, 0.85, respectively)

results compared to the gold-standard on-site specialist. Asthe field trial is extended

to the new handheld probe, the improvements compared to the previous intraoral

probe should lead to an increase in the number of quality images due to both the

extended depth of field and the smaller form factor. Additional images will improve the

CNN's training and hopefully its sensitivity, specificity, PPV, and NPV performance.

Additionally, the screening will be able to capture additional, previously inaccessible

areas of the oral cavity and oropharynx.

If further testing reveals a strong desire for using the embedded smartphone camera

rather than the USB-connected camera, we have a reference design for an intraoral

probe with reduced16 mm cross section,60° full field of view, and 70° fold mirror

for imaging flexibility. The working distance should be optimized based on further

feedback from clinicians. This probe utilizes similar LEDsfor AFI and WLI along with

a freeform lens for more uniform illumination. The optical prescription is provided in

Table 4.1 with the sag of the aspheric surfaces defined using an even polynomial

z �
c r2

1 �
»

1 � ˆ 1 � k•c2r 2
� � 2 r 4 � � 3 r 6 � � 4 r 8 � � 5 r 10 (4.1)
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wherer is the radial distance from the optical axis,c is the curvature (1
R ), k is the

conic constant, and the� 's define the coefficients of the evenr -polynomial. System

images and modeling outputs are shown in Fig4.1.

Surface Material Radius Thickness Conic �
Obj air infinity 25 :000
1 PMMA � 5:162 1:250
2 air 3:413 13:083
STO N-BK7 infinity 1 :000
4 air infinity 0 :222
5 PMMA � 15:359 2:000
6 air � 22:983 28:314 � 24:986
7 N-SF5 46:140 1:500
8 N-BK7 15:980 2:500
9 air � 22:160 65:000
10 N-SK11 22:940 3:680
11 N-SF5 � 15:540 1:500
12 air � 58:840 26:000
13 PMMA 3:179 2:300 � 0:740 � 2: � 1:324� 10� 3

� 3: 1:967� 10� 3

� 4: � 6:412� 10� 4

� 5: 1:623� 10� 4

14 air � 6:033 2:650 2:568 � 2: � 4:811� 10� 3

� 3: 4:688� 10� 3

� 4: � 2:099� 10� 3

� 5: 6:044� 10� 4

15 smartphone camera

Table 4.1: Endoscope probe system prescription
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Figure 4.1: Potential smaller form factor intraoral probe using the smartphone's
embedded camera. (a) is a section view of the intraoral probeshowing the 3d-printed
structure for mounting the lenses, folding mirror, LEDs, and freeform illumination
lens. The brass-colored section is a 3d-printed bass piece that serves as a heatsink
for the LEDs along with a mount for the folding mirror, emission filter, and two of
the lenses in the optical train. (b) shows a rendering of the entire system with the
probe installed. (c) is a layout of the optical system combining custom optics with
off-the-shelf achromats, (d) is the theoretical performance of the imaging system, (e)
is a rendering of the freeform lens to provide more uniform illumination at the tissue
plane. (f) is the modeled uniformity of the violet illumination.

Additional testing is needed to validate the multispectral dermascopes. The number

and values of wavelengths used should be optimized. If the number of wavelengths could

be decreased while maintaining screening fidelity, image capture time would decrease,

a benefit to both the physician and patient. Additionally, the relative chromophore

measures need to be correlated to a known reference. With the device performance

confirmed, extensive clinical testing is needed to captureimages of a wide variety

of lesions of patients with varying baseline melanin levels. Construction of a large
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image database with corresponding diagnoses would enable aCNN to be trained and

validated. Development of these devices should continue asthey could serve as critical

devices for PCPs to screen patients at risk for melanoma and non-melanoma skin

cancer.

The technologies used here can be applied to additional cancer screening needs such

as cervical cancer. Researchers at Duke University[159,160] pioneered a tampon-shaped

colposcope. This work could be potentially upgraded with the integration of two

camera modules having the potential to either provide two different fields of view or

enabling stereoscopic 3D imaging. The reference design forthis colposcope is shown

in Fig 4.2. This device will require a revision to the design to decrease the diameter

for patient comfort.

Figure 4.2: Colposcope prototype device showing (a) the fulldevice with cabling that
attaches to smartphone and LED driving electronics and (b) the front face of the
device with window removed demonstrating lines of white andgreen LEDs mounted
on a copper heatsink also serving as a mount for two USB-connected cameras.

As software (CNN training, ML algorithms) and hardware (3d printing of dissimilar

materials together, 3d printing of optical lenses, higher brightness LEDs, lower cost

optical filters) technologies continue to improve, low-cost smartphone- or USB-camera

based systems can advance in tandem, leading to improved sensitivity, specificity, NPV,

and PPV. Challenges exist with improving the devices to FDA required quality and

bringing them to market. However, the initial results are promising and the technical
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challenges manageable. The ultimate goal of these tools becoming effective at primary

diagnosis seems within reach.
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