(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
07 September 2018 (07.09.2018)

(10) International Publication Number

WO 2018/160963 A1l

WIPO I PCT

(51) International Patent Classification:

Texas 75201 (US). THATCHER, Jeffrey, E.; 2515 McK-

A61B 5/00(2006.01) A61B 5/145 (2006.01) inney Avenue, Suite 1000, Dallas, Texas 75201 (US).
;‘25 sz éz(gggg (1))1) AB1B 5/1455 (2006.01) (74) Agent: ALTMAN, Daniel, E.; KNOBBE, MARTENS,
OLSON & BEAR, LLP , 2040 Main Street , 14th Floor,
(21) Imternational Application Number: Irvine, California 92614 (US).
PCT/US2018/020661 (81) Designated States (unless otherwise indicated, for every
(22) International Filing Date: kind of national protection available): AE, AG, AL, AM,
02 March 2018 (02.03.2018) AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
(25) Filing Language: Fnglish CA,CH,CL,CN,CO,CR,CU, CZ,DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
(26) Publication Language: English HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
o KR,KW,KZ,LA,LC,LK,LR,LS, LU, LY, MA, MD, ME,
(30) Priority Data: MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
62/465,956 02 March 2017 (02.03.2017) Us OM. PA. PE, BG, PIL PL. PT. OA. RO, RS, RU, RW. SA.
(71) Applicant: SPECTRAL MD, INC. [US/US]; 2515 McK- SC, 8D, SE, 8G, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
inney Avenue, Suite 1000, Dallas, Texas 75201 (US). TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.
(72) Inventors: FAN, Wensheng; 2515 McKimmey Avenue, (84) Designated States (unless otherwise indicated, for every

Suite 1000, Dallas, Texas 75201 (US). DIMAIO, John,
Michael; 2515 McKinney Avenue, Suite 1000, Dallas,

kind of regional protection available): ARIPO (BW, GH,
GM,KE, LR, LS, MW, MZ,NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,

(54) Title: MACHINE LEARNING SYSTEMS AND TECHNIQUES FOR MULTISPECTRAL AMPUTATION SITE ANALY SIS

2300—\
2305 ~
(n
GPU(S)
[ Q 2340
le
ls -
In L2325
N MACHINE LEARNING CLASSIFIER
2310
.. 2330
2535

wo 20187160963 A1 | I0K 00000 OO

FIG. 23A

(57) Abstract: Certain aspects relate to apparatuses and techniques for non-invasive and non-contact optical imaging that acquires a
plurality of images corresponding to both different times and different frequencies. Additionally, alternatives described herein are used
with a variety of tissue classification applications including assessing the presence and severity of tissue conditions, such as necrosis
and small vessel disease, at a potential or determined amputation site.

[Continued on next page]



WO 2018/160963 A1 { I 1000 0 0 TR r

TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FL, FR, GB, GR, HR, HU, IF, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Declarations under Rule 4.17:

— as to applicant’s entitlement to apply for and be granted a
patent (Rule 4.17(i1))

— as to the applicant’s entitlement to claim the priority of the
earlier application (Rule 4.17(iii))

Published:
—  with international search report (Art. 21(3))



WO 2018/160963 PCT/US2018/020661

MACHINE LEARNING SYSTEMS AND TECHNIQUES FOR MULTISPECTRAL
AMPUTATION SITE ANALYSIS

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] The present application claims the benefit under 35 U.S.C. § 119(e) of
U.S. Provisional Patent Application No. 62/246,956, filed on March 2, 2017, entitled
“SYSTEMS AND MACHINE LEARNING TECHNIQUES FOR AMPUTATION SITE
ANALYSIS,” the contents of which are hereby incorporated by reference herein in their

entirety.

STATEMENT REGARDING FEDERALLY SPONSORED R&D
[0002] Some of the work described in this disclosure was made with United
States Government support under Contract No. HHSO100201300022C, awarded by the
Biomedical Advanced Research and Development Authority, within the Office of the
Assistant Secretary for Preparedness and Response in the U.S. Department of Health and

Human Services. The United States Government may have certain rights in this invention.

TECHNICAL FIELD
[0003] The systems and methods disclosed herein are directed to non-invasive
clinical imaging, and, more particularly, to noninvasive imaging of subdermal blood flow,

diffuse reflectance spectroscopy, and computer-aided diagnosis.

BACKGROUND

[0004] Optical imaging is an emerging technology with potential for improving
disease prevention, diagnosis, and treatment at the scene of an emergency, in the medical
office, at the bedside, or in the operating room. Optical imaging technologies can
noninvasively differentiate among tissues, and between native tissues and tissue labeled with
either endogenous or exogenous contrast media, measuring their different photon absorption
or scattering profiles at different wavelengths. Such photon absorption and scattering
differences offers potential for providing specific tissue contrasts, and enables studying

functional and molecular level activities that are the basis for health and disease.
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SUMMARY

[0005] Aspects of the invention described herein relate to devices and methods
that can be used to classify tissue regions at or near an amputation site using non-contact,
non-invasive, and non-radiation optical imaging. Such devices and methods may, for
example, identify tissue regions corresponding to different tissue health classifications
relating to small vessel disease and can output a mapping of the identified regions for use by
a clinician in determining a level or tissue position for amputation. Such devices and
methods may, in some alternatives, identify a recommended amputation level or region of
predicted optimal amputation sites and output the recommendation, for example with the
tissue classification mapping. There has been a long felt need for non-invasive imaging
techniques that can provide physicians with information for quantitatively selecting the
appropriate level of amputation.

[0006] Approximately 185,000 lower extremity amputations occur every year in
the US, and over 2 million American adults are amputees. The most significant risk factor
for amputation is severe peripheral artery disease (PAD), called critical limb ischemia (CLI),
with or without diabetes mellitus (DM), which accounts for well over half of all amputations,
termed dysvascular amputations. Patients with DM have a 10-fold increased risk for lower
extremity amputation over the general population, with over 60,000 amputations occurring
annually for diabetic lower-extremity ulcers. Approximately 30 people per 100,000
individuals per year require amputation secondary to dysvascular disease, and due to the
aging population of the US, this incidence is expected to increase by 50% over the next
decade.

[0007] The costs, fiscal and otherwise, of limb amputation on the US healthcare
system annually are immense. In one study of the Veterans Affairs (VA) system alone, the
cost burden associated with diabetes-related limb loss was over $200 million
($60,647/patient) in a single year (FY2010). The hospital-associated costs for all lower
extremity limb amputation in the US cost totaled $8.3 billion in FY2009, with the lifetime
cost of a major amputation, including rehabilitation and prosthetics costs, approximately
$500,000/patient. In addition to the heavy fiscal burden of limb amputations, patients

experience significant morbidities and reduction in quality of life as a result of their
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amputations. Most importantly, the functional status of these patients is challenged, with only
25% of major lower extremity CLI amputees able to ambulate with a prosthetic outside of
their home. With progressively proximal levels of amputation, likelihood of successful
rehabilitation to ambulatory status decreases due to the increased energy cost associated with
increasing tissue loss.

[0008] Despite the obvious preference to salvage as much limb tissue as possible
during amputation, surgeons must balance against the likelihood of primary wound healing at
a given level of amputation (LOA), which decreases with more distal amputations. Selection
of appropriate LOA is determined primarily by clinical judgment of the surgeon (using
patient history and physical exam, including color, temperature, peripheral pulses, and
wound bleeding during procedure with knowledge of clinical factors such as diabetes,
smoking, nutrition, etc.), possibly in conjunction with a variety of non-invasive tests
designed to quantitate tissue blood flow and/or oxygenation (ankle-brachial index [ABI],
transcutaneous oxygen measurement [TCOM], or skin perfusion pressure [SPP]). However,
one study demonstrated that 30% of patients with normal ABIs required re-amputation after
primary forefoot amputation. This suggests that assessing macrovascular flow alone is not
sufficient to predict amputation success. In the same study, nearly 50% of patients who
received concurrent revascularization required reamputation as well, despite the extra effort
to revascularize the distal extremity. This suggests that assessing macrovascular flow alone is
not sufficient to predict amputation success. Therefore, several tests (i.e., transcutaneous
oxygen measurement [TCOM]) have been developed to evaluate local tissue microcirculation
and have been used clinically in an attempt to guide selection of LOA. Although TCOM
initially showed promise in identifying likelihood of primary wound healing after
amputation, controversy still remains regarding its utility because no sufficiently large,
powered studies have been completed to define TCOM’s role in clinical practice. Moreover,
TCOM measurements are affected by physiologic conditions such as temperature, and
TCOM electrodes are only able to analyze a small area of skin. Thus, TCOM has not been
adopted into routine clinical practice even though this technology been available for decades.
These modalities have had limited success as the sensitivity of perfusion assessment has

never been demonstrated to supersede clinical judgment alone.
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[0009] Given the challenging balance between maximizing tissue preservation
and minimizing risk for non-healing primary wounds as well as a primary reliance on clinical
judgment to determine the appropriate LOA, reported rates of re-amputation are in no way
optimal. Re-amputation rates vary depending on initial level of amputation, from
approximately 10% of above-the-knee (AKA) amputations to 35% of amputations at the foot
reamputation to a more proximal level. Limited data capturing the direct costs of re-
amputation are currently available, but clearly a significant portion of the billions of dollars
spent annually on care associated with CLI amputation is accounted for by costs associated
with reamputation, hospital readmission, and essentially ineffective wound care efforts
between the index procedure and reamputation. Delayed and failed primary healing expose
patients to increased risks, including infection, for morbidity and mortality. Moreover,
delayed and failed primary wound healing after the index amputation procedure severely
impacts patient quality of life. Patients requiring amputation revision are delayed to physical
rehabilitation and in acquiring prosthetics to allow for a return to ambulatory status. These
patients also have increased contact with the healthcare system and often undergo additional
wound care therapy prior to revision, efforts that could have been avoided with proper initial
selection of LOA. Finally, although rates of re-amputation are abundantly reported, no
investigations have been published regarding how often physician awareness of the risk for
re-amputation leads to overly aggressive selection of LOA to more proximal levels. Indeed, it
is feasible that certain patients may receive amputations at a level more proximal to that
which is necessary because their surgeon could not confidently predict a high likelihood of
healing at the more distal level. A device to guide decision-making regarding LOA therefore
has the potential to reduce rates of re-amputation as well as to spare tissue for patients facing
major amputations.

[0010] There are currently no gold-standard tests to determine the healing
capacity of the primary wound after amputation in patients with CLI. Many have attempted
to find such a gold-standard by local evaluation of the tissue microcirculation alone. Several
instruments that are known to accurately determine the perfusion and oxygenation of the skin
tissue have been tested in this setting, including TCOM, SPP, and laser Doppler. Yet,
microcirculation assessment alone has not resulted in a sufficiently accurate assessment of

tissue healing capacity to replace clinical judgment when selecting LOA. Therefore,
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characterizing the local perfusion and oxygenation of the skin is clearly not enough
information to quantify the healing potential of the tissue. What these technologies have all
failed to include in their prognostics are the systemic effects of comorbidities that also impact
wound healing potential. In fact, nearly two decades ago, one author concluded, regarding
selection of appropriate level of amputation in a review of factors affecting wound healing
after major CLI amputation that, “there will be no ‘golden standard test’ to predict the
likelihood of healing after a major amputation, since it is not only the tissue blood flow that
is related to wound healing. All other factors mentioned in this review [smoking, nutrition,
diabetes mellitus, and infection] may also be of importance. The combination of clinical
judgment and various tests therefore will be the commonest approach.”

[0011] Despite that author’s prediction, the disclosed technology includes an
imaging device with the capability to integrate information gleaned from objective tests
characterizing the physiology of tissue blood flow with important patient health metrics. The
aforementioned problems, among others, are addressed in some embodiments by the machine
learning techniques (also known as artificial intelligence, computer vision, and pattern
recognition techniques) of the present disclosure that combine optical microcirculatory
assessment with overall patient health metrics to generate prognostic information. Using this
method, the disclosed devices can provide a quantitative assessment of wound healing
potential whereas the current clinical practice standards are only capable of qualitative
assessment. The disclosed technology can accurately identify the tissue healing potential at
the amputation site to assist the physician's selection of the optimal LOA.

[0012] Accordingly, one aspect relates to a tissue classification system
comprising at least one light emitter configured to emit light sequentially at each of a
plurality of wavelengths to illuminate a tissue region, each of the at least one light emitter
being configured to emit spatially-even light; at least one light detection element configured
to collect the light reflected from the tissue region after being emitted from the at least one
light emitter; one or more processors in communication with the at least one light emitter and
the at least one light detection element and configured to: select, based on at least one patient
health metric value, a classifier from a plurality of classifiers each trained from a different
subset of a set of training data, the training data of the selected classifier including data from

other patients having the at least one patient health metric value; control the at least one light
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emitter to sequentially emit each of the plurality of wavelengths of light; receive a plurality
of signals from the at least one light detection element, a first subset of the plurality of
signals representing light sequentially emitted at the plurality of wavelengths reflected from
the tissue region, and a second subset of the plurality of images representing light of a same
wavelength reflected from the tissue region at a plurality of different times; generate, based
on at least some of the plurality of signals, an image having a plurality of pixels depicting the
tissue region; for each pixel of the plurality of pixels depicting the tissue region determine,
based on the first subset of the plurality of signals, a reflectance intensity value at the pixel at
each of the plurality of wavelengths, determine, based on the second subset of the plurality of
signals, a PPG amplitude value at the pixel, and determine a classification of the pixel by
inputting the reflectance intensity value and PPG amplitude value into the selected classifier,
the classification associating the pixel with one of a plurality of tissue categories; and
generate, based on the classification of each pixel, a mapping of the plurality of tissue
categories over the plurality of pixels depicting the tissue region.

[0013] In some embodiments, the one or more processors are configured to output
a visual representation of the mapping for display to a user. In some embodiments, the visual
representation comprises the image having each pixel displayed with a color selected based
on the classification of the pixel, wherein pixels associated with each of the plurality of tissue
categories are displayed in different colors.

[0014] In some embodiments, the plurality of tissue categories comprise a viable
tissue category, a necrotic tissue category, and a tissue having small vessel disease category.
In some embodiments, generating the mapping comprises identifying regions of the plurality
of pixels depicting the tissue region associated with each of the viable tissue category, the
necrotic tissue category, and the tissue having small vessel disease category. In some
embodiments, the one or more processors are configured to output the image for display,
wherein the plurality of pixels depicting the tissue region are displayed in different colors
corresponding to the identified regions. In some embodiments, the one or more processors
are configured to determine, based on the identified regions, a recommended location of an
amputation.

[0015] In some embodiments, the one or more processors are configured to

determine, based on the plurality of signals, a melanin index of the tissue region. In some
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embodiments, the one or more processors are configured to select the classifier based on at
least the melanin index.

[0016] Another aspect relates to a tissue classification method comprising
selecting, based on at least one patient health metric value, a classifier from a plurality of
classifiers each trained from a different subset of a set of training data, the training data of the
selected classifier including data from other patients having the at least one patient health
metric value; receiving a plurality of signals from at least one light detection element
positioned to receive light reflected from a tissue region, a first subset of the plurality of
signals representing light sequentially emitted at a plurality of wavelengths reflected from the
tissue region, and a second subset of the plurality of images representing light of a same
wavelength reflected from the tissue region at a plurality of different times; generating, based
on at least a portion of the plurality of signals, an image having a plurality of pixels depicting
the tissue region; for each pixel of the plurality of pixels depicting the tissue region
determining, based on the first subset of the plurality of signals, a reflectance intensity value
at the pixel at each of the plurality of wavelengths, determining, based on the second subset
of the plurality of signals, a PPG amplitude value at the pixel, and determining a
classification of the pixel by inputting the reflectance intensity value and PPG amplitude
value into the selected classifier, the classification associating the pixel with one of a
plurality of tissue categories; and generating, based on the classification of each pixel, a
mapping of the plurality of tissue categories over the plurality of pixels depicting the tissue
region.

[0017] Some embodiments further comprise determining, based on the plurality
of signals, a melanin index of the tissue region. Some embodiments further comprise
selecting the classifier based on at least the melanin index.

[0018] In some embodiments, wherein generating the mapping comprises
identifying regions of the plurality of pixels depicting the tissue region associated with each
of the viable tissue category, the necrotic tissue category, and the tissue having small vessel
disease category. Some embodiments further comprise outputting the image for display,
wherein the plurality of pixels depicting the tissue region are displayed in different colors,

patterns, or other suitable visual representations corresponding to the identified regions.
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[0019] Another aspect relates to a method of identifying a recommended location
of an amputation, the method comprising selecting a patient having a tissue region in need of
amputation; programmatically controlling, via one or more hardware processors, an imaging
system to capture data representing a plurality of images of the tissue region, the data
representing the plurality of images including a first subset each captured using light of a
different one of a number of different wavelengths reflected from the tissue region, and a
second subset sequentially captured at a number of times; generating, based on at least one of
the plurality of images, an image having a plurality of pixels depicting the tissue region; for
each pixel of the plurality of pixels depicting the tissue region determining, based on the first
subset of the data representing the plurality of images, a reflectance intensity value at the
pixel at each of the plurality of wavelengths, determining, based on the second subset of the
data representing the plurality of images, a PPG amplitude value at the pixel, and
determining a classification of the pixel by at least inputting the reflectance intensity value
and PPG amplitude value into a classifier, the classification associating the pixel with one of
a plurality of tissue categories; and identifying, based on the classification of each pixel, the
recommended location of the amputation within the tissue region.

[0020] Some embodiments further comprise identifying a value of at least one
patient health metric of the patient. Some embodiments further comprise inputting the value
of the at least one patient health metric into the classifier to determine the classification of
each pixel. Some embodiments further comprise selecting, based on the value of the at least
one patient health metric, the classifier from a plurality of classifiers each trained from a
different subset of a set of training data, the training data of the selected classifier including
data from other patients having a same value for the at least one patient health metric.

[0021] Some embodiments further comprise generating, based on the
classification of each pixel, a mapping of the plurality of tissue categories over the plurality
of pixels depicting the tissue region. Some embodiments further comprise outputting a visual
representation of the mapping to a user, wherein identifying the recommended location for
the amputation is based at least partly on the visual representation of the mapping.

[0022] In some embodiments, identifying the recommended location for the

amputation is performed programmatically by the one or more hardware processors.
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[0023] Another aspect relates to a method of training a convolutional neural
network to classify tissue regions of an amputation site, the method comprising: receiving
training data representing a plurality of images of the amputation site, the data representing
the plurality of images including a first subset each captured using light of a different one of
a number of different wavelengths reflected from the amputation site, and a second subset
sequentially captured at a number of times under a same wavelength as one another;
providing the training data as a three-dimensional volume to an input layer of the
convolutional neural network, the three-dimensional volume having a height and width
corresponding to a number of pixels of a height and a width of each of the plurality of images
and having a depth corresponding to a number of the plurality of images; performing a
plurality of convolutions at plurality of encoder convolutional stages and a plurality of
decoder convolutional stages of the convolutional neural network, wherein a first encoder
convolutional stage of the plurality of encoder convolutional stages includes the input layer
as a first convolutional layer; providing an output of a last decoder convolutional stage of the
plurality of decoder convolutional stages to a softmax layer of the convolutional neural
network; based on an output of the softmax layer, generating a classification value for each
pixel across the height and width of the plurality of images; comparing the classification
value to each pixel to a ground truth classification of the pixel in a ground truth image,
wherein the ground truth classification is based on physician analysis of the amputation site;
based on results of the comparing, identifying any errors in the classification values of the
pixels; and adjusting at least one weight of the plurality of convolutions based at least partly
on back propagating the errors through the convolutional neural network.

[0024] In some embodiments, generating the classification comprises classifying
each pixel as one of background, healthy tissue, diseased tissue, or necrotic tissue.

[0025] In some embodiments, the first subset of the plurality of images includes
eight images each captured using light of a different one of eight different wavelengths, and
wherein the second subset of the plurality of images includes hundreds of images captured
sequentially at the same wavelength at a rate of 30 frames per second.

[0026] In some embodiments, each of the plurality of encoder convolutional
stages and each of the plurality of decoder convolutional stages comprises at least two

convolutional layers each followed by a rectified linear unit layer.
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[0027] In some embodiments, performing the plurality of convolutions comprises,
at each encoder convolutional stage of the plurality of encoder convolutional stages,
performing at least a first encoder convolution, providing an output of the first encoder
convolution to a rectified linear unit layer, and downsampling an output of the rectified linear
unit layer using a max pooling layer; and, at each decoder convolutional stage of the plurality
of decoder convolutional stages, receiving a pool mask from the max pooling layer of a
corresponding one of the plurality of encoder convolutional stages, and performing at least a
first decoder convolution based at least partly on the pool mask.

[0028] Another aspect relates to a method of using a convolutional neural
network to classify tissue regions of a potential amputation site, the method comprising
receiving data representing a plurality of images of the potential amputation site, the data
representing the plurality of images including a first subset each captured using light of a
different one of a number of different wavelengths reflected from the potential amputation
site, and a second subset sequentially captured at a number of times under a same wavelength
as one another; providing the data as a three-dimensional volume to an input layer of the
convolutional neural network, the three-dimensional volume having a height and width
corresponding to a number of pixels of a height and a width of each of the plurality of images
and having a depth corresponding to a number of the plurality of images; performing at least
one convolution on the three-dimensional volume; providing an output of the at least one
convolution to a softmax layer of the convolutional neural network; based on an output of the
softmax layer, generating a classification value for each pixel across the height and width of
the plurality of images; and based on the classification value for each pixel, generating a
mapping of a plurality of tissue classifications of tissue at the potential amputation site.

[0029] In some embodiments, generating the classification comprises classifying
each pixel as one of background, healthy tissue, diseased tissue, or necrotic tissue.

[0030] In some embodiments, the first subset of the plurality of images includes
eight images each captured using light of a different one of eight different wavelengths, and
wherein the second subset of the plurality of images includes hundreds of images captured
sequentially at the same wavelength at a rate of 30 frames per second.

[0031] In some embodiments, performing at least one convolution comprises

performing a plurality of convolutions at plurality of encoder convolutional stages and a
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plurality of decoder convolutional stages of the convolutional neural network, wherein a first
encoder convolutional stage of the plurality of encoder convolutional stages includes the
input layer as a first convolutional layer. In some embodiments, performing the plurality of
convolutions comprises, at each encoder convolutional stage of the plurality of encoder
convolutional stages, performing at least a first encoder convolution, providing an output of
the first encoder convolution to a rectified linear unit layer, and downsampling an output of
the rectified linear unit layer using a max pooling layer; and, at each decoder convolutional
stage of the plurality of decoder convolutional stages, receiving a pool mask from the max
pooling layer of a corresponding one of the plurality of encoder convolutional stages, and
performing at least a first decoder convolution based at least partly on the pool mask. In
some embodiments, each of the plurality of encoder convolutional stages and each of the
plurality of decoder convolutional stages comprises at least two convolutional layers each
followed by a rectified linear unit layer.

[0032] In some embodiments, the convolutional neural network is trained using

the method described above.

BRIEF DESCRIPTION OF THE DRAWINGS
[0033] The disclosed aspects will hereinafter be described in conjunction with the
appended drawings and appendices, provided to illustrate and not to limit the disclosed
aspects, wherein like designations denote like elements. The patent or application file
contains at least one drawing executed in color. Copies of this patent or patent application
publication with color drawing(s) will be provided by the Office upon request and payment

of the necessary fee.

[0034] FIG. 1A illustrates example components of an imager that is imaging a
subject.

[0035] FIG. 1B is an illustration of example movements of an example imaging
probe.

[0036] FIG. 2 is an illustration of an example user interface for acquiring an
image.

[0037] FIG. 3 is an example illustration of the high resolution multi-spectral

video camera used in some alternatives described herein, and the data that can be obtained.
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[0038] FIG. 4 is an example diagram showing how certain alternatives described
herein interact with a remote computing center for data storage and processing (i.e., cloud
computing environment).

[0039] FIGS. 5A, 5B, and 6 illustrate an example fiber optic system that can be
used to obtain the image data described herein.

[0040] FIG. 7 illustrates components of a reflectance mode and 2-D PPG imaging
system (left). Monochromatic light incident on the tissue surface scatters within the tissue as
it interacts with molecular structures. A small portion of that light returns to the camera.
When measured over time, the intensity changes in the back-scattered light produces a PPG
waveform. Each pixel in the raw data cube contains a unique PPG waveform that may be
analyzed to generate a single blood flow image of the tissue (right).

[0041] FIG. 8 illustrates components of a multispectral imager including a broad
spectrum illumination source, a digital camera, and a rotating filter wheel equipped with
various optical filters that isolate predetermined wavelengths of light reflected from the
target’s surface (left). This system quickly collects an image at each position in the filter
wheel to generate a spectral data cube (right). Each pixel in the data cube represents a low
spectral-resolution diffuse reflectance spectrum of the tissue.

[0042] FIG. 9 is an example flow chart showing the steps used for tissue
classification in certain alternatives described herein.

[0043] FIG. 10 illustrates a time-resolved PPG signal extraction.

[0044] FIG. 11 illustrates an example block diagram of PPG output
preprocessing.

[0045] FIG. 12 illustrates a high-level graphical overview of two optical imaging
techniques, photoplethysmography imaging (PPG Imaging) and multispectral imaging (MSI)
that can be combined with patient health metrics to generate prognostic information
according to the present disclosure.

[0046] FIG. 13 illustrates example views of an apparatus designed to fuse the
optical imaging techniques of photoplethysmography imaging (PPG imaging) and
multispectral imaging (MSI).

[0047] FIG. 14 illustrates an example of a combination of a PPG imager, an MSI

camera, and objective patient health metric inputs.
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[0048] FIGS. 15A and 15B, and 15C illustrate example processes for training a
machine learning diagnostic tool and generating a classifier model for a level of amputation.

[0049] FIG. 16 illustrates a graphical example diagram of tissue involved in
traditional amputation procedures.

[0050] FIGS. 17A and 17B illustrate example clinical study flow diagrams.

[0051] FIG. 17C illustrates an example training study flow diagram.

[0052] FIG. 17D illustrates an example validation study flow diagram.

[0053] FIG. 18 illustrates example statistical sample size analysis results.

[0054] FIG. 19 illustrates an example graphical representation of an amputation
site tissue classification process as described herein.

[0055] FIG. 20A illustrates an example image of an amputation site marked by a
physician.

[0056] FIG. 20B illustrates an example image of a tissue classification mapping
generated based on the image of FIG. 20A.

[0057] FIG. 21 illustrates cross-validation results for the disclosed amputation
machine learning techniques.

[0058] FIG. 22 illustrates example images classified after training of the disclosed
amputation machine learning model.

[0059] FIGS. 23A and 23B illustrate an example classification data flow and

classifier structure for generating a tissue map as described herein.

DETAILED DESCRIPTION

Introduction

[0060] Aspects of the disclosure relate to a non-contact, non-invasive, non-
radiation imaging device for classifying tissue at an amputation site and/or quantitatively
selecting the appropriate level or region of amputation (LOA), for example for patients with
peripheral arterial disease (PAD). More than 150,000 patients in the United States undergo
lower extremity amputations every year secondary to peripheral arterial disease (PAD).
Surgeons prefer to salvage as much limb tissue as possible during amputation to increase
patient mobility while decreasing morbidity and mortality. However, clinicians must balance

this preference against the likelihood of primary wound healing at a given LOA, which
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decreases with more distal amputations. As used herein, “distal” can refer to a tissue region
farther from the LOA into the tissue region being amputated from the patient, while
“proximal” can refer to a tissue region at the LOA or closer to tissue that is not being
amputated from the patient. There are no gold-standard tests for selection of LOA in patients
with PAD, therefore reported rates of re-amputation in current practice are significant.
Around 10% of above-the-knee amputations and around 35% of foot amputations require
revision to a more proximal level. Furthermore, physician awareness of the risk for re-
amputation may lead to overly aggressive selection of LOA to more proximal levels in some
cases. Indeed, certain patients may receive amputations at a level more proximal than is
necessary because their surgeon could not confidently predict a high likelihood of healing at
a more distal level. In current practice, selection of LOA is determined qualitatively by
clinical judgment of the surgeon using patient history and physical exam. Accordingly, there
is a need for systems that provide physicians with quantitative information regarding patient
tissue health and healing potential in the LOA selection process. The disclosed devices and
techniques provide a quantitative assessment for selection of LOA by integrating
photoplethysmography, multispectral imaging, and/or patient-specific health metric values to
classify tissue based on microvascular blood flow using a machine learning model.

[0061] A diagnostic device as described herein provides a point of care perfusion
imaging system that provides diagnostic images derived from optical measurements of tissue
perfusion. The device is non-contact, non-invasive, non-laser, and non-radiation. The device
can simultaneously or sequentially perform two optical imaging methods to obtain blood
flow assessment: photoplethysmographic (PPG) imaging and multispectral imaging (MSI).
These optical measurements are integrated using a machine learning model, and in some
embodiments patient health metric values are integrated as well, in order to quantitate
likelihood of amputation site healing at a given LOA. Nursing staff can be easily trained to
perform the imaging test on this user-friendly device. The imaging of multiple limb levels
with the device can take approximately ten minutes in total. Results are immediately
available and stored electronically for physician review at a later time.

[0062] If used for routine assessment of patients prior to amputation at this
sensitivity and specificity, the disclosed diagnostic devices and techniques can reduce the

rate of re-amputation by around 67%, which would result in 10,000 fewer re-amputations per
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year while both improving quality of life for amputees and reducing health costs associated
with their care. For example, quality of life can be improved for amputees using the
disclosed technology by reducing the rate of secondary amputations due to failed healing
and/or by selecting LOA locations that can provide improved healing time compared to
qualitatively assessed LOA locations.

[0063] The PPG imaging of the disclosed devices and techniques can capture
over one million unique photoplethysmogram signals across a large area of tissue. The PPG
signal can be generated by measuring light's interaction with dynamic changes in
vascularized tissue. Vascularized tissue expands and contracts in volume by approximately 1-
2% with each incoming systolic blood pressure wave at the frequency of the cardiac cycle.
This influx of blood increases the volume of the tissue and brings additional hemoglobin
proteins that strongly absorb light. Therefore, the total absorbance of light within the tissue
oscillates with each heartbeat. In order to generate images from PPG signals detected by the
disclosed imaging devices, the techniques described herein can take advantage of light's
pathway through the tissues. For example, a small portion of light incident on the tissue
surface scatters into the tissue. A fraction of this scattered light exits the tissue from the
same surface it initially entered. Using a sensitive digital camera, this back-scattered light
can be collected across an area of tissue so that each pixel in the image data contains a unique
PPG waveform determined by changes in intensity of the scattered light. To generate a 2-D
visual map of relative tissue blood flow, the average amplitude of each unique waveform
over many heart beat samples can be measured. Therefore, a major benefit of this technology
is that it allows for measurement and mapping of microvascular blood flow, which is critical
for wound healing.

[0064] The multispectral imaging (MSI) of the disclosed devices and techniques
can measure the reflectance of select wavelengths of visible and near-infrared (NIR) light
(400 nm -1,100 nm) from a tissue's surface. MSI can be effective for quantifying key tissue
properties relevant to a number of pathologies, such as amputation, burns, diabetic ulcers,
and skin cancers (e.g., melanoma, squamous cell carcinoma, and basal cell carcinoma), to
name a few examples, because it can quantify the volume fraction of hemoglobin and the
presence of oxygenated hemoglobin, among other tissue characteristics. The wavelengths of

light employed by the disclosed devices can be selected based on well-established
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characterizations of light-tissue interaction. For example, melanin within the stratum
corneum and the epidermis mainly absorbs UV and visible wavelengths. NIR wavelengths
(700-5000 nm) are the least absorbed by melanin and have been found to be the best at
penetrating through the dermis to determine its depth. Hemoglobin is largely contained by
vessels coursing through the dermis, and its concentration determines the degree of dermal
absorption of wavelengths greater than 320nm. Hemoglobin absorption of light also changes
depending on whether the molecule is oxygenated for deoxygenated. As tissue melanin,
hemoglobin concentration, and the oxygenated hemoglobin fraction are altered by disease
states, MSI is able to detect changes in the resulting reflectance spectrum. Abnormal skin
tissue can be identified by changes in its reflectance spectrum as compared to healthy tissue.
Thus, MSI allows for the quantitative differentiation and mapping of viable versus non-
viable skin tissue, which is important for healing of amputation or excision sites.

[0065] Alternatives of the disclosure relate to systems and techniques for
identifying, evaluating, and/or classifying a subject’s tissue. Some alternatives relate to
apparatuses and methods for classifying a tissue, wherein such devices include optical
imaging components. Some of the alternatives described herein comprise reflective mode
multi-spectral time-resolved optical imaging software and hardware, which when
implemented allow for several of the methods of tissue classification provided herein.

[0066] Alternatives described herein allow one to assess and classify in an
automated or semi-automated manner tissue regions of subjects that may require amputation,
and may also provide treatment recommendations. Some of the alternatives described herein
are particularly suited for amputation level assessment because they allow doctors to quickly
and quantitatively evaluate the status of tissue around an amputation site so that a level of
amputation decision can be made quickly and accurately. Some alternatives may also assist a
surgeon in selecting nearby healthy tissue to cover the amputation site.

[0067] Throughout this specification reference is made to a wound or wounds. It
is to be understood that the term “wound” is to be broadly construed and encompasses open
and closed wounds in which skin is torn, cut, punctured, or diseased, or wherein trauma
causes a contusion, a superficial lesion, or a condition or imperfection on the skin of a
subject, for example a human or animal, in particular a mammal. A “wound” is also intended

to encompass any damaged region of tissue, wherein fluid may or may not be produced as a
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result of an injury or disease. Examples of such wounds include, but are not limited to, acute
wounds, chronic wounds, surgical incisions and other incisions, subacute and dehisced
wounds, traumatic wounds, flaps and skin grafts, lacerations, abrasions, contusions, burns,
diabetic ulcers, pressure ulcers, stoma, surgical wounds, trauma and venous ulcers, skin
cancer (e.g., melanoma, squamous cell carcinoma, basal cell carcinoma) or the like are also
referred to herein as wounds in some contexts. It will be appreciated that the machine
learning classifier described herein can be trained to categorize tissue states of tissue regions
including (or suspected of including) any of these types of wounds, based on identifying
ground-truth classification of similar images in a training data set.

[0068] Various alternatives will be described below in conjunction with the
drawings for purposes of illustration. It should be appreciated that many other
implementations of the disclosed concepts are possible, and various advantages can be
achieved with the disclosed implementations. All possible combinations and
subcombinations are intended to fall within the scope of this disclosure. Many of the
alternatives described herein include similar components, and as such, these similar
components can be interchanged in different aspects of the invention.

[0069] Headings are included herein for reference and to aid in locating various
sections. These headings are not intended to limit the scope of the concepts described with

respect thereto. Such concepts may have applicability throughout the entire specification.

Overview of Example Imaging Svystem Alternatives

[0070] FIGS. 1A and 1B illustrate an example of one alternative of the present
invention. The apparatus shown in these figures is especially suited for whole or partial body
assessment of patients awaiting amputation. This apparatus is especially useful for
amputation level assessment functions, where clinical decisions related to amputation
locations are being made. In this example, probe 100 comprises one or more light sources, in
this case four light sources 101, 104, 118 and 120, and image acquisition device 102. Light
sources 101, 104, 118, and 120 illuminate the tissue region, in this case, tissue 103, which
advantageously includes the entire body surface of the subject facing the probe 100. In some
alternatives, the one or more light sources may be light-emitting diodes (LEDs), halogen

lamps, tungsten lamps, or any other illumination technology. The one or more light sources
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may emit white light or light that falls in one or more spectral bands that can be selected as
desired by a user.

[0071] Many LEDs produce light in narrow bandwidths (e.g., full-width at half-
maximum of 50 nm or less), wherein the specific LEDs can be chosen to illuminate at
specific bandwidths. In general, the one or more spectral bands may be chosen in view of the
light measurements most relevant to the kind of data sought and/or the clinical application.
The one or more light sources may also be coupled to one or more drivers to power the light
sources and control them. These drivers may be part of the light sources themselves, or
separate. Multiple narrowband light sources or broadband light sources with selectable
filters (e.g. filter wheels) may be used to serially or simultaneously illuminate the tissue 103
with light in multiple spectral bands. The center wavelength of the chosen spectral bands
typically reside in the visible and near-infrared wavelengths, such as between 400 nm to
1100 nm e.g., less than (but not zero), at least, or equal to 400, 500, 600, 700, 800, 900, 1000,
or 1100 nm or a range defined by any wavelength between any two of the aforementioned
wavelengths.

[0072] In some alternatives, the light sources illuminate the tissue region with
substantially uniform intensity over the area of the illuminated tissue region (referred to
herein as “spatially-even” light or illumination). For example, substantially uniform intensity
can be achieved by using light diffusers provided as part of the light sources 101, 104, 118
and 120 that create an approximately uniform distribution of the light intensity applied to the
tissue 103. Light diffusers also have the additional benefit of reducing undesirable specular
light reflection. In some instances, significant improvements to signal-to-noise ratios of the
signals obtained by the image acquisition device 102 can be achieved by utilizing broad
spectral spatially-even illumination patterns with high powered LEDs, for example cross
polarization filters. In some cases, patterned light systems, such as checkerboard patterned
illumination may be used as well. In certain such alternatives, the field of view of the image
acquisition device is directed to tissue regions that have not been directly illuminated by the
light sources, but are adjacent to the illuminated areas. For example, where light of
substantially uniform intensity is used, an image acquisition device, such as image

acquisition device 102, may read light from outside the illuminated region. Similarly, where
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checkerboard-patterned illumination is used, for example, the acquisition device 102 may
read light from the non-illuminated portions of the checkerboard.

[0073] Moreover, even though light of substantially uniform intensity was
effective in some alternatives described herein, other alternatives may also use non-uniform
light, wherein the one or more lights are positioned so as to minimize differences in light
intensity across the surface. In some cases, these differences may also be accounted for
during data acquisition or by backend software or hardware logic. For example, top-hat
transformations or other image processing techniques may be used to compensate for non-
uniform background illumination.

[0074] In certain alternatives, the light may be desirably polarized. In some cases,
the light is polarized using reflection, selective absorption, refraction, scattering and/or any
method of polarizing light known in the art. For example, the polarization may utilize prisms
(such as a Nicol prism), mirrors and/or reflective surfaces, filters (such as a Polaroid filter),
lens, and/or crystals. The light may also be cross-polarized or co-polarized. In some
alternatives, the light from the one or more light sources is polarized before the light
illuminates the subject. For example, polarizing filters may be provided as part of the light
sources 101, 104, 118, and 120. In some alternatives, reflected light from the tissue is
polarized after it has been reflected from the tissue. For example, polarized filters may be
provided as part of acquisition device 102. In other alternatives the light is polarized both
before it illuminates the subject and after it is reflected. For example, polarizing filters may
be provided as part of light sources 101, 104, 118, and 120, as well as part of data acquisition
device 102.

[0075] The type of polarization technique used may depend on factors such as the
angle of illumination, the angle of reception, the kind of illumination source used, the kind of
data desired (e.g., measurements of light scattered, absorbed, reflected, transmitted, and/or
fluoresced), and the depth of tissue imaged. For example, when tissue is illuminated, some
light may be reflected off the top layer of skin directly as surface glare and reflectance. This
reflected light often has a different polarity than the light that diffuses into dermal tissue,
where the light may be scattered (e.g., reflected) and change direction and polarity. Cross-
polarization techniques may be used to minimize the amount of glare and reflectance read by

an acquisition device while maximizing the amount of backscattered light read. For example,
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polarization filters may be provided as part of light sources 101, 104, 118, and 120, as well as
part of data acquisition device 102. In such a setup, the light is first polarized before it
illuminates the target 103. After the light is reflected from target 103, the reflected light may
then be polarized in a direction orthogonal to the first polarization in order to measure the
backscattered light while minimizing the amount of incident light reflected off the surface of
the target 103 that is read.

[0076] In some circumstances, it may also be desirable to image tissue at certain
depths. For example, imaging tissue at particular depths can be used in evaluating particular
wounds at particular depths, locating and/or identifying the presence or absence of a
cancerous tumor or determining the stage of a tumor or progression of cancer, or any of the
other therapeutic applications mentioned in this disclosure. Certain polarization techniques
known in the art may be used to selectively image tissue at certain depths based on optical
properties and/or mean free path lengths.

[0077] In certain alternatives, other techniques for controlling imaging depth may
be used. For example, the optical scattering properties of tissue change with temperature
while the light penetration depth in skin increases with cooling. As such, the depth of
imaging may be controlled by controlling the temperature of the imaged tissue region. Also,
for example, the depth of imaging may be controlled by pulsing (or flashing) light sources at
various frequencies. Pulsing light penetrates deeper into the skin than non-pulsing light: the
longer the pulse widths, the deeper the light penetration. As another example, the imaged
depth may also be changed by adjusting the intensity of light, where the penetration of more
intense light is greater than less intense light.

[0078] As further illustrated in FIG. 1A, image acquisition device 102 is
configured to receive reflected light from the tissue 103. The image acquisition device 102
can detect light from the illuminated region, a sub-region of the illuminated region, or a non-
illuminated region. As illustrated further below, the field of view of the image acquisition
device 102 may include the entire body surface of the subject facing the probe 100. When
the entire subject facing the probe is illuminated and the entire subject facing the probe is in
the field of view of the image acquisition device, the speed and ease of classification is

enhanced. The image acquisition device 102 may be a two-dimensional charge-coupled
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device (CCD) or complementary metal-oxide semiconductor (CMOS) image acquisition
device with appropriate optics for imaging all or part of the illuminated tissue 103.

[0079] Module 112 is a controller, classifier, and processor that may be coupled
with probe 100 in some alternatives. Module 112 controls the probe, which may include
setting such parameters as its physical location, light intensity, resolution, filter color, or any
parameter of the camera and/or light sources described in this disclosure. Module 112 also
receives and processes data obtained by the probe, as will be described later in this
disclosure.

[0080] Module 112 may be further coupled with a module 114 in some
alternatives, where module 114 is a display and user interface (“UI”). The display and UI
shows information and/or data to the user, which in certain alternatives includes the presence
of a tissue condition, the severity of the tissue condition, and/or additional information about
the subject, including any of the information mentioned in this specification. Module 114
receives user inputs, which in certain alternatives includes information about the patient such
as age, weight, height, gender, race, skin tone or complexion, and/or blood pressure. Module
114 may also receive user inputs with calibration information, user selections of locations to
scan, user selections of tissue conditions, and/or additional information for diagnoses,
including any of the information mentioned in this disclosure. In certain alternatives, some
or any of the aforementioned user inputs may be sent automatically to module 112 without
the user entering information using module 114.

[0081] As illustrated in FIG. 1B, the probe 100 may in some alternatives be
moved in any direction or combination of directions, such as up, down, left, right, diagonally
up-right, diagonally up-left, diagonally down-right, diagonally down-left, or any combination
of these directions. In some alternatives, the probe may also be moved in a direction normal
to the subject, where the probe gets closer or farther away from the subject. The probe may,
for example, be coupled to rails or an articulating arm with position controlled manually or
automatically by the controller 112 or a combination of both. In some alternatives, either the
light sources or the image acquisition device may be fixed, and in other alternatives, either
may be movable independently. Certain alternatives couple the image acquisition device with
a motor to automate the movement of the image acquisition device so as to allow the camera

to image each section of the subject. The camera can also be coupled to rails, tracks, guides,
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and/or actuatable arms. The light source(s) may illuminate the entire tissue area 103 while
the image acquisition device moves, or the light source(s) may be controlled during a
scanning process to only illuminate a desired tissue portion that the camera is imaging.

[0082] In the alternative shown in FIG. 1A, the subject stands in an upright
position against a backdrop 110 as images of the subject or a portion thereof (e.g., the entire
body of the subject or a desired tissue location) are acquired. In some alternatives, the
backdrop 110 is a support structure that the subject lies on or against in a horizontal or angled
position as the images are acquired. Scales 106 and 108 may be provided to weigh the
subject as the images are acquired. In addition or alternatively to scales, other biometric
readers for measuring heart rate, temperature, body composition, body mass index, body
shape, blood pressure and other physiological data may be provided.

[0083] FIG. 2 shows an example Ul 200 presented on display/Ul 114 for
acquiring an image with the apparatus. In this alternative, the user interface displays the field
of view of the image acquisition device when the tissue 103 is being illuminated by the light
sources. In certain alternatives, the user may position the field of view of the image
acquisition device 102 so as to include the entire subject 202. The user may use zoom
component 208 to adjust the image acquisition device 102 so that the subject nearly fills the
field of view. In some alternatives, the user may use the user interface to obtain other
information about the subject 202. For example, the user may select position 204 and
position 206 in order to measure the height of the subject. In some cases, the user instructs
the image acquisition device to acquire images of the subject using the user interface, such as
by pushing an acquire image button 210.

[0084] When acquiring images of the subject to perform tissue classification
using those images, the light sources (with associated filters if provided) and image
acquisition device are controlled to acquire multiple images of the subject, with the separate
images being associated with different spectral bands of reflected light and/or separated in
time. Images acquired at different spectral bands may be processed according to image
processing techniques for spectral domain data (e.g., MSI techniques) to classify tissue
regions, and images separate in time may be processed according to image processing

techniques for time domain data (e.g., PPG techniques) to classify tissue. In some
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alternatives, both types of image sets are acquired, and the results are merged to perform a
more accurate classification, as described further below.

[0085] For amputation patients, image acquisition may be performed with the
subject in multiple orientations, such as front facing, rear facing, left side facing, and right
side facing. The patient may stand in these various orientations against the backdrop 110, or
if the backdrop 110 is a support structure in a horizontal orientation, the patient may lay in
different orientations on the backdrop 110. The data from the acquired images is then used
to classify different areas of the skin of the subject as likely to heal after amputation or not,
and may classify specific types of tissue in potential amputation areas as well.

[0086] Following image acquisition in different orientations, the
controller/classifier/processor 112 may process the image data for each subject orientation.
When the backdrop 110 is a characteristic color different from skin tissue, the
controller/classifier/processor may separate the subject from the background, assigning each
pixel in each acquired image as either background or subject. As another alternative, the Ul
can be used to trace the outline of the subject (with a stylus on a touchscreen or a mouse and
cursor for example) in the initial image (e.g., such as shown in FIG. 2) to distinguish the
background from the subject. When the pixels of the image associated with the subject are
identified, these may be analyzed using MSI and/or PPG techniques to classify areas of the
skin of the subject according to microvascular status.

[0087] Turning now to specific apparatus and methods that may be used for
illuminating tissue, acquiring images, and analyzing the image data, it will be appreciated
that in some instances, PPG alone does not fully classify tissue because it only makes
volumetric measurements. Also, multispectral imaging (MSI) has been used to discern
differences in skin tissue but this technique does not fully classify tissue. With current MSI
technology, it can often be challenging to account for variations due to skin types, differences
of skin in different body areas, and possible pre-treatment of wounds. MSI alone may also
not give an overall assessment of a skin condition because it only measures skin appearance
or the constituents of the skin, and not dynamic variables important to skin classification,
such as the availability of nutrients and oxygen to the tissue.

[0088] Some alternatives described herein combine MSI and PPG to improve the

speed, reliability, and accuracy of skin classification. The alternatives described herein can
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use, for example, image data to measure the contributions of blood, water, collagen, melanin,
and other markers to develop a more refined view of the skin’s structure and ability to
properly function, as in a normal state, as opposed to skin that has suffered disease or trauma.
In addition, alternatives described herein also detect variations in light reflected from the skin
over time, which allows one to gain significant physiological information allowing a
clinician to rapidly assess tissue viability and features such as blood perfusion and
oxygenation at a tissue site.

[0089] FIG. 3 illustrates a system that can be (but is not necessarily) used as the
probe 100, controller/classifier/processor 112 and display/UI 114 in some alternatives. The
system of FIG. 3 described below, with its combination of MSI and PPG technologies, can
also be used to analyze and classify tissue regions of smaller areas as well with higher
accuracy than previously available, and need not be used only in association with the whole
body analysis systems and methods described above.

[0090] In the system of FIG. 3, probe 408 includes one or more light sources and
one or more high resolution multi-spectral cameras that record a target tissue region 409 with
a plurality of images while maintaining temporal, spectral, and spatial resolutions to perform
highly accurate tissue classifications. Probe 408 can comprise multiple cameras and imagers,
prisms, beam-splitters, photodetectors, and filters, as well as light sources of multiple spectral
bands. The camera(s) can measure scattering, absorption, reflection, transmission, and/or
florescence of different wavelengths of light over time from the tissue region. The system
also comprises a display/UI 414, and a controller/classifier/processor 412 that controls the
operation of the probe 408, receives inputs from the user, controls the display outputs, and
performs the analysis and classification of image pixels.

[0091] Data set 410 is an example output of probe 408, which contains data
regarding reflected light of different wavelengths and at different times for imaged spatial
locations. An example of data regarding light of different wavelengths for imaged spatial
locations is shown in data subset 404. Data subset 404 may include multiple images of the
tissue region, each measuring light reflected from the tissue region in a different selected
frequency band. The multiple images of data subset 404 may be acquired simultaneously or
essentially simultaneously, where essentially simultaneously means within one second of

each other. An example of data regarding reflected light from the tissue region at different
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times for imaged spatial locations is shown in data subset 402. Data subset 402 includes
multiple images taken at different times over a period longer than one second, usually longer
than two seconds. The multiple images of data subset 402 may be acquired at a single
selected frequency band. In some cases, the multiple images of data subset 404 may be
acquired over a time period longer than one second, and the multiple images of data subset
402 may be taken at multiple frequency bands. However, the combined data set including
subset 404 and subset 402 includes images taken that correspond to both different times and
different frequency bands.

[0092] To collect the images of data subset 404, in some alternatives, the one or
more cameras are coupled to a filter wheel with a plurality of filters with different passbands.
As the one or more cameras acquire images of the tissue region of the subject, the wheel of
filters rotates, allowing the one or more cameras to record the subject in different spectral
bands by acquiring images synchronized with filter positions of the filter wheel as it rotates.
In this way, the camera receives the light reflected at each pixel of the tissue region in
different frequency bands. Indeed, in many cases, the filters allow the devices described
herein to analyze light in spectrums that would not be distinguishable by the human eye. In
many cases, the amount of light reflected and/or absorbed in these various spectrums can
give clues about the chemical and physical composition of the subject’s tissue or a specific
region of the tissue. In some cases, the data obtained using the filters forms three-
dimensional data arrays, wherein the data arrays have one spectral and two spatial
dimensions. Each pixel in the two spatial dimensions can be characterized by a spectral
signature defined by reflected light intensity in each acquired spectral band. The intensity of
light at the various wavelengths gives information about the composition of the target
because different compositions scatter, absorb, reflect, transmit, and/or fluoresce different
frequencies of light differently. By measuring light in these various wavelengths, probe 408
captures this composition information at each spatial location corresponding to each image
pixel.

[0093] In certain alternatives for acquiring the images at multiple spectral bands
for the data set 404, the one or more cameras comprise a hyperspectral line-scan imager. A
hyperspectral line-scanner has continuous spectral bands instead of the discrete bands of each

filter in a filter wheel. The filters of the hyperspectral line-scanner can be integrated with a
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CMOS image sensor. In some instances, the filters are monolithically integrated optical
interference filters, wherein the plurality of filters is organized in step-wise lines. In some
cases, the filters form a wedge and/or a staircase shape. In some instances there may be
dozens to hundreds of spectral bands corresponding to wavelengths between 400 to 1100 nm,
such as at 400, 500, 600, 700, 800, 900, 1000, or 1100 nm or a range defined by any
wavelength that is between any two of the aforementioned wavelengths. The imager scans
the tissue using each filter line and senses the light reflected from the tissue through each of
those filters.

[0094] In still other alternatives, there are other filter systems that can be
implemented to filter light in different spectral bands. For example, a Fabry-Perot filter is
used in some alternatives, as well as, other filter organization approaches, for example by
putting the filters in a tile structure or by depositing the filter directly onto the imaging sensor
(CMOS, CCD, etc.) in a pattern such as a Bayer-array or multi-sensor array.

[0095] In any case, the passbands of the filters are selected based on the type of
information sought. For example, amputation sites might be imaged with wavelengths
between 400-1100nm (such as at 400, 500, 600, 700, 800, 900, 1000, or 1100 nm or a range
defined by any wavelength that is between any two of the aforementioned wavelengths) in
order to capture the contributions of blood, water, collagen, and melanin from the amputation
site and surrounding tissue. In some embodiments, absorbance spectra of approximately or at
515nm, 750nm, and/or 972nm wavelengths can be used, while in other embodiments the
absorbance spectra of approximately or at 542nm, 669nm, and/or 960nm wavelengths can be
used for distinguishing between tissue classifications.

[0096] Healthy skin can include areas of skin that did not have an injury
associated with a vascular disease or microcirculatory issue. Hyperemia corresponded to
areas of high perfusion, typically tissue that can be expected to heal without treatment. The
graftable or tissue flap categorization can correspond to skin that is has greater than a
threshold level of microvascular activity. The vascularly diseased category can correspond to
a zone of ischemia with decreased perfusion, but potentially salvageable tissue. The necrotic
categorization can correspond to regions of irreversible tissue loss where amputation can be

desirable.
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[0097] Alternatives of this disclosure were used to measure light reflected from
the tissue samples at various wavelengths in the range 400nm to 1100nm (such as at 400,
500, 600, 700, 800, 900, 1000, or 1100 nm or a range defined by any wavelength between
any two of the aforementioned wavelengths) in order to determine which sets of wavelengths
provided higher amounts of variability between the light reflected from tissues of different
type. This variability could be used to effectively separate tissue classes by at least the
categories of healthy tissue, hyperemia, suitable skin flaps, vascularly diseased (e.g., small
vessel disease), and necrotic. The optimal sets can sometimes be identified as the wavelength
sets that contained the maximally relevant wavelengths with the minimum amount of
redundancy. In this context, maximum relevance was sometimes found when wavelengths
could effectively separate one particular tissue class from the other classes. Minimum
redundancy was sometimes found by including only one of a plurality of wavelengths that
measured the same information. After sets of wavelengths were used to classify the tissue
samples, the classifications were compared to accurate assessments of the tissue samples by
practitioners.

[0098] Data splits across different experiments were used to test classification
accuracy. In a first set of experiments, the wavelengths 475, 515, 532, 560, 578, 860, 601,
and 940 nm were measured. In a second set of experiments, the wavelengths 420, 542, 581,
726, 800, 860, 972, and 1064 nm were measured. In a third set of experiments, the
wavelengths 420, 542, 581, 601, 726, 800, 972, and 860 nm were measured. And in a fourth
set of experiments, the wavelengths 620, 669, 680, 780, 820, 839, 900, and 860 nm were
measured.

[0099] The wavelengths that provided the best variability for tissue classification
from the first and second experiment sets were used in order to categorize tissue with 83%
accuracy. These wavelengths were (in order of relative weight) 726, 420, 515, 560, 800,
1064, 972, and 581 nm. Similarly, the wavelengths that provided the best variability for
tissue classification from the third and fourth experiments were used in order to categorize
tissue with 74% accuracy. These wavelengths were (in order of relative weight) 581, 420,
620, 860, 601, 680, 669, and 972 nm. Also, noticeably, the wavelength of 860 nm was
particularly effective for both MSI and PPG analysis, and thus, for the combination device.

These experimental sets show that wavelengths in the range 400 to 1100 nm (such as at 400,
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500, 600, 700, 800, 900, 1000, or 1100 nm or a range defined by any wavelength that is
between any two of the aforementioned wavelengths) can be used for effective tissue
classification. As previously noted, other sets of wavelengths may be effective as well. For
example, the effective wavelength sets in the experiment minimized redundancy. As such,
other wavelengths may be used to classify some aspects of the tissue effectively. Also, using
the experiment described above, other wavelengths for effectively classifying necrotic tissue
and/or any other tissue condition described in this disclosure may be found.

[0100] Overall, the experiment described above found that wavelengths in the
range 400 to 900 nm (including 400, 500, 600, 700, 800, or 900 nm or a range defined by any
wavelength that is between any two of the aforementioned wavelengths) were particularly
effective in imaging amputation sites. More particularly, of that range, a set of wavelengths
could be constructed to image amputation sites where: at least one (1) wavelength was less
than 500 nm; at least two (2) wavelengths were between 500-650 nm; and at least three (3)
were between 700-900nm. This set was effective at imaging amputation sites and separating
imaged amputation site tissue into categories.

[0101] Also based on the experiment, the below ranking lists each tested

wavelength in order of their apparent significance in classification:

Rank | Wavelength
1 420
2 560
3 860
4 620
5 726
6 800
7 581
8 542
9 578
10 601
11 972
12 532
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13 475
14 515
15 940
16 680
17 900
18 1064
19 669
20 780
21 839
22 820
Table 1
[0102] To collect the images of data subset 402, the one or more cameras are also

configured to acquire a selected number of images having temporal spacing between each
image short enough to measure temporal variations in reflected light intensity due to motions
of the tissue region that correspond to physiological events or conditions in the patient. In
some cases, the data obtained from the multiple time separated images form three-
dimensional data arrays, wherein the data arrays have one time and two spatial dimensions.
Each pixel in the three-dimensional array can be characterized by a time domain variation in
reflected light intensity. This time domain signal has different energies at different frequency
components related to blood pressure, heart rate, vascular resistance, nervous stimuli,
cardiovascular health, respiration, temperature, and/or blood volume. In certain alternatives,
a filter may be used to filter out noise. For example, an 860 nm bandpass filter may be used
to filter out light wavelengths that correspond to the predominant wavelength spectrum of the
ambient lighting in the room, so that the acquired images correspond to reflected light that
originates with the light sources in the probe 408. This can reduce and/or prevent aliasing of
ambient light fluctuations, such as the 60 Hz fluctuations present in ambient lighting due to
the AC power line frequency.

[0103] FIG. 4 shows one example of the dynamic library. In the figure, example
imaging device 1000 is connected to example cloud 1002. The example imaging device 1000
may be a device as described herein, or it may be any other computer or user device also

connected to the dynamic library. In some cases, the cloud 1002 may comprise of a program
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execution service (PES) that includes a number of data centers, each data center including
one or more physical computing systems configurable to execute one or more virtual desktop
instances, each virtual desktop instance associated with a computing environment that
includes an operating system configurable to execute one or more applications, each virtual
desktop instance accessible by a computing device of a user of the PES via a network. The
cloud may also comprise other approaches to synchronize computing and storage.

[0104] Data paths 1004 illustrate bi-directional connections between imaging
device 1000 and cloud 1002. Cloud 1002 itself has processing components 1006, which is
where cloud 1002 receives signals, processes data, performs sorting, and generates metadata,
which indicates whether the dynamic library is to be synchronized with one or more
computing devices.

[0105] In some alternatives, data analysis and classification is performed in the
cloud. Such analysis can involve collecting data on sample signals for comparison to
obtained signals. Such sampling may be used for generating or refining one or more machine
learning models for use in classifying tissue regions in obtained signals, for example using
the machine learning techniques described herein. In other alternatives, processing
components may be located onboard imaging device 1000 to perform processing locally at
data collection sites. Other alternatives can split processing requirements between the cloud
and imaging device 1000.

[0106] In addition to collecting and analyzing data in a dynamic library, the
processing component may also contain general error data and calculations. Errors can be
calculated at local sites and aggregated in the cloud and/or be calculated in the cloud. In
some circumstances error thresholds for particular classification models can be established.
The threshold values consider the consequences for type I and type II errors (e.g., false
positives and false negatives), and the standards for clinical reliability.

[0107] The processing components 1006 may also perform analysis on the data.
Cloud 1002 also has data components 1008, which includes the information in the dynamic
library itself, and also receives updates. Data components 1008 and processing components
1006 are coupled to each other.

[0108] There may be other sources and repositories also connected to the cloud.

In this example, entity 1012 is also connected to cloud 1002. Entity 1012 is an entity that
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might provide system updates and/or updated tissue classification models to improve system
functionality for any device or system, such as system 1000, which is connected to cloud
1002. Through learning and experience, the methods at each stage may be updated to reduce
total error. Entity 1012 may quickly assess changes on multiple classification models
simultaneously and provide systemic improvements. It may also upload new data sets and
models for new clinical applications. In addition, entity 1012 may update system 1000, or
any device or system connected to cloud 1002, to acquire data and analyze that data for new
therapeutic uses, such as, for example, analyzing frost bite. This expands functionality and
allows the system to adapt due to improvements in scientific knowledge.

[0109] Additionally, various aspects of alternatives described in this disclosure
have been the subject of experiments demonstrating their efficacy in tissue phantoms and
animal models. These experiments demonstrated that alternatives of this disclosure may be
effective at treating at least amputation sites. The following non-limiting examples are
presented for illustrative purposes. The examples provide further details on the experiments
performed.

[0110] FIGS. 5A, 5B, and 6 illustrate an example fiber optic system that can be
used to obtain the image data described herein. As shown in FIG. 5A, a fiber optic probe
7000 can include a number of light emitting fibers 7005 around a light collection fiber 7010.
Each of the light emitting fibers 7005 can illuminate one of a plurality of overlapping regions
7015, and the light emitted from the light emitting fibers 7005 can be reflected from the
tissue of a subject and collected from an evenly illuminated area 7020 by the light collection
fiber 7010. The light emitting fibers can be controlled to sequentially emit one of 1,000
different wavelengths between 400 nm and 1100 nm in some implementations, and signals
received by the light collection fiber 7010 can be used to generate images of the illuminated
tissue at the emitted wavelengths.

[0111] In some embodiments the probe 7000 can be a fiber optic
spectrophotometer equipped with a co-axial light source for reflection and backscattering
measurements. The probe can be configured for blocking ambient light with a sheath (not
illustrated) so that the tissue is imaged using only the emitted wavelengths, leading to more
accurate classification than tissue illuminated with both ambient light and select emitted

wavelengths.
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[0112] As shown in FIG. 6, a probe 7100 can include a first cable 7105 having a
light emitting and detecting end 7110. The light emitting and detecting end 7110 can include
a number of light emitting fibers 7115 around a light collection fiber 7125. The light
emitting fibers 7115 can pass through the first cable 7105 and split off into a second cable
7140, a cross-section 7145 of which is shown including the light emitting fibers 7115 around
a core 7120. This multi-fiber second cable 7140 can be coupled to a light source for
providing the desired wavelengths of light through the second cable 7140 to the light
emitting and detecting end 7110 of the first cable 7105. The light detecting fiber 7125 can
pass through the first cable 7105 and split off into a third cable 7130, a cross-section 7135 of
which is shown including only the light detecting fiber 7125. This single-fiber third cable
7130 can provide signals from the light detecting fiber 7125 to an image sensor configured
for capture of image data (for example a CMOS or CCD image sensor) or to a spectrometer.
The fiber core size can range from 200 — 600 pum, such as 200 pm, 250 pm, 300 um, 350 um,
400 pm, 450 pm, 500 pum, 550 um, or 600 um or within a range defined by any two of the
aforementioned wavelengths.

[0113] Example components of an embodiment of a PPG imaging system are
illustrated in FIG. 7, and example components of an embodiment of an MSI system are
illustrated in FIG.8. In some alternatives these can be physically separate imaging systems,
while in other alternatives these can be integrated into a single, unitary imaging system.

[0114] The PPG imaging system can include a 10-bit monochromatic CMOS
camera (for example Nocturn XL, Photonis USA), that provides low dark noise and high
dynamic range. The 10-bit ADC resolution can offer a signal-to-noise ratio of 60 dB. The
resolution of this imager can be set to 1280 x 1040 (aspect ratio 5:4). The camera can be
mounted vertically and facing down to the object surface. A common field of view (FOV) of
20 x 16 cm can be controlled for inter-system comparison. The exposure time of the camera
can be calibrated with a 95% reflectance reference standard (for example, Spectralon
SG3151; LabSphere Inc.; North Sutton, NH). To illuminate the tissue, four monochromatic
and high-power LED emitters (SFH 4740, OSRAM) can be positioned in a 2 x 2 array
mounted in the same plane as the sensor. The LED emitter array can be placed with camera
at 15 cm to the target surface. LED emitters can be preferred in some alternatives because

they provide an even illumination of the tissue in the camera’s FOV (i.e., the spatial intensity
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variation was less than 15 %). The FOV of the camera can be controlled by the optical lens
and can be slightly narrower than the illumination area.

[0115] The introduction of noise into the PPG signal by the motion of a subject
during respiration can make initial analysis of PPG imaging difficult. The disclosed
techniques can reduce the influence of respiratory motion using a signal processing method
called envelope extraction. To each pixel in the image, the signal can be smoothed with a low
pass filter to extract the envelope of the noisy signal. The noisy signal can then be divided
by its envelope to remove the dramatic motion spikes in the signal. The remaining clear
signal demonstrates information that can then be processed into the PPG image. The PPG
image data can be generated based on a number of frames captured during a time interval of
at least 10 seconds, preferably between 5 and 30 seconds.

[0116] The PPG systems can include three functional modules: illumination;
sensor (a CMOS camera); and the imaging target. The illumination and the sensing modules
can be placed on the same side relative to the target, for example in a reflective mode. The
optical beam incident on the object scatters into the target, then the back-scattered optical
signals are captured by the camera. The imaging target buried in the opaque medium varies
over time (e.g., a blood vessel changing in volume owing to pulsatile blood flow), causing
the back-scattered light to have a modulation in intensity. Differences in signal noise from
spatially different tissue regions can be used, in some embodiments, for classification of the
tissue regions as healthy tissue, vascularly diseased tissue, necrotic tissue, or other tissue
classifications.

[0117] As shown in FIG. 8, in some alternatives multispectral images can be
collected by the Staring method using a filter-wheel camera (for example, SpectroCam,
Pixelteq; Largo, FL) equipped with eight unique optical band-pass filters between 400 and
1,100 nm wavelengths. Wavelength filters with the following peak transmission can be used:
581, 420, 620, 860, 601, 680, 669, and/or 972 nm (filter widths can be £ 10 nm; for example
Ocean Thin Films; Largo, FL). Other suitable wavelengths can be used in other alternatives.
The system can be calibrated using a 95% square reflectance standard (for example,
Spectralon SG3151; LabSphere Inc.; North Sutton, NH) in order to compensate for the
different spectral response of the imaging sensor. The light source used can be a 250W

Tungsten-Halogen lamp (for example, LowePro) equipped with a frosted glass diffuser to
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create a more even illumination profile within the imager’s field of view. The system of FIG.
8 can use a telescopic lens (for example, Distagon T* 2.8/25 ZF-IR; Zeiss Inc.; USA).

[0118] In some embodiments, multispectral image data can be acquired using a
multispectral image acquisition system designed according to the following parameters. The
lighting source and the image capture module were can be placed in a reflective mode at a
distance of 60 cm away from the target surface. A tungsten light (for example, ViP Pro-light,
Lowel Inc.) can provide a broad spectral projection on the target surface in DC-mode.
Frosted glass (for example, iP-50, Lowel Inc.) can be mounted in front of the tungsten light
to diffuse the light and increased the uniformity of spatial illumination. Some incident light
can penetrate through the target surface, while any back-scattered optical signal can be
collected by the image capture module. The image capture module can include a high-
performance IR-enhanced optical lens (example model: Distagon T* F-2.8/25 mm, Zeiss), an
eight-slot filter wheel, and a 12-bit monochromatic camera (BM-141GE, JAI Inc.). The
optical bandpass filters can be designed and selected to isolate a single wavelength of light
for the camera. The following eight bandpass filters can be installed in the filterwheel in
some embodiments: the center wavelength (CWL) and the full width at half maximum
(FWHM) of the eight filters can be (CWL-FWHM, both in nm): 420-20, 542-10, 581-20,
601-13, 726-41, 800-10, 860-20, and/or 972-10. Wavelength intensity can be normalized by
using a Reflectance Zenith Lite Panel (for example, SphereOptics GmbH), and the maximum
value of a pixel can be 4098 (12 bits). The eight implemented wavelengths can be selected
based on known skin tissue absorption behavior at these wavelengths that would allow for
accurate tissue differentiation for useful classification. The camera can sequentially captured
single wavelength images through each of the eight filters as the filter wheel is rotated.
Images can be saved on the computer in an uncompressed format. Calculations and statistics
were performed using MATLAB® software (version 2014 b) or by a suitable signal
processor.

[0119] In some embodiments, the light source can be any bwoad spectrum
iHlumination source, or any illumination source that matches the desired wavelengths of light

necessary for data analysis.
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Overview of Example Embodiments Wavelength Ranges for MSI

[0120] The multispectral images described herein can be captured, in some
embodiments, by a fiber optic cable as described herein having both light emitters and a light
detector at the same end of a probe. The light emitters can be capable of emitting around
1000 different wavelengths of light between 400 nm and 1100 nm to provide for a smooth
range of illumination of the subject at different wavelengths, in contrast to previously-used
camera systems that use around eight independent wavelength options. In some
embodiments the subject can be sequentially illuminated with each wavelength through a
determined range of wavelengths, for example between 400 nm and 500 nm (such as, 400nm,
425nm, 450nm, 475nm, or 500nm) and between 720 nm and 1000 nm (such as 720nm,
750nm, 775nm, 800nm, 825nm, 850nm, 875nm, 900nm, 925nm, 950nm, 975nm, or
1000nm), or within a range defined by any wavelength between any two of the
aforementioned wavelengths, with one or more images captured of the subject at each
wavelength.

[0121] Visible and NIR ranges can be significantly different between wound and
healthy tissues, and the disclosed classification techniques carry adequate information to
differentiate clinically important tissue types. In some embodiments, the highest reflectance
values for a number of tissue types may occur at approximately 625 nm. There can be
secondary peaks at 525 nm and 575 nm.

[0122] In some embodiments, the most different values between the injury and
the healthy skin can occur between 475 nm and 525 nm; 450 nm and 500 nm; and 700 nm
and 925 nm. Accordingly, for classifying wound tissue compared to healthy skin, a
multispectral imaging system as described herein may use wavelengths in in a low end range
and a high end rage that are discontinuous, for example between 450 nm and 525 nm and
between 700 nm and 925 nm, or within a range defined by any wavelength between any two
of the aforementioned wavelengths.

[0123] In some embodiments, the most different values between the necrotic or
vascularly diseased tissue and the healthy skin can occur between: 400 nm and 450 nm; 525
nm and 580 nm; and 610 nm or 1,050 nm. Accordingly, for classifying wound tissue
compared to healthy skin, a multispectral imaging system as described herein may use

wavelengths in in a low end range and a high end rage that are discontinuous, for example
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between 400 nm and 450 nm or 525 nm and 580 nm or between 610 nm and 1,050 nm, or a
range defined by any wavelength between any two of the aforementioned wavelengths.

[0124] In some embodiments, a multispectral imaging system used for tissue
classification can use wavelengths in a low end range and a high end range that are
discontinuous, for example between 400 nm and 500 nm or between 720 nm and 1000 nm, or
within a range defined by any wavelength between any two of the aforementioned
wavelengths. For example, a probe as shown in FIGS. 5A, 5B, and 6 can be configured to
emit a number of wavelengths between 400 nm and 500 nm or between 720 nm and 1000
nm, or within a range defined by any wavelength between any two of the aforementioned
wavelengths. In some embodiments, such wavelength ranges may be suitable for tissue
classification across a range of skin pigmentation similar to those of the patients from whom
training data is collected, and a different set of ranges offset from the disclosed ranges can be
used for tissue classification of lighter or darker pigmented skin. The different set of ranges
can be identified based on separation of the spectrum received from the healthy tissue versus
the spectrum received from the tissue of interest (for example, necrotic tissue or vascular
diseased bed tissue).

[0125] In one embodiment, a set of multispectral images for use in amputation
site tissue classification can include eight images captured at different wavelengths. The set
of wavelengths can include (listed as center wavelength + full-width at half-max): 420 nm +
20 nm, 525 nm * 35 nm, 581 nm * 20 nm, 620 nm =+ 20 nm, 660 nm * 20 nm, 726 nm =+ 41
nm, 820 nm = 20 nm, or 855 nm =+ 30 nm or within a range defined by any two of the

aforementioned wavelengths.

Overview of Example PPG and/or MSI Image Processing Alternatives

[0126] Additional detail regarding advantageous image acquisition and signal
processing procedures are described with reference to FIG. 9, which illustrates processes that
may be performed by the imaging devices described herein. FIG. 9 shows an example flow
diagram 600 of the processes used by some alternatives to classify tissue. Blocks 602 and
603 show that some alternatives take multi-spectral images and multiple time separated
images (e.g. videos) using, for example, the probe 408. For the time separated images, for

example data subset 402, in order to obtain a signal with less overall noise and higher signal-
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to-noise ratios, it was found that a relatively long exposure time was desirable. In certain
cases, a capture time of twenty-seven (27) seconds was used, which is longer than the seven
(7) second capture time of conventional PPG imaging processes. Accordingly, capture times
of at least, greater than, or any number in between 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19,
20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44,
45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, or 60 seconds, or within a range
defined by a capture time that is between any two of the aforementioned numbers is desired
in some alternatives. During these capture times, the number of frames per second captured
by the imager may be set. In some circumstances, thirty (30) frames per second (fps) or sixty
(60) fps may be effective at imaging tissue. At 30 fps over 27 seconds, the imager takes
about 810 images. At 60 fps over 27 seconds, the imager takes about 1620 images. In some
alternatives, the number of images taken may vary depending on the resolution of data
needed (e.g., to capture the human heart beat). For example, for CMOS cameras, twenty (20)
to one hundred twenty (120) fps may be used. This includes sample rates of 20, 30, 40, 50,
60, 70, 80, 90, 100, 110, or 120 fps or within a range of rates defined by a sample rate that is
between any two of the aforementioned rates.

[0127] Also, in certain alternatives, light source placement was important due to
illumination spots, which were locations of light high intensity that saturated the signal and
masked pulse waveforms. In some alternatives, this issue was resolved by using diffusers and
other front-end hardware techniques. However, in cases where the illumination spots could
not be eliminated by front-end techniques, signal processing was used in some alternatives to
eliminate the illumination spots. Indeed, to create reliable images of tissue pathologies, the
signal is desirably preserved and displayed while the noise is discarded. This process
involves removing the noise associated with illumination spots and other irrelevant signals.

[0128] At block 604 the time-resolved image sequence (data subset 402 for
example) is sent to the controller/classifier/processor 412 for processing, which then uses a
PPG analysis to calculate the blood flow perfusion in the tissue area. This process can
involve amplification, linearization, signal averaging, correlation, and/or one or more filters
(for example, bandpass, highpass, or lowpass) to eliminate noise, isolate the portions of
signal of interest, and boost signal-to-noise ratios. The choice of filters is important because

too much filtering can cut out essential data while too little filtering can make the signal
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harder to analyze. Cross-correlation and auto-correlation can also be used to eliminate noise.
In some alternatives, sample signals can also be used to eliminate noise, as will be described
below. The signal is then transformed into the frequency domain. For example, in some
alternatives, a fast Fourier transform (FFT) is used. After performing the FFT, the signal is
then analyzable by frequency. The time domain variation of reflected light intensity at each
pixel over the course of the multiple time separated images has signal energy at various
frequencies. These frequencies, and the physiological events to which they correspond, give
an indication of the impact of the occurrence and intensity of those physiological events at
the tissue location imaged with the pixel. For example, the signal intensity at a pixel in a
band around 1.0 Hz, which is approximately the frequency of a resting human heart beat, can
be used to assess the blood flow to and around the tissue at the location of the pixel in the
image.

[0129] In some alternatives, relevant signals can be identified by looking at local
maxima. For example, heart rates were found by looking at the signal energy in the band
around the frequency at the highest peak and assuming that the peak was part of due to
heartbeat induced blood pressure changes. However, this method may not identify noise that
has a peak higher than the signal from the actual heart rate. In such a case, other alternatives
utilize signal processing that employs computer learning and training based on examples or
on a database of references of noisy signals, white noise signals, and other example signals.
The computer analyzes examples of relevant signals and noise to learn to identify the signals
over the noise. For example, in the case of identifying signals related to blood flow, signals
that have the same frequency content as the heart beat may be relevant. The computer
learning utilizes example heart rate signals or refers to a database of heart rate signals as a
reference so as to identify the heart rate from the noise. The computer learning process can
also analyze white noise, false heart rate signals, and noise signals with peaks higher than a
heart rate signal utilizing such reference points and databases. The computer learning can
identify the signals based on characteristics such as frequency, amplitude, signal-to-noise
ratio, zero crossings, typical shape, or any other characteristic of a signal.

[0130] In some circumstances, additional comparisons are utilized to identify
signals. For example, in some alternatives, compilations of hand-picked clinical stage signals

are created. The hand-picked clinical stage signals are then compared to the measured signals
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to classify the measured signal as a signal of interest or noise. Another technical
advancement that was implemented was the removal of edge effects. In some alternatives,
images showed grainy noise around the edge, and in some instances, regions of interest were
also less pronounced than desired. When the edge effects were removed, regions of interest
showed higher signal strength. In some alternatives, edge removal was accomplished by
using image processing, including averaging, dilation and erosion, and edge detection and
enhancement.

[0131] Another technical advancement was the automatic removal of motion
artifacts. Motion artifacts include motion associated with a patient’s breathing, a patient’s
movements, or any general vibrations around the camera or patient that may skew an image.
To remove these motion artifacts, the signal was processed with “windowing”, which
identifies regions of the time domain that are much larger and noisier than surrounding
portions and identifies those regions as “motion.” These segments are then clipped out of the
time domain, allowing a modified signal without the motion artifact. Other filters and
selection methods may also be used to remove noise and otherwise unwanted signal portions.
After this processing, the computed signal energy at the desired frequency (e.g. generally
about 1 Hz) can be classified for tissue region (e.g. for each two-dimensional pixel position)
into categories defining blood perfusion at that pixel position.

[0132] At substantially the same time as the performance of blocks 602 and 604,
some alternatives also perform blocks 603 and 605. Block 603 acquires the images forming
the multi-spectral data cube (data subset 404 of FIG. 3 for example). The data cube
comprises 2D images at every MSI spectral band. At block 603, these alternatives then apply
MSI analysis to the data, and at block 614, the system assigns a category of tissue
composition to each tissue region (e.g. for each two-dimensional pixel position).

[0133] Block 616 then combines the blood perfusion and MSI data from blocks
603 and 604 to create tissue classifications based on both MSI and PPG data.

[0134] For example, for illustrative purposes, eight bandpass filters may be used
to produce eight reflectivity values for each pixel imaged, each one corresponding to a
selected spectral band. Also, 810 images may be acquired over 27 seconds at 30 frames per
second taken using a filter with center wavelength at an infrared or near infrared wavelength

(e.g., near or around or at 840-880nm, including 840, 850, 860, 870, or 880 nm wavelengths
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or within a range defined by any wavelength that is between any two of those wavelengths).
These 810 images could be analyzed in the frequency domain as described above to produce
PPG data characterizing blood perfusion at each spatial location imaged, producing a
perfusion value for each pixel imaged. Thus, each pixel of an imaged tissue region would
have measurements corresponding to measurements taken with each of the eight bandpass
filters and a value corresponding to local blood flow. This is a total of nine (9) measurements
at each pixel. Using these 9 measurements, the pixels can be segmented (e.g., categorized)
into different categories. As will be appreciated by someone having ordinary skill in the art,
any number of measurements (e.g., 2, 10, 20, or within a range defined by any number of
measurements that is between any two of those measurements or greater than any one of
those measurements), may be taken for each pixel, and the pixels may be segmented by those
measurements.

[0135] Various segmentation/classification methods could be used. Generally,
classifiers are trained using a “training” data set where the measured parameters are known
as well as the appropriate classification. The trained classifier is then tested on a “test” data
set where also the measured parameters are known as well as the appropriate classification,
but which was not used to train the classifier. The classifier quality can be assessed by how
well the classifier successfully classifies the test data set. In some alternatives, a
predetermined number of categories could be used, and the pixels sorted into those
predetermined categories relating to amputation sites as described herein.

[0136] In other alternatives, the number of categories is unknown, and the
processor, such as processor 112, creates categories based on groupings of pixels and their
characteristics relative to each other. For example, the processor could identify a tissue
region with much poorer blood flow and much lower normalized pixel intensities at certain
wavelengths as being associated with necrotic tissue by virtue of these measurements relative
to surrounding measurements.

[0137] In some alternatives, the pixels are distributed based on preset ranges of
values for each of the categories. For example, certain ranges of values for light reflectance
may be associated with healthy skin. When data falls within those ranges, the tissue is
identified as healthy skin. These preset ranges may be stored in memory on the system 412,

entered by a user, or otherwise determined automatically by system learning or adaptive
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classifiers. In some alternatives, categories are defined by information transferred to the
system by an external source, such as by a data uplink, cloud (as will be discussed later in
this disclosure), or any data source. In other alternatives, present ranges of values for each
category are unknown and the processor adapts categories based on comparing
measurements at each pixel to each other.

[0138] In some alternatives, an adaptive classifier may be used to categorize
pixels into groups with common characteristics, and identify those groups. For example,
graph theory may be used to divide the pixels into categories by finding graph cuts, such as
minimum cuts. Other segmentation methods could also be used, such as thresholding,
clustering (e.g., k-means, hierarchical clustering, and fuzzy clustering), watershed, edge
detection, region growing, statistical grouping, shape recognition, morphological image
processing, computer training/computer vision, histogram-based methods, and any
segmentation method known in the art of categorizing data into groups.

[0139] In some alternatives, historical data may be used to further inform the
segmentation. The historical data may include data previously obtained by the patient and/or
data from other patients. In certain alternatives, other data, such as skin tone, race, age,
weight, gender, and other physiological factors, are considered in the segmentation process.
In any case, data may be uploaded, obtained from a cloud, or otherwise inputted in the
system, including using UI 114. In certain alternatives, a dynamic library of patient data is
analyzed. Statistical methods, including t-tests, f-tests, z-tests, or any other statistical method
for comparison, may be used to compare previously identified images to acquired images.
Such comparisons, for example, might take into account measured pixel intensities, relative
measurements of pixels to other pixels in an image, and pixel distributions.

[0140] In certain alternatives, the dynamic library may be updated with
exemplary images of tissue conditions, such as amputation sites, to aid in the classification of
tissue. In other alternatives, the images may be designated and identified by what tissue
conditions they show, and how well they show them. Desirably, a full range of images at
different angles should be in the dynamic library in order to account for the variations in the
angles, quality, and conditions of the skin conditions imaged.

[0141] Turning back to FIG. 9, a variety of data outputs may be presented to the
user. These include a PPG perfusion image 620 based on the PPG data, an MSI classification
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image based on the MSI data, a white light illumination image based on normal RGB data,
and a MSI/PPG fusion image 622 which illustrates classification based on the combined MSI
and PPG data. For example, the display outputs could be combined MSI/PPG fusion
classification images 622. In such images, each tissue region (e.g. pixel) of the subject is
classified into amputation site classification such as healthy, hyperemia, necrotic, potential
amputation skin flap, and vascularly diseased as described above. Additionally or
alternatively, data outputs such as percentage in each category could be presented to the user.

[0142] The use of both the composition and viability data in classifying tissue is a
significant advancement over the prior art.

[0143] FIG. 10 illustrates an example time-resolved PPG signal extraction.
Diagram 1700 shows intensity at image pixel (x, y) extracted sequentially from 800
contingent frames. Diagram 1701 shows a processing method for quantifying PPG signals.

[0144] In one example, a sequence of 800 images at a frame rate of 30 frames-
per-second can be and stored as uncompressed TIFF files. The PPG signal intensity can be
calculated on a pixel-by-pixel basis. The steps for PPG signal and image processing can be
as follows: (1) de-trending, which removes the DC wandering; (2) down-sampling in time-
domain to reduce the data volume; (3) filtering of the signal; (4) fast Fourier transformation
(FFT) converting time-resolved signal to frequency-domain; (5) extracting the spectral
power, particularly at the frequency equivalent to the heart rate; (6) calculating the ratio of
the summation of intensity in heart rate band to the summation of the intensity in higher
frequency band or non-target frequency band (regarded as noise) calculated as the signal-to-
noise ratio (SNR); (7) PPG image outputs use a color map to represent each pixel’s PPG
SNR. The colors are mapped linearly from lowest signal present to highest signal preset
within a single image. Signal processing can be conducted with MATLAB or by a
specialized signal processor.

[0145] FIG. 11 illustrates an example block diagram of PPG output
preprocessing. PPG images are created according to 800 frames from a 27 second video of
the amputation site are collected for each image. A PPG signal in time is defined for each
pixel. The purpose of this pre-processing is to obtain some physiological information related

to the heart rate of the subject, as well as some initial features for the classification step.
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From this time domain signal (one for each pixel), pre-processing is carried out, which is
schematized in FIG. 11 and summarized as follows.

[0146] An initial spatial averaging is computed; then, a deconvolution is
performed in which the high amplitude component at low frequency - corresponding to the
artificial ventilation of the sedated subject - is removed. A linear detrend of the signal, as
well as a band pass filtering over the range of frequencies where the heart rate is expected, is
performed. A fast Fourier transform is applied to the time domain signal of each pixel in
order to compute the frequency domain version.

[0147] In some embodiments, for each pixel, four metrics are obtained from these
sets of frequency signals: (1) signal-to-noise ratio (SNR), (2) max-over-mean, (3) number of
standard deviations away from the mean, and (4) number of times the signal crosses a
threshold level. These four metrics are used for establishing a vessel probability in each pixel
of the image. The vessel probability indicates how useful a pixel is for providing information
about heart rate. For those pixels whose vessel probability is > 0.9, the values of the heart
rate corresponding to the maximum of the frequency signal are stored. The most repeated
value is selected as the true heart rate of the subject for the current step. From this value, an
improved SNR metric is calculated. Finally, a mask is defined setting to one (1) those pixels
whose heart rate corresponds with the calculated rate, and setting a value between 0-1 to the
rest of pixels, depending on their degree of difference from the true heart rate. The PPG
Output metric is the result of the product between the improved SNR and that mask.

[0148] All these six (6) metrics give physiological information about the blood
flow approximately 0.5 cm below the surface of the body of the subject under study for each
pixel of the image.

[0149] These selected pixels can be extracted and individually processed to
determine the strength of the PPG signal at the indicative points. The metric used for
evaluating the strength of the PPG signal can be power spectral density (PSD), a measure of
the distribution of signal power across frequencies. The power spectral density at the
pulsatile frequency provide a clear logarithmic trend for which the intensity of PPG signal

received constantly increases across the intensity values.
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Overview of Example Amputation Site Analysis Alternatives

[0150] The above-described lack of a sufficiently accurate metric/test to
determine healing potential and the multiple factors that are known to affect the body’s
wound healing capacity means that a multivariate approach to diagnosis is required for
improved assessment. The disclosed technology is uniquely positioned to address this
problem, because the disclosed devices are designed to handle information in the form of
multiple independent variables to classify tissue pathological processes. The disclosed
imaging devices can use machine learning to combine two optical imaging techniques,
photoplethysmography imaging (PPG Imaging) and multispectral imaging (MSI), with
patient health metrics, such as diabetic control or smoking, to generate prognostic
information (FIG. 12).

[0151] FIG. 12 illustrates a high-level graphical overview of two optical imaging
techniques, photoplethysmography imaging (PPG Imaging) and multispectral imaging (MSI)
that can be combined with patient health metrics to generate prognostic information
according to the present disclosure. The disclosed systems can implement these techniques
for classifying patient tissue using any of the imaging technology described herein. The
combination of MSI and PPG image data can maintain the high sensitivity and specificity
necessary to select appropriate LOA in patients with dysvascular disease. The two optical
imaging methods are designed to infer important tissue characteristics, including arterial
perfusion and tissue oxygenation. These two measures are key to selecting LOA, because
wound healing in patients with peripheral arterial disease (PAD) is hampered by a critical
lack of arterial perfusion, resulting in low tissue oxygenation. The disclosed methods can
assess perfusion at the tissue level over large areas of the leg simultaneously to identify
under-perfused regions of the limb. This is in contrast to the guess work that is involved
when using clinical judgment alone, during which the observer must assess for the proper
LOA based on patient history and physical examination combined with vascular studies that
rarely include a thorough evaluation of the patient’s microcirculation. Meanwhile, the
disclosed technology also assesses patient health metrics that have systemic effects on wound
healing potential. By combining a local assessment of tissue microcirculation with a global
assessment of systemic factors affecting wound healing, the disclosed technology accounts

for the plurality of factors affecting wound healing rather than a single variable.
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[0152] An amputation site analysis system as described herein can use a statistical
discipline called machine learning to study multi-variate systems for predictive analysis in an
applicable manner. This approach can provide key information to the patient’s overall
likelihood of primary wound healing by incorporating data from local microcirculatory
assessment with systemic factors affecting wound healing (such as diabetes mellitus,
smoking status, age, and nutritional status) that cannot be readily observed in the
microcirculation with current technology. Because both local and systemic factors affect the
ultimate likelihood of healing, the amputation site analysis system accuracy can be improved
by considering all of these factors together.

[0153] An amputation site analysis system can have at least 95% sensitivity and
95% specificity for predicting likelihood of primary wound healing after amputation at the
investigated level. If used for routine assessment of patients prior to amputation at this
sensitivity and specificity, an amputation site analysis system as described herein can reduce
the rate of re-amputation by 67%, resulting in 10,000 fewer re-amputations per year while
improving quality of life for amputees and reducing health costs associated with their care.
Currently, an ABI exam prior to amputation costs Medicare approximately $150 per patient,
and most of the cost incurred is from the technician’s time in performing the exam and the
practitioner’s time in interpreting the results. The proposed device will have no impact on
the current cost of LOA assessment, because it is expected to cost the same as current
vascular assessments. Unlike some current LOA tests, the disclosed imaging system does not
require disposables. Its routine cleaning and servicing costs are similar to those of systems
currently on the market.

[0154] The disclosed imaging technology is designed to fuse the optical imaging
techniques of photoplethysmography imaging (PPG imaging) and multispectral imaging
(MSI). FIG. 13 illustrates example views of an apparatus designed to fuse the optical
imaging techniques of photoplethysmography imaging (PPG imaging) and multispectral
imaging (MSI). Moreover, it is capable of incorporating key patient health metrics into its
assessment classifier. The disclosed technology is now capable of combining blood flow
assessment (e.g., arterial pulse amplitude) with tissue characterization (e.g., spectral
analysis). When these measurements are taken from the tissue together, they provide a more

accurate assessment of the tissue than does either measurement alone.
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[0155] Studies to determine likelihood of healing at a certain LOA have
demonstrated marked differences in tissue oxygen levels between sites resulting in successful
vs. unsuccessful amputations. These studies investigated tissue oxygenation using
transcutaneous oxygenation measurement (TCOM). However, the use of TCOM has not
surpassed clinical assessment despite the availability of this technology for decades, and no
clear cutoff for tissue oxygenation at a given LOA that is prognostic for successful
amputation has been determined in a large clinical trial. According to the assessment of
experts, TCOM has not been adopted into clinical practice for several reasons. First of all,
TCOM collects data from a very small area of interest (approximately 3 cm by 3 cm). The
TCOM procedure also requires heating of the patient’s skin, which can occasionally lead to
skin burns, particularly in patients with PAD. For example, TCOM procedures require
placement of adhesive electrodes that heat patient skin to 45°C, occasionally causing skin
burns, particularly in patients with PAD. In addition, no clear cutoff for a TCOM level that
is prognostic of successful amputation has been determined in a large clinical trial. Finally,
results of TCOM are subject to variations in ambient temperature and localized tissue edema,
limiting the intra-temporal consistency of the device.

[0156] The amputation site analysis system has been designed to overcome the
various limitations of TCOM and other available devices to prognosticate likelihood of
healing at a selected LOA. The device captures data across a large tissue surface area,
allowing the characterization and mapping of tissue oxygenation and perfusion variability
across the entire surface rather than in an isolated area. The amputation site analysis system
18 non-invasive and non-contact and does not emit harmful radiation, so no major risk of
patient harm is inherent to the device. The device is also not affected by minor variations in
ambient temperature. Most importantly, however, the amputation site analysis system
analyzes clinically significant patient health metrics such as diabetes mellitus history,
presence of infection, smoking status, and nutritional status to provide the end-user with a
comprehensive assessment of wound healing potential, whereas previous technologies have
only been able to assess local tissue oxygenation.

[0157] Aspects of the proposed imaging device encompass non-invasive, non-
contact, non-radiation optical imaging for a variety of tissue classification applications,

including classification of tissue types at a pre-operative and/or post-operative amputation
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site, as well as identification of a recommended optimal LOA. The disclosed imaging system
is a point of care perfusion imaging system that provides diagnostic images derived from
measurements of tissue perfusion and patient health metrics. Nursing staff can be easily
trained to perform the imaging test. The imaging of a limb takes approximately 10 minutes,
with results stored electronically for physician review. From the patient’s perspective, the
test is highly acceptable because it has no harmful side effects, does not contact their skin,
and causes no discomfort.

[0158] One aspect of the disclosed technology is the addition of patient health
metrics to microcirculation assessment to improve the accuracy of diagnosing wound healing
potential during amputation planning. As stated previously, the amputation site analysis
device simultaneously performs two optical imaging methods of blood-flow assessment. The
first of these, PPG imaging, is the same technology used in pulse oximetry to capture vital
signs including heart rate, respiratory rate, and SpO», though the disclosed amputation site
imaging devices are more advanced, because they can capture over 1 million spatially unique
PPG signals across a large area of tissue. The PPG signal is generated by measuring light’s
interaction with dynamic changes in the vascularized tissues. Vascularized tissue expands
and contracts in volume by approximately 1 - 2% with each incoming systolic blood pressure
wave at the frequency of the cardiac cycle. This influx of blood increases the volume of the
tissue and brings additional hemoglobin proteins that strongly absorb light. Therefore, the
total absorbance of light within the tissue oscillates with each heartbeat. This information can
be translated into the vital signs reported by pulse oximeters.

[0159] In order to generate images from the plethysmogram, the disclosed
systems can take advantage of light’s pathway through the tissues. A small portion of light
incident on the tissue surface scatters into the tissue. A fraction of this scattered light exits
the tissue from the same surface it initially entered. Using a sensitive digital camera, this
back-scattered light is collected across an area of tissue so that each pixel in the imager
contains a unique PPG waveform determined by changes in intensity of the scattered light.
To generate a 2-D visual map of relative tissue blood flow, the amplitude of each unique
waveform is measured. To improve accuracy, the disclosed systems can measure the

average amplitude over many heart beat samples.
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[0160] The second optical measurement captured by the amputation site analysis
system is MSI. This technique measures the reflectance of select wavelengths of visible and
near-infrared (NIR) light (400 — 1,100 nm) from a tissue’s surface. Spectral characterization
of substances is primarily used in remote sensing (e.g., satellite or in-flight imaging) for
geological exploration or the detection of military targets, but this technology is gaining
ground in medical applications. This method is effective for quantifying key skin properties
relevant to several pathologies, including PAD. Relevant to selecting LOA, MSI data can be
used quantify the volume fraction of hemoglobin and the presence of oxygenated
hemoglobin.

[0161] The wavelengths of light employed by MSI in the amputation site analysis
system can be selected based on well-established characterizations of light-tissue interaction.
Melanin within the stratum corneum and the epidermis mainly absorbs UV and visible
wavelengths. Near infrared wavelengths (700-5000nm) are the least absorbed by melanin and
have been found to be the best at penetrating through the dermis. Hemoglobin is largely
contained by vessels coursing through the dermis, and its concentration determines the
degree of dermal absorption of wavelengths greater than 320nm. Hemoglobin absorption of
light also changes depending on whether the molecule is oxygenated or deoxygenated. As
tissue melanin and hemoglobin concentration, as well as the oxygenated hemoglobin
fraction, are altered during disease states, MSI detects changes in the resulting reflectance
spectrum. Therefore, abnormal skin tissue can be identified by changes in its reflectance
spectrum as compared to healthy tissue. Although MSI may use a lower number of unique
wavelengths to describe the tissue as compared to newer hyperspectral imagers, MSI remains
superior when the combination of spatial resolution, spectral range, image acquisition speed,
and cost are considered together.

[0162] The third component of data utilized by the amputation site analysis
system is the relevant patient health metrics collected during routine patient assessment. A
variety of factors that affect wound healing have been identified. Many or all of these factors
(including patient age, diagnosis of diabetes mellitus, history of smoking, infections, obesity,
medications, nutritional status) commonly affect patients with PAD subjected to lower limb
amputations. Although clinicians currently consider a gestalt of these variables when

assessing potential LOA, the amputation site analysis system is capable of assessing these
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metrics quantitatively to predict likelihood of primary wound healing at a given LOA. The
integration of patient health metrics with optical imaging data is performed by the
amputation site analysis system with its machine learning tissue classification techniques. A
practitioner can input relevant patient health metrics into the device at the time of imaging. In
some embodiments, input of the patient health metrics can be authorized by a patient and/or
physician and then such metrics can be automatically provided from a hospital information
database or an electronic patient medical record. In some implementations this data can be
treated as additional variable(s) by the disclosed machine learning model, no different than
the optical data collected by PPG imaging and MSI In other implementations the machine
learning model can use the patient metrics to identify a specific tissue classifier suitable for
classifying the patient’s tissue, for example from a number of different classifiers trained
from different data sets. The machine learning model can be trained to generate a
quantitative output after assessing all data collected by the amputation site analysis system.
The quantitative output can be translated into an image identifying areas of the scanned tissue
surface that are likely or unlikely to heal following amputation, to generate a mapping of
various regions of tissue classifications, and/or to recommend a LOA.

[0163] The amputation site analysis system can include a combination of a PPG
imager, an MSI camera, and objective patient health metric inputs, as illustrated in FIG. 14.
By adjusting system settings and classifier parameters, the amputation site analysis system
can be tuned to assess tissue characteristics under different pathological conditions. For LOA
studies, the disclosed technology can have developed specific classifiers and use specific
optics and filters that are tailored to measures of pulse amplitude and tissue oxygenation for
prediction of wound healing following primary amputation as described in more detail
below.

[0164] FIG. 15A illustrates an example process for training a machine learning
diagnostic model. Training a diagnostic classifier using a machine learning model can be
done using data from the population on which it will eventually be used (FIG. 15A). The
accuracy of the classifier can only be as accurate as the methods used to identify the true
status of the training data, in this case the non-healing vs. healing amputation groups. To
address this, the disclosed methods generated a standardized amputation healing assessment

system to track and classify outcomes. The classifier development iterates from an initial
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determination of accuracy, conducting research to improve accuracy, and then assessing the
new accuracy. This provides evidence showing that combining the microcirculation imaging
(PPG and MSI) with patient health metrics can accurately classify patient tissue at an
amputation site. Although certain disclosed embodiments are described as using both PPG
and MSI data together, other embodiments can successfully use MSI features without PPG
features to achieve suitable classification accuracies.

[0165] The pilot clinical study design included a 60-patient study investigating
the disclosed system’s accuracy of predicting primary healing in amputations on patients
with PAD compared to the current standard of care.

[0166] The disclosed imager collected spectral and PPG signals from a large area
(up to 15 x 20 cm of tissue) of the cutaneous blood supply using optical methods. This
instrument is well suited to study large regions of the lower extremity skin microcirculation.
A unique aspect of the device is that it is capable of integrating important patient health
characteristic into its diagnostic classifier to increase accuracy. The pilot study has identified
the promising patient health metrics and confirmed patient that health metrics included in the
device’s machine learning diagnostic classifier improve accuracy over the microcirculation
measurements alone. The disclosed technology can determine the microcirculation at each
traditional LOA combined with patient health characteristics affecting wound healing and
determine how this correlates to the patient’s primary wound healing potential after
amputation.

[0167] The lower limb to be amputated of every patient was be examined and
included in the study. Clinically relevant patient health information was be gathered by the
facility’s care providers. Measurements taken with the disclosed imaging device were
carried out by hospital staff previously trained to perform the imaging tests.

[0168] The region of skin used for covering the stump of an amputation was
graded for positive or negative healing capability with the LOA tissue classifier. The
technician performing the amputation site analysis was blinded to the results of the clinical
decision as to where the amputation will be performed.

[0169] To obtain true positive (+) and true negative (-) events, or non-healing and
healing subjects, the disclosed techniques used a standardized primary wound healing after

amputation assessment (table 2). This assessment included three categories including:
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successful amputation; successful amputation with prolonged healing; and failure to heal.
Successful amputation is considered healing within 30 days with completed granulation and
no need for additional amputation. Successful amputation with prolonged healing is
considered delayed healing with granulation incomplete at 30 days, but with eventual healing
within six months and no need for re-amputation to a more proximal level. Lastly, failure to
heal will be characterized by development of necrosis and/or gangrene, and/or the need for
re-amputation to a more proximal level. Additionally, the disclosed techniques can consider a

wound requiring revascularization to heal as a failed amputation.

Table 2. Standardized Wound Healing Assessment

Event Category | Characteristics

Healing within 30 days with completed

Healing | granulation and no need for additional

amputation
Negative i i i
o Incomplete healing with granulation at 30
Delayed | days, but with eventual healing within six
Healing | months and no need for re-amputation to a
more proximal level
Development of necrosis and/or gangrene,
Positive Non- .
and/or the need for re-amputation to a more
(+) healing

proximal level

[0170] These healing assessments took place 30 days post operatively. For the
subjects with delayed healing, the disclosed techniques can make a second healing
assessment at six months following surgery. Subjects that not healed at six months and have
not had a more proximal re-amputation were categorized to the non-healing group.

[0171] FIG. 15B illustrates example steps in generating a classifier model for a
level of amputation. After the initial accuracy is established, the classifier can be developed
with a standard set of methodologies for improving accuracy (FIG. 15B). One aspect of this
process is addressing the bias-variance trade-off that comes with large models. In other

words, the classifier may fit very well to the data in the current study cohort, but not transfer
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to the general population. In order to address this, the disclosed techniques can conduct
feature selection to establish a combination of microcirculatory measurements and patient
health data with a high accuracy but a minimum redundancy between variables (e.g.,
eliminate information from the model with co-variance). A range of classifier models can be
implemented for sorting the data, including but not limited to linear and quadratic
discriminant analyses, decision trees, clustering, and neural networks, and convolutional
neural newtorks.

[0172] The disclosed techniques can predict primary healing of an amputation at
a rate comparable to the current standard of care (70 — 90 %), and increases in this accuracy
can be achieved in a larger clinical study.

[0173] Revascularization procedures are sometimes performed with amputation
surgery, and this additional procedure may influence the results of the diagnosis. These cases
were recorded and considered in the statistical analysis to identify whether there is any
interaction between these procedures and the outcome of the diagnostic decision. Another
potential issue is in combining the delayed healing group with the healing group in the
dichotomous device output. There can be significant differences in the delayed healing
population and the healing population that can be included as a separate category in the
diagnostic output. Conversely, the delayed healing group may have data that more closely
agrees with the non-healing group, and they cannot be separated easily. In this case the
disclosed techniques can include the data from more proximal images into the classifier. The
clinical utility of the device may still be valuable in this case as a tool to identify
complications in amputation rather than simply success or failure.

[0174] Skin pigmentation differences can introduce variability to the
measurements collected from the subjects in this study. In order to overcome these
differences the disclosed methods can include the identification of a healthy region of the
patient’s tissue to which the wound tissue measurement can be normalized. Other
alternatives mat automatically identify a melanin index of the patient’s skin, and the melanin
index can be input as a patient health metric either as a variable in the classifier or as a factor
in selecting a suitable classifier from a number of different classifiers.

[0175] Another issue is that normal blood-flow to the skin can be seen in patients

with PAD. This could be the result of compensation by collateral vessels. However, it is
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shown that patients with PAD have poor response to exercise and short-term ischemia. One
alteration that can be easily performed is to test the patient’s imaging signal after inflation of
a pressure cuff in the measured limb to create ischemia for 3 min. PAD is known to lengthen
the time to reach 50% of peak reactive hyperemia response, and this can be measured by the
same optical properties of the tissue that the amputation site analysis system assesses.

[0176] FIG. 15C illustrates example steps for generating a machine learning
model according to the present disclosure. Machine learning (ML) can be a valuable tool for
simultaneous analysis of multiple variables to arrive at a medical diagnosis, for example PPG
information, MSI information, and patient health metric information as described herein. The
method of developing a ML tissue classifier as described herein can include the following
steps as shown in FIG. 15C: 1) define the clinical question 2) select variables to measure 3)
collect data to train the classifier 4) measure the accuracy of the classifier 5) identify sources
of error 6) revise the classifier to correct for error and improve accuracy 7) freeze and
validate accuracy using an independent dataset (Figure 3).

[0177] One consideration in development of the disclosed ML classifier is
transferability of the model from a clinical study cohort to the total population. To ensure
better transferability, careful consideration can be made to select training data that represents
the eventual population on which the classifier will be used. To this end, the classifier can be
separated in some implementations into a number of variations based on training data
grouped by common values of patient health metrics, for example diabetes status, BMI,
smoking status, and the other metrics described herein. Training data can be grouped based
on common values of one or more patient health metrics to provide a number of refined
classifiers specific to certain patient populations. Also, selection of the clinical variables
implemented in the model can be rigorous. As more data is collected from a population of
interest, new information can be integrated into the database and used to re-train or "smarten"
the classifier(s).

[0178] ML is well suited to handle the multivariate problem of predicting healing
at a selected LOA. In the diagnosis of LOA, there are many factors that provide useful
information but their individual importance to the final decision currently depends on
qualitative clinical judgment. In contrast, ML integrates multiple variables and assigns these

variables an appropriate weight leading to a quantitative output. The tissue classifier analyzes
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optical data collected by PPG imaging and MSI to quantitatively predict amputation site
healing. The output can be translated into an image that classifies the microcirculation health
of skin tissue at a potential LOA and/or identifies a line or region corresponding to predicted
optimal LOA.

[0179] As part of this assessment, the disclosed techniques can gather data from
numerous amputation patients with the purpose of training a diagnostic machine learning
classifier for diagnosing the healing potential in various amputation scenarios. Imaging via
the disclosed devices is rapid, non-invasive, and non-contact, and as such imaging studies
can be performed in routine care settings such as the bedside or pre-operatively.

[0180] FIG. 16 illustrates a graphical example diagram of tissue that can be
involved in amputation procedures. Dotted lines indicate the location of skin incisions and
red ovals indicate the location of skin that must be viable for successful primary healing of
the amputation.

[0181] Significant patient health information that can be used in the diagnostic
model may be collected by the clinical staff at the individual clinical sites. The disclosed
techniques do not collect any data that is beyond standard-o-care. These patient health
metrics can include, but are not limited to: metrics of diabetic control (e.g., HbAlc, glucose,
and insulin), smoking history, obesity (e.g., BMI or waste circumference), nutrition (e.g.,
albumin, pre-albumin, transferrin), infection (e.g., WBC, granulocyte status, temperature,
antibiotic use), age, mechanism of injury, and important medication (e.g., glucocorticoids or
chemotherapy). Values of these patient health metrics (for example, a binary yes or no value,
a value representing a degree of the patient health metric on a scale, and the like) can be
added to the diagnostic classifier by inputting the information into the software on the
amputation site analysis system.

[0182] A machine learning classifier can sort subjects into the non-healing (+
event) and healing (- event) classes based on the clinical features collected for each patient.
Some implementations can include all of the features in the classifier. The classifier’s
accuracy can be determined by 10-fold cross-validation as follows: first generating the
classifier coefficients with 60% of the subjects included at random, and then the remaining
40% of the subjects will then be sorted by the trained classifier. The classifier’s accuracy in

sorting the subjects in the 40% hold-out group can be calculated using standard sensitivity
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and specificity methods. This can be repeated 10 times to generate a robust quantification of
accuracy.

[0183] FIG. 17A illustrates an example clinical study flow diagram for
amputation site imaging evaluation. Subjects are selected for satisfying inclusion and
exclusion criteria. Microcirculation data for each subject can be collected by imaging the
skin using the disclosed MSI and PPG imaging device. Scans of approximately 30 sec each
can be obtained from each limb awaiting amputation. The device can image regions of the
ankle and foot according to the traditional surgical methods of amputation in PAD patients
including: above the knee (AKA), below the knee (BKA), above the ankle (i.e., foot),
transmetatarsal, or toe. The regions of skin that are used as a flap to cover the stump can be
selected for analysis to identify whether the flap tissue has a required level of circulation for
contributing to a successful amputation (FIG. 16). PPG and MSI images can be collected
from the region of skin that would be used for the skin flap over the most distal portion of the
stump at each traditional LOA. This region of tissue can be selected due to its impact upon
the primary healing of the surgical site.

[0184] FIG. 17B illustrates an example clinical study flow diagram for
amputation site imaging evaluation. Subjects are selected for satisfying inclusion and
exclusion criteria. Diagnosis of amputation site healing can be made during imaging using
the disclosed imaging device. Scans of approximately 30 sec each can be obtained from each
leg awaiting amputation. The device can image regions of the ankle and foot according to
the traditional surgical methods of amputation in PAD patients including: above the knee
(AKA), below the knee (BKA), above the ankle (AAA), transmetatarsal, or toe. The regions
of skin that are used as a flap to cover the stump can be selected for analysis (FIG. 16).

[0185] Significant patient health information used in the diagnostic model can be
collected by the clinical staff at the individual clinical sites or authorized for automatic
extraction from an electronic medical information database such as a patient electronic
medical record. The disclosed techniques comply with all applicable privacy regulations and
do not collect any data that is beyond standard of care. Patient health metrics can include:
measures of diabetic control (e.g., HbAlc, glucose, and/or insulin), smoking history, obesity
(e.g., BMI or waste circumference), nutrition (e.g., albumin, pre-albumin, or transferrin),

infection (e.g., WBC, granulocyte status, temperature, or antibiotic use), age, and/or
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important medication (e.g., glucocorticoids or chemotherapy). This information can be added
to the diagnostic classifier by inputting the information into the software on the amputation
site imaging device or used to select an appropriate classifier trained based on data from
patients with corresponding patient health metric values.

[0186] PPG and MSI imaging measurements from the five amputation sites of the
affected limb can be evaluated to determine the wound healing potential. From each limb,
the disclosed techniques can determine an overall healing score and compare these
measurements to the actual amputation success in the limb to get an overall accuracy of the
assessment. This can result in receiver operating characteristics (ROC), an outcome measure
of sensitivity and specificity.

[0187] For one possible outcome measure of grading wound healing, the
disclosed techniques can compare the automated amputation site diagnosis from the location
of amputation determined by the clinician to the success of that amputation determined by
the standardized wound healing assessment. This analysis can result in a receiver operator
characteristic (ROC) curve for the amputation site diagnostic classifier.

[0188] This trial establishes the device’s sensitivity and specificity and tests that
these numbers outperform clinical judgment to select LOA. The established goal was for the
amputation site analysis system to achieve 95% sensitivity and 95% specificity in diagnosing
LOA to overcome the poor 70 — 90 % accuracy of current clinical judgment. In order to
establish a sample size, the disclosed techniques can first put this in terms of positive
predictive value (PPV) and negative predictive value (NPV), which required that the
prevalence of the disease be known. The disclosed amputation site analysis techniques can
identify the prevalence of re-amputation to a more proximal level in the population to be
screened (patients > 18 years of age requiring initial amputation on the affected limb due
dysvascular disease) to be approximately 20 % (reference). Therefore, the desired positive
predictive value is 97% and the desired negative predictive value is 93%.

[0189] An analysis of sample size to test the following hypotheses was performed
using the methods outlined by Steinberg et al., 2008, "Sample size for positive and negative
predictive value in diagnostic research using case—control designs," Biostatistics, vol. 10, no.
L, pp. 94-105, 2009. Where the significance level (o) is 0.05 and the desired power () is
0.80.
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For PPV for NPV
Ho: PPVsystem = PPViinical Judgment Ho: NPVsystem = NPVlinical Judgment
Hai: PPVsystem > PPViinical Judgment Hi: NPVsystem > NPV linical Judgment

[0190] The results show to reject these null hypotheses (Ho) the disclosed
techniques can must enroll a total number of 236 lower limbs with 1/5 of the limbs being
non-healing (+ event) according to the healing assessment (FIG. 18). However, the disclosed
techniques can cannot pre-select this ratio to be 1/5, because the disease state of the subjects
prior to enrollment may not be known. Therefore, this ratio may differ. If the ratio is much
lower, 1/10 of the limbs being non-healing (+),the disclosed techniques can require approx.
450 total limbs and if much higher, 3/5 non-healing (+) limbs, the disclosed techniques can
require only 124 total limbs.

[0191] FIG. 17C illustrates an example training study flow diagram for training a
machine learning classifier as described herein. In Phase I, the disclosed imaging devices
will be used to gather data to finalize training of the classifier in a clinical study enrolling a
cohort of amputation patients (FIG. 17C). Imaging studies will be performed prior to
amputation in routine care settings as part of a nonsignificant risk study.

[0192] During this training study, a large dataset of training images will be
obtained on which testing of variables in specific classifier components will be evaluated
with the goal of being able to achieve a sensitivity and specificity of 90% sensitivity and
specificity. Standardized Amputation Healing can be determined based on the ultimate
outcome of the amputation (healing or non-healing). Training can be performed via
collection of data that accurately represents a population on which the classifier will
eventually be used. Importantly, the classifier can only be as accurate as the methods used to
identify the true status of the training data, in this case the healing or non-healing of the
amputation site selected by a clinician. Thus, the disclosed techniques involved generating a
Standardized Amputation Healing Assessment System (SAHAS) to classify outcomes (Table
3 below). Additionally, skin tone is expected to impact at least the MSI optical
measurements. Therefore, the amputation site analysis system can categorize subject skin
tone according to their melanin indices, for example using data from a portable colorimeter,

and utilize this data in classifier development.
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[Healing [Healing within 30 days and no need for revision or revascularization.

Incomplete healing at 30 days or development of necrosis and/or gangrene,
and/or the re-amputation to a more proximal level, and/or
subsequent revascularization

Non-
healing

Table 3
[0193] Training data will be gathered from 49 hospitals and 8 wound care centers,

having one of the busiest vascular surgery groups. Subjects will be evaluated for inclusion
and exclusion criteria. Inclusion criteria include that the patient requires initial amputation
on a limb secondary to PAD, is able to give informed consent, and is at least 18 years of age.
PAD is defined as arterial insufficiency due to atherosclerosis based on one or more of the
following assessments: ABI 0.9; duplex ultrasonography showing clinically significant
occlusion; arteriography; or assessment demonstrating median arterial calcification.
Exclusion criteria include no diagnosis of PAD, prior amputation on the affected limb, or life
expectancy less than 6 months.

[0194] Patients will be assessed 30 days postoperatively to determine whether the
primary wound at the clinician-selected LOA has successfully healed according to the
SAHAS so that the classifier can be trained.

[0195] The lower limb to be amputated will be imaged by hospital staff trained to
use the disclosed imaging devices. Research coordinators will document the subjects'
melanin index and at 30-days the SAHAS data obtained by the attending vascular surgeon.

[0196] One hundred sixty (160) subjects will be enrolled and imaged according to
a standardized protocol prior to amputation (FIG. 17C). Imaging will be performed during
the same clinical encounter at which LOA has been determined by the clinician, who will be
blinded to the amputation analysis results. Thirty days following amputation, subjects will be

assessed for postoperative wound healing using the SAHAS (Table 3). The pre-amputation
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image data can be “truthed” based upon the results of the clinical healing assessment (healed
versus non-healed) and used to train the classifier.

[0197] The classifier to classify the non-healing and healing categories can be
trained from collected data. To train the classifier's ability to correctly identify the
microcirculation zones in an amputation site, the disclosed techniques can “truth” the
captured images to the true status (for example, ground truth mask; FIG. 20B) of the
amputation site's microcirculation zones and train the classifier based on the truthed data. To
obtain the true status of the amputation site's microcirculation zones, subjects will be
clinically assessed at 30 days to categorize the amputation site according to the SAHAS.
Results of the clinical healing assessment will serve to aid the physician in labeling the true
zones of amputation site microcirculation on the captured images. Ground truth plus raw
image data can be included as inputs to the classifier training protocol.

[0198] The classifier can initially include all the proposed tissue measurements
(PPG and MSI). These measurements, as well as patient health metric information, can be
used in training the fully convolutional neural network that was used to generate the
preliminary data. Additionally, pre and post-processing methods and other classifiers can be
tested to improve accuracy. Using the A 10-fold cross-validation procedure can determine
classifier accuracy: 1) generate classifier coefficients using training samples consisting of
60% of the subjects selected at random without replacement (training group); 2) classify the
remaining 40% of subjects (test group) with the trained classifier; 3) quantify the classifier 's
accuracy; 4) repeat 10 times to generate a robust measurement of sensitivity and specificity.
Selection of the most accurate classifier architecture(s) can then be made. Further analysis of
these top performers can involve generating receiver operator characteristic (ROC) curves.

[0199] To address the potential effect of skin tone, the disclosed techniques can
evaluate the effect of skin tone on the raw optical measurements from the different
microcirculation classes. If this effect is significant, the disclosed techniques can incorporate
each subjects' melanin index measurement into the classifier, re-train, and evaluate classifier
accuracy. The melanin index can be identified automatically in some implementations using
the disclosed imaging systems, can be input by a clinician, and/or can be provided from an
electronic record. In some embodiments this can provide a significant improvement in

classifier performance, and can be used for developing methods to obtain a subject's melanin
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index during imaging with the disclosed imaging device (for example, by developing a
classifier to obtain a melanin index directly from a MSI measurement).

[0200] After the initial sensitivity and specificity are established, the disclosed
techniques can improve the classifier with a standard set of methodologies. One issue in this
process is to address a trade-off inherent to complex classifiers. Complex classifiers fit very
well to the data from which they were derived, but they may not transfer to another
population due to their complexity. In order to address this, the disclosed techniques can
conduct variable selection to establish a combination of PPG and MSI measurements that
deliver high accuracy with minimal redundancy between measurements. Variable selection
simultaneously ranks the importance of each measurement in the model to highlight which
optical signals are most critical to the diagnostic accuracy of the disclosed technology. The
resulting refinements to the classifier can allow for successful generalization to subsequent
amputation patients. Additionally, the disclosed method to study a variety of ML techniques
can enable obtaining models of various complexity to validate in Phase II, described below
with respect to FIG. 17D.

[0201] A cohort size of 160 was determined by estimating the subject number
needed to reach the maximum classifier accuracy. Currently, there are no standardized
methods for predicting the training size for machine learning classifier development.
However, studies show that as the number of observations in the set of training data
increases, a machine learning classifier's accuracy converges to its maximum and the
addition of more training data will not improve performance. In order to identify the most
likely convergence point for the disclosed amputation site tissue classifier, the described
training techniques can simulate the optical data from viable and diseased microcirculation
tissue using data from the preliminary study section. With this data, the disclosed techniques
can train four different machine learning classifiers and identify the sample size at which
these classifiers would converge to their maximum accuracy. Multiple classifiers to can be
used to obtain a more thorough assessment of the convergence point. These can differ from
the classifier that was used in the preliminary data section in that these four common
classifiers can be less complex and thus expected to provide a more conservative estimate of
sample size as opposed to the complex convolutional neural network used in the preliminary

data examples.
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[0202] Sufficient data can be collected and cross-referenced to post-amputation
clinical wound healing assessment using SAHAS for training of a robust classifier for
predicting amputation site healing. Phase 1 (Preliminary testing) of the classifier can
demonstrate an accuracy greater than the desired 90% sensitivity and specificity in order to
have a high probability of success in Phase II. Based upon pre-clinical testing amputation
subjects, a sample of 160 subjects can be sufficient to train a robust classifier with 90%
accuracy, which exceeds the current standard of care.

[0203] The classifier is expected to perform very well on the training data, as is
the case with many predictive models. However, an issue is addressing the generalizability of
the classifier to the data not contained in the training dataset. "Overfitting" is the term used
for machine learning models that are highly accurate in the training dataset, but perform
poorly on the general population. The purpose of the Phase 11 validation study is to assess
overfitting. The probability of success in Phase Il can be increased with two methods.
Method one is to utilize a machine learning technique called regularization to reduce the
complexity of the classifier as well as the potential for overfitting to be a significant issue. A
second method can be to generate multiple classifier variations by employing a variety of
machine learning techniques for sorting data, for example by grouping training data into
subsets based on commonalities in patient data. Each technique can be tested on the
validation data in Phase I1.

[0204] If skin tone is determined to be a cofounding variable to the classifier's
predictions, this can be addressed in one of two ways: 1) incorporate this variable into the
ML classifier and determine if the presence of this feature improves performance; or 2)
subgroup training data by the levels of this variable and identify the levels where classifier
performance is insufficient. Once these levels are identified, the disclosed techniques can
split the data and generate a separate classifier at each level. This may involve the collection
of more training data from certain subgroups within a melanin index scale.

[0205] In rare instances, non-healing amputation sites could be the result of
processes other than lack of microcirculatory blood flow to the wound. For example, surgical
site infections, poor nutritional status, or subject non-compliance with wound management

may prevent healing of the amputation site independently from factors that the classifier
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measures. In these cases, the subject can be reviewed with their physician to determine
whether their data should be included for classifier training.

[0206] FIG. 17D illustrates an example validation study flow diagram for Phase
II, which includes validating results of a trained machine learning model as described herein.
Phase II can be a validation study to further evaluate the sensitivity and specificity of the
disclosed machine learning model for selection of LOA. At the completion of this phase, the
disclosed classifier can be confirmed have 90% sensitivity and specificity for detecting the
microcirculation health of skin tissue at potential LOAs. In addition to validation of the
accuracy of the classifier, the classifier’s assessment of the amputation site can be compared
to the clinical assessment to demonstrate the potential impact of the device in a clinical
setting.

[0207] Location, patient recruitment, consent, inclusion & exclusion Criteria, and
data collection can be identical to Phase I.

[0208] The previously trained and frozen classifier can be validated using data
from the Phase 1I Study (FIG. 17D). Validation can entail proving that the classifier meets
the predetermined sensitivity and specificity goals when applied to a new study population,
confirming the generalizability of the classifier to patients outside the original training
cohort. The goal can be 90% sensitivity and specificity of the disclosed classifier's ability to
correctly identify the microcirculation zones in an amputation site.

[0209] The clinician's assessment of the healing potential of tissue at the
amputation site can be recorded and compared to the disclosed classifier's determination of
healing potential. Following the identification of the true healing status of the amputation, the
validation techniques can determine how many correct amputation assessments were made
by physicians in comparison to those made by the classifier to demonstrate the potential
impact of the device in a clinical setting.

[0210] The clinical trial workflow for the Phase Il Validation Study reflects the
Phase I Training Study workflow, allowing for validation of the data collected during the
Phase I Training Study. The validation study design can include 65 subjects depending on the
incidence of non-healing amputation sites in the Phase I Training Study.

[0211] To validate the classifier's ability to correctly identify the microcirculation

zones in an amputation site, the validation techniques can compare the ML image result to
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the true status of the amputation site's microcirculation zones. The ground truth mask of the
amputation site's microcirculation zones can be obtained in the manner used in the Phase 1
training study. The ground truth mask can be compared to the image of microcirculation
zones produced by the classifier. This comparison can validate the sensitivity and specificity
of the machine learning classifier in identifying the microcirculation status of the amputation
site.

[0212] Comparison of the clinician assessment of healing potential to the
classifier's assessment can include the following analysis: obtaining the physician's success
rate can be done by reviewing the 30-day healing status of the amputation using the
previously collected SAHAS data; where successful amputations will be equivalent to the
physician's success in selecting the appropriate site. To determine the classifier's successes
and failures, an area of tissue can be identified in the pre-amputation output image, where the
identified area could be used to cover the amputation site (FIG. 16). The percentage of this
identified area, or region of interest (ROI), classified by the system as non-healing can be
calculated. FROC analysis can be used to identify a threshold percent of non-viable tissue in
the ROI that most accurately predicts a non-healing amputation. This analysis can provide a
single 'healing' or 'non-healing' prediction for each amputation site assessment. The
classifier’s decision to amputate based on this ROI analysis can be compared to the
physician's amputation healing results using a McNemar's test of repeated proportions.

[0213] This Phase II study is designed to validate the sensitivity and specificity of
the disclosed technology in determining the skin's microcirculatory status at potential LOAs,
and compare the accuracy of the classifier to the true microcirculation status. A well-
established method of collecting a validation data set that is 30% as large as the training set
of 160 subjects can be used for validation. Given the potential for confounding circumstances
that will affect the healing of amputations, an additional 10% more subjects can be included,
resulting in a total of 64 subjects.

[0214] The results of the power analysis for the secondary outcome is 65 total
subjects. The secondary outcome is to compare the classifier's determination of healing
potential based on an ROI analysis to the physician's amputation healing results using a

McNemar's test of paired proportions. The following contingency table (Table 4) represents
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how the validation study can pair the results of amputation site selection from both clinicians

and the disclosed classifier:

Clinician's Success in Predicting
Success Failure

Classifier's Success in Success [[111 Agreement [1;> Disagreement
Predicting Amputation Healing Failure [[I>; Disagreement 1> Agreement

Table 4.
[0215] Hypotheses for this test are: Ho: IT12 # I1»1 and Hi: TTi2 # Io1; where 12 is

the expected proportion of automated amputation site analysis failures when clinicians are
successful, and Il»; being the expected proportion of clinician failures when automated

amputation site analysis is successful. Using the formula:
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[0216] To perform this calculation, the disclosed techniques can estimate ITi2 as

0.27 and Il»1 as 0.07. These numbers were based on the prevalence of failed amputations,
approximately 30%, and the desired 90% sensitivity and 90% specificity of the disclosed
techniques for predicting LOA. The validation can use a 2-sided test with power set to 0.80
and alpha 0.05. Hence the sample size of 65 subjects will provide 80% power to test this
secondary outcome.

[0217] The Phase 1I study can validate that the classifier meets the stated goal of
90% sensitivity and specificity in determining the microcirculation status of the potential
amputation site at multiple LOAs. In addition, this study can indicate that this technology
represents a significant improvement over the current standard of care for patients
undergoing amputation secondary to PAD.

[0218] This study design is predicated on the Phase 1 study represented by FIG.
17C.

[0219] The described training and validation techniques set a high bar for the
application of the disclosed technology for the selection of appropriate LOA. However,
amputation failure is a significant clinical problem which lacks a user friendly, quantitative,
and safe solution; and any incremental improvement in the delineation of the proper LOA

should result in significant improved patient outcomes and cost savings.
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[0220] FIG. 18 illustrates example statistical sample size analysis results. Total
sample size according to the ratio of non-healing (+) to healing (-) amputations in the study
cohort. Significance level (a) is 0.05 and the desired power (B) is 0.80.

[0221] To account for the possible variations in the ratio of positive to negative
subjects, the disclosed techniques can include approx. 50% more subjects to the original
estimate of 236. Therefore, the total sample size can be established at 354 total subjects.
The disclosed techniques monitored the study data as it was taken and calculated the total
number of limbs studied and the ratio of unsuccessful (+ event) to successfully amputated (-
event) limbs, and stopped the study once an appropriate ratio and total sample size was
obtained.

[0222] To determine how well the automated amputation site analysis output
correlates to primary wound healing, the disclosed techniques compared the automated
results to the standardized healing assessment that sorts subjects into healing or non-healing
groups. From this comparison, a correlation was discovered that supports a high sensitivity
and specificity for predicting primary healing after amputation. The ROC contained a
decision threshold value that results in a sensitivity and specificity greater than the required
values established by the current standard of care (70 - 90 % accuracy).

[0223] Large enough sample size for machine learning training data can power
the importance of all non-imaging data (patient health metrics) used in the diagnostic model.
For instance, diabetes can be an important clinical feature, but in small sample sizes all the
patients may have diabetes or diabetes may not occur at a ratio that allows for sufficient
power to study its effects. Therefore, the presence of this comorbidity in the disclosed
diagnostic classifier may not be interpreted without sufficient sample size. A patient cohort
can have many similarities in their overall health status, but some of these variables can be
measured at various levels and not simply dealt with as dichotomous. For instance, diabetic
subjects may have a range of control as measured by the HbAlc and blood-glucose testing.
For the case where this is not possible, the disclosed techniques can consider the continued
collection of this data by looking at a much larger amputation population. In some
embodiments, as additional data is collected from the disclosed imaging devices in a
centralized database and the machine learning classifier(s) are refined by training from such

additional data (for example, using similar techniques as described above), a refined
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classifier or set of classifiers based on different subsets of training data can be provided to
diagnostic machines in the field.

[0224] FIG. 19 illustrates an example graphical representation of an amputation
site tissue classification process as described herein. PPG and MSI data can be collected
simultaneously or sequentially from an amputation site. From each of the image's pixels,
which can in some examples be around one million pixels, multiple independent
measurements can be calculated including the values of the PPG pulse amplitude and the
intensity at each MSI wavelength. Data from each pixel can be individually fed into the
classifier previously trained with known patient data. The classifier can return one value for
each pixel that represents the health of the microvasculature and potential for successful post
amputation healing. These can be presented to the physician in the form of an image. For
example, the classifications can be displayed by associating specific values or ranges of
values with one of a number of tissue categories, generating a visual representation of the
category for display (for example, a color or pattern fill), and displaying pixels with the
visual representation of the category in which they were classified. As such, a mapping of
different tissue health categories can be overlaid onto an image of the patient’s amputation
site. In some embodiments, a recommended LOA or region of possible LOAs can
additionally or alternatively be overlaid onto the image based on analysis of the classified
tissue regions.

[0225] FIG. 20A illustrates an example image of an amputation site marked by a
physician, and FIG. 20B illustrates an example image of a tissue classification mapping
generated based on the image of FIG. 20A.

[0226] To determine that the classifier accurately identified the microcirculation
health of tissue on the lower extremity during the amputation assessment of a subject with
PAD, images were collected from a number of subjects prior to amputation. These subjects
were followed for approximately 30 days to determine whether the collected images
correlated to the eventual amputation site healing status. The subjects had severe PAD and
were scheduled for an amputation on one lower extremity.

[0227] On the day of their scheduled amputation, just prior to being prepared for
surgery, images were collected of the subject from regions of the extremity on which the

amputation would take place. Images included the area being assessed for amputation, the
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feet in several cases, as well as other regions of the extremity more proximal to the
amputation site. A set of images was obtained from each imaging location. The set included
eight MSI images captured at different wavelengths of light including (listed as center
wavelength + full-width at half-max): 420 nm + 20 nm, 525 nm * 35 nm, 581 nm + 20 nm,
620 nm + 20 nm, 660 nm + 20 nm, 726 nm * 41 nm, 820 nm = 20 nm, and 855 nm + 30 nm.
These images were captured using the respective wavelength bandpass filters and taken at a
frame rate of approximately 4-6 fps. The set also included 400 time-resolved images
captured using an 855 nm bandpass filter taken sequentially at a frame rate of 30 fps. When
such images are taken back-to-back imaging takes approximately 15 seconds, with around 4-
6 fps lapsing between capture of successive MSI images using some systems while other
systems can capture all eight MSI images simultaneously. The orientation of the camera can
be varied between each image, and in some embodiments the healing classification scores at
each pixel can be registered after calculation. The distance between the imaging system and
the tissue site was 40 cm, and the field of view of the imaging system was 15 x 20 cm. The
healing or non-healing of the amputation site was evaluated at 30 days postoperatively.

[0228] The machine learning classifier was trained to detect three microvascular
blood flow regions in the imaged tissue including (1) viable skin (tissue unaffected by PAD),
(2) small vessel disease (SVD) (skin with compromised vascularity affected by PAD), and
(3) necrosis (skin and underlying tissue that is no longer viable).

[0229] To train the machine learning classifier, first the subjects’ surgeon 'truthed'
the captured MSI/PPG images by demarcating, on an image depicting the imaged regions,
the three microcirculation classes. To improve the accuracy of the surgeon's labeling of these
images, the surgeon demarcated the image after having obtained knowledge of the 30-day
amputation healing evaluation. These demarcated images were translated into digital images
used to label each pixel in the subjects’ MSI/PPG images (FIG. 20A). Once each pixel was
labeled, the machine learning model classifier was trained to classify the categories of tissue
microcirculation. The machine learning model used was a fully convolutional neural
network, and the data input into this model included MSI and PPG images. The image matrix
has the following dimensions: 1408 pixels x 2048 pixels x 9 features.

[0230] The classifier was trained with 72 images from three subjects. Prior to

training, one image per subject was held-out of the training set to be used as a test image.
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Once training was complete, the accuracy of the classifier was tested on this held-out image
to obtain the within-the-image classifier accuracy.

[0231] Separate from the training images, the system obtained images post-
amputation from one subject to determine whether the classifier could make accurate
predictions on images not used for training.

[0232] FIG. 21 illustrates cross-validation results for the disclosed amputation
machine learning techniques. The left column illustrates the color images of amputation sites
just prior to surgery; the center column illustrates ground truth data as determined by the
surgeons 30 days postoperative; the right column illustrates automated amputation site
analysis output results following training of the classifier. This showed that the classified
optical data was strongly correlated, 97.5% accuracy, with the surgeon's clinical
determination of the three microvascular blood flow regions of the potential amputation sites
as shown in Table 5 below. Table 4 illustrates a confusion matrix and average effectiveness
of the disclosed amputation healing assessment techniques. The average effectiveness was

computed as 97.5% plus or minus 3.4%.

Tissue Classifier True Status of Microcirculation

SVD Background Necrotic Viable Total

SVD 12.6% 0.0% 0.1% 0.2% 12.9%
Background 0.1% 63.9% 0.1% 0.1% 64.2%
Necrotic 0.4% 0.1% 3.6% 0.0% 4.1%
Viable 1.1% 0.1% 0.2% 17.4% 18.0%
d 14.2% 64.1% 4.0% 17.7% 100.0%

Table 5

[0233] FIG. 22 illustrates example images classified after training of the disclosed
amputation machine learning classifier. The top left image depicts a postoperative site of a
trans-metatarsal amputation where the stump did not heal and required re-operation. This is
the same foot depicted in the top row of FIG. 6. The ML classifier output in the top right
image shows small vessel disease and necrosis on the skin used to cover the stump,
consistent with the clinical outcome. A control image of a subject's healthy thigh, not used in
classifier training, (lower left) and ML classifier output of the control image (lower right)
demonstrates that the classifier can identify viable tissue with high accuracy

[0234] In conclusion, the disclosed classifier was trained and tested using images

from a preliminary group of subjects with PAD requiring amputations. It will be appreciated
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that the disclosed techniques could be applied to amputation patients without PAD. The
classifier demonstrated excellent correlation with the actual state of the tissue
microcirculation in the extremity, approximately 98%. Also impressive is that the classifier
can process a new unknown image and accurately identify the microvascular status of the
tissue, which means a pre-amputation image can be used to predict a subject's non-healing
amputation site.

[0235] One embodiment of using the amputation site classifier to classify patient
tissue can be implemented using the following steps. A diagnostic system as described
herein can capture PPG and/or MSI image data of a wound site, for example a tissue region
including a potential amputation site. The system can generate a map of the wound site from
image data, for example by rectifying a set of captured images so the same pixel location
across the set represents approximately the same physical location of the imaged tissue
region. In some embodiments the map can be segmented into pixels depicting the wound site
and background pixels not depicting tissue of the patient. The system can determine, for
each pixel depicting the wound site, PPG amplitude value and MSI reflectance intensity
value. Prior to, during, or after capturing the image data, the system can receive input of
patient health metrics, for example as inputs from a physician or as data automatically
provided by an electronic medical record.

[0236] Based on the patient health metrics, one embodiment of the system can
input patient health metric values as variables into classifier together with PPG and MSI
values. The classifier can be generated using machine learning techniques as described
herein. The system can use the classifier and classify each pixel of the wound site as one of
necrotic, viable, or small vessel diseased based on a weighted combination of the PPG value,
MSI value, and patient health metric values. The system can generate a mask image visually
representing each pixel classification of wound site and output the mask image for display to
clinician.

[0237] Based on the patient health metrics, another embodiment of the system can
select one classifier of multiple classifier variations, where each variation is based on a
subgroup of training data, each subgroup representing patients with different combinations of
patient health metric values. The selected classifier can be generated from training data

having matching patient health metrics to those of the patient of interest. The system can
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input the determined PPG and MSI values into the selected classifier. The system can use
the selected classifier and classify each pixel of the wound site as one of necrotic, viable, or
small vessel diseased based on a weighted combination of the PPG value and MSI value at
the pixel. The system can generate a mask image visually representing each pixel
classification of wound site and output the mask image for display to clinician.

[0238] It will be appreciated that some embodiments can implement a
combination of the above classification techniques, for example by performing classifier
selection based on certain patient health metrics and by inputting the same or other patient
health metrics into the classification model. In addition to the mask image, some
embodiments can output an automatically determined LOA or zone of potential LOA
locations overlaying the mapping of the wound site.

[0239] Given a large database of training data that includes information such as
sex, diabetes status, age, smoking history, etc., the disclosed ML training techniques can
subset the database based upon those parameters that match the values of these metrics for
the patient of interest, train a classifier based on this subset of the overall training database,
and then provide a more customized classifier for more accurate tissue classification and/or
LOA prediction. Alternatively, those parameters can be input in the classifier as variables
(for example, coded as 1 or 0 for smoker, 1 or O for diabetic, etc.) and then the level of that
variable would impact the device's perdition. Such features are referred to herein as “patient
health metrics”. According to one embodiment, the disclosed classification techniques can
select training data that represents the eventual population on which the classifier will be
used. This can be done in real time and automatically prior to imaging a specific patient, for
example based on known information about the patient, so that each patient’s results are
gleaned from an individualized pool of training data.

[0240] As illustrated in the figures, the output of the classifier can be an image
including a mapping of different regions of tissue classifications. Such a mapping can aid the
physician in selecting the appropriate LOA by indicating the disease status of the tissue that
the physician would be using to construct the amputation. Other embodiments can
alternatively or additionally provide a visual representation of a recommended LOA or zone
of possible LOA locations, for example determined based on the mapping of the different

regions of tissue classifications and a machine learning model associating the boundaries,
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locations, and extent of the classified tissue regions with a LOA that is likely to provide
suitable healing results for the patient. The disclosed systems could automate the process of
selecting the appropriate site, for example by providing a larger field of view for the imager
or by capturing image data using a system that could image an entire extremity, such as a leg

from toes to hip.

Overview of Example Classifier

[0241] FIG. 23A illustrates an example classification data flow 2300 for

generating a classified tissue map 2315 as described herein. An input 2305 including a
number of time-resolved images li-In and a number of multispectral images I;1-Ina can be
provided into a machine learning classifier 2310. As described above, a sequence of time-
resolved images Iii-Iin can include photoplethysmographic information representing pulsatile
blood flow in patient tissue. In some embodiments, the sequence of time-resolved images Ii1-
Iin can include hundreds of images, for example 400 time-resolved images captured using an
855 nm bandpass filter (or another filter passing suitable wavelength(s)) taken sequentially at
a frame rate of 30 fps as described above with respect to the training. As described above,
the sequence of time-resolved images li-Iw can be omitted from some embodiments, which
may beneficially reduce the amount of time required to capture the images in the input data
2305.

[0242] The multispectral images Iii-Iiwn include images captured at each of a
number of different wavelengths of light. In some embodiments, the multispectral images
I1-Iin can include eight images captured at different wavelengths of light. As one example,
the wavelengths can include (listed as center wavelength + full-width at half-max): 420 nm +
20 nm, 525 nm * 35 nm, 581 nm * 20 nm, 620 nm =+ 20 nm, 660 nm * 20 nm, 726 nm =+ 41
nm, 820 nm * 20 nm, and/or 855 nm * 30 nm. These images can be captured using the
respective wavelength bandpass filters and taken at a frame rate of approximately 4-6 fps.
The time-resolved images Iii-In and multispectral images Ini-Ina can each be of the same x by
y pixel dimensions, and in some embodiments can have approximately the same object
positioning across the image set. Other embodiments can be captured from varied
viewpoints, and the images can be registered prior to input into the machine learning

classifier 2310. Further embodiments can be captured from varied viewpoints and separately
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provided to the classifier 2310, with mappings of output pixel classification scores registered
after calculation.

[0243] In one implementation, the set of images of the input 2305 can be two-
dimensional images of the imaged tissue site. In some embodiments, the images can all be
captured from a single viewpoint. In other embodiments, the set of images can include
multiple subsets of MSI and PPG images with each subset captured from a different
viewpoint around the entire circumference of the potential amputation site. Such images can
be stitched together in some embodiments to form a set of panoramic images of the tissue
site. Other embodiments can generate a set of panoramic images via an imaging system
including multiple cameras that can cooperatively capture some or all of the circumference
around the tissue site in one scan. In another implementation, image information from
around the tissue site can be used to construct a 3D model of the tissue site, and the disclosed
classifier can operate on a set of 3D models including both time-resolved data and
multispectral data.

[0244] In some embodiments the machine learning classifier 2310 can be an
artificial neural network, for example a convolutional neural network (CNN), as discussed in
more detail with respect to FIG. 23B. In other embodiments, the machine learning classifier
2310 can be another type of neural network or other machine learning classifier suitable for
predicting pixel-wise classifications from supervised learning. Artificial neural networks are
artificial in the sense that they are computational entities, analogous to biological neural
networks in animals, but implemented by computing devices. A neural network typically
includes an input layer, one or more intermediate layers, and an output layer, with each layer
including a number of nodes. The nodes in each layer connect to some or all nodes in the
subsequent layer and the weights of these interconnections are typically learnt from data
during the training process. Each individual node may have a summation function which
combines the values of all its inputs together. Specifically, nodes of adjacent layers may be
logically connected to each other, and each logical connection between the various nodes of
adjacent layers may be associated with a respective weight. A node may be thought of as a
computational unit that computes an output value as a function of a plurality of different
input values. Nodes may be considered to be “connected” when the input values to the

function associated with a current node include the output of functions associated with nodes
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in a previous layer, multiplied by weights associated with the individual “connections”
between the current node and the nodes in the previous layer.

[0245] A CNN is a type of feed-forward artificial neural network. The layers of a
CNN have nodes arranged in 3 dimensions: width, height and depth. The nodes inside a layer
are only connected to a small region of the width and height layer before it, called a receptive
field. In some embodiments, the convolutional filters can be two-dimensional and thus
convolutions can be repeated for each image (or convolved transformation of an image) in
the input volume or a designated subset of the images. In other embodiments, the
convolutional filters can be three-dimensional and thus extend through the full depth of
nodes of the input volume. Distinct types of layers, both locally and completely connected,
are stacked to form a CNN architecture. The nodes in each convolutional layer of a CNN can
share weights such that the convolutional filter of a given layer is replicated across the entire
width and height of the input volume, reducing the overall number of trainable weights and
increasing applicability of the CNN to data sets outside of the training data.

[0246] The parameters of a CNN can be set in a process referred to as training.
For example, a CNN can be trained using training data that includes input data and the
correct or preferred output of the model for the corresponding input data. Sets of individual
input vectors (“mini-batches’) may be processed at the same time by using an input matrix
instead of a single input vector. The CNN can repeatedly process the input data, and the
convolutional filters (e.g., the weight matrices) can be modified in what amounts to a trial-
and-error process until the CNN produces (or “converges” on) the correct or preferred output.
The modification of weight values may be performed through a process referred to as “back

k2l

propagation.” Back propagation includes determining the difference between the expected
model output and the obtained model output, and then determining how to modify the values
of some or all parameters of the model to reduce the difference between the expected model
output and the obtained model output.

[0247] The machine learning classifier 2310 can be implemented as computer-
executable instructions representing the computational structure of the machine learning
classifier 2310 by one or more processors, for example one or more graphics processing units

(GPUs) 2340. In some implementations, the input 2305 can be processed in mini-batches

including a subset of images from the total input image set 2305 based on the size of each
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image and on the capacity of the GPU(s) 2340, for example eight images per mini-batch. In
such implementations, training can involve batch back-propagation to back-propagate the
averaged error across the images in the mini-batch through the CNN.

[0248] The machine learning classifier 2310 generates per-pixel classification
wherein the output includes a classification value for each [X,y] pixel location. During
training of the machine learning classifier 2310, these output classification values can be
compared to a pre-generated tissue map 2315 and identified error rates can be fed back into
the machine learning classifier 2310. As described above, a pre-generated tissue map 2315
can include a ground truth mask generated by a physician after analysis and/or treatment of
the imaged tissue site. The weights of the various node connections, for example
convolutional filters in a number of convolutional layers, can be learnt by the machine
learning classifier 2310 through this back propagation.

[0249] During implementation of the machine learning classifier 2310, the output
classification values can be used to generate tissue map 2315 to indicate pixels corresponding
to tissue of various designated categories of tissue health. As described above, the tissue
map 2315 can include a number of visually distinct colors or patterns to indicate different
pixel classifications, for example background 2335, healthy 2330, diseased 2325, and
necrotic 2320.

[0250] FIG. 23B illustrates an example classifier architecture for a CNN
implementation of the machine learning classifier 2310. The input 2305 can be provided to
the CNN as a three-dimensional volume of [x, y, z] storing the raw pixel values of each
spectral and/or photoplethysmographic image in the input image set. Each pixel value of the
input data set can be considered as a node in the input layer of the CNN. As described
above, each pixel can have an intensity value representing the brightness of the pixel. In
some embodiments, this number is stored as an 8-bit integer giving a range of possible values
from 0 to 255, where a value of zero represents a “dark”™ pixel from a photodiode having no
detected light and value of 255 represents a “light” pixel from a photodiode fully saturated
with light. The width (x) of the input volume can be equal to the number of pixels along the
x axis of the images, and the height (y) of the input volume can be equal to the number of
pixels along the y axis of the images. The input volume depth (z) can be equal to the number

of multispectral images and time-resolved images in the data set.
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[0251] As illustrated, the CNN can include a symmetrical convolutional encoder-
decoder architecture including a number of convolutional stages followed by a softmax layer.
Each convolutional stage can include one or more convolutional layers followed by a
rectified linear unit layer (“ReLu layer”). A convolutional layer will compute the output of
nodes that are connected to local regions in the input (based on kernel size), with each node
computing a dot product between their weights and the values of a small region in which they
are connected to in the input volume. As described above, the kernels of each convolutional
layer (for example, a 3x3 block of weights learnt during training) can be convolved across
3x3 blocks of the width and height of the input volume and through some or all of the values
along the depth (z) of the input volume. After convolution at each convolutional layer, a
ReLu layer can apply an elementwise activation function before the output volume is
provided to a next layer. For example, the function of a ReLu layer can be a function that
replaces any negative numbers in the output of a convolutional layer with a zero and
multiplies all positive numbers in the output by a slope of one.

[0252] The convolutional stages include a number of encoder convolutional
stages (convolutional stages 1-5) followed by a corresponding number of decoder
convolutional stages (convolutional stages 6-10). Each encoder convolutional stage
corresponds to one of the decoder convolutional stages as indicated by the arrows
representing transfer of the pool masks. The encoder convolutional stages (convolutional
stages 1-5) are each followed by a pooling layer (pooling layers 1-5), which in turn provides
a downsampled data set to the subsequent convolutional stage as well as provides a pool
mask (pool masks 1-5) to the upsampling layer (upsampling layers 1-5) of a corresponding
decoder convolutional stage (convolutional stages 6-10). Each pooling layer 1-5 will
perform a downsampling operation along the spatial dimensions (X, y) of the input volume
and output the downsampled volume to the subsequent stage. The pool mask carries
information regarding the downsampled data to the corresponding decoder convolutional
stage. The function of the pooling layer is to progressively reduce the spatial size of the
representation to reduce the amount of parameters and computation in the CNN, and also to
control overfitting. The function of the pool mask is to help maintain spatial information that

18 discarded while allowing computation to be reduced.
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[0253] To illustrate, the pooling layers 1-5 can implement max-pooling. Max-
pooling can include, for example, identifying the values of a 2x2 matrix along the spatial
dimensions of the output volume, finding the maximum of the four values in the 2x2 matrix,
and outputting the maximum value as the single value for that block. No downsampling is
performed along the depth of the input in some embodiments. As such, each pooling layer
reduces the spatial dimensions of the output volume by 25% for subsequent convolutional
layers. The pool mask output from a layer stores the other three (i.e., non-maximum) pixel
values and provides these to the upsampling layer of the corresponding decoder
convolutional layer. Thus, during upsampling, rather than using zeros in the matrix of
values, the actual values of the corresponding encoder convolutional layer are used.

[0254] The softmax layer can receive the output of the final convolutional layer
of convolutional stage 10 and produce class probabilities for each [x,y] pixel location of the
input images. The softmax layer can apply the softmax function, which is a normalized
exponential function that “squashes” a K-dimensional vector of arbitrary real values to a K-
dimensional vector of real values in the range of (0,1) that add up to 1. The output of the
softmax layer can be a matrix of classification scores for each pixel location or an N-channel
image of probabilities, where N is the number of classification classes. In some
embodiments, a pixel can be assigned to a class corresponding to the maximum probability at
the pixel.

[0255] In one example implementation of the CNN, encoder convolutional stage
1 and corresponding decoder convolutional stage 10 each have two convolutional layers,
encoder convolutional stage 2 and corresponding decoder convolutional stage 9 each have
two convolutional layers, encoder convolutional stage 3 and corresponding decoder
convolutional stage 8 each have three convolutional layers, encoder convolutional stage 4
and corresponding decoder convolutional stage 7 each have three convolutional layers, and
encoder convolutional stage 5 and corresponding decoder convolutional stage 6 each have
three convolutional layers. In some embodiments, each convolutional layer can implement a
3x3 kernel having a padding of 1 and stride of 1. The weights (values in the 3x3 matrix) in a
kernel can be applied to each node in the input volume. Some or all kernel weights can vary
between the convolutional layers or be the same, depending upon the determinations made

during training.
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[0256] In other examples of the CNN, the encoder and decoder convolutional
stages can have greater or fewer numbers of convolutional layers each followed by a ReLu
layer. Other implementations of the CNN can have greater or fewer convolutional stages,
such that the CNN has corresponding encoder and decoder convolutional stages. Other CNN
implementations may not use encoder and decoder convolutional stages but rather may have
several convolutional layers without the use of pool masks. The convolutional filters can
have other sizes, for example a kernel size of 4 or 5, and may be the same size across the

various convolutional layers of the CNN or may be of varying sizes.

Overview of Feature Set Examples

[0257] Experimental data indicates example benefits of fusing PPG and MSI
features into one classifier, as discussed below.

[0258] In the following discussion, feature sets include photoplethysmography
(PPG), multispectral imaging (MSI), and “real image” (RI; i.e., textural and geometric
information from the spatial domain) features. Example methodology includes drawing
ground truth, training a classifier with all three feature sets both separately and also together,
classifying images, and reporting error in order to compare classifiers with different feature
set compositions. Currently, features have been developed and can be used for classification.
These features are broken into three categories of feature sets: PPG, MSI, and RI. For the
following examples a classifier, QDA (Quadratic Discriminant Analysis), was trained with a
variety of feature sets. The feature sets were combined until all 33 features were included in
the model. Each classifier developed (i.e., each classifier with distinct feature sets) were
compared based on their classification error.

[0259] The PPG classifier features can include the following 14 features:

Image Output

Maximum over mean

Standard deviations away from mean
Number of crossings

SNR a small neighborhood
Improved SNR

A G o b e

Lighting normalized
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Image Normalized

0. Standard deviation
10. Skewness
11. Kurtosis

12.  X-gradient

13. Y-gradient

14. Standard deviation of the gradients
[0260] The Real Image classifier features can include the following 11 features:
Real image

Real image normalized

Skewness

Kurtosis

X-gradient

Y-gradient

Standard deviation within X-gradient

Range within a small neighborhood

e L o

Range within a small neighborhood normalized

H
e

Range within a big neighborhood

I1. Range within a big neighborhood normalized.

[0261] The MSI classifier features can include the following 8 features:

MSI M
MSI &>
MSI A3
MST A4
MSI As
MST As
MSI A7
MSI Ag

® N R R

[0262] Error reduction can increase as more features are added. Groups of

features can be ranked in order of importance, and in one example can be ranked as: (1) MSI,
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(2) R1, (3) PPG. Some embodiments of the classifier can be transferable, meaning that the
classifier can be trained on a first subject and then used to classify injuries on a second

subject.

Overview of Outliers detection and removal
[0263] The disclosed techniques can incorporate outlier detection and removal for

the data used to train the machine learning tissue classification models. Outlier detection and
removal is an important area in statistic and pattern recognition area, which has been used
widely in different areas, such as, credit card fraud, interesting sensor events, medical
diagnosis, network security etc. Outlier detection may have other names, like anomaly
detection, novelty detection, etc. Most outlier detection is model-based and proximity-based
direction. For model-based classifiers, the disclosed techniques can use statistical tests to
estimate the parameters of the sample distribution, for example it may be considered as
Gaussian distribution based on the central limit theorem (CLT). For Gaussian distributions,
two parameters can be considered: the mean; and standard deviation. The disclosed
techniques can obtain these parameters from the maximum likelihood or maximum a
posteriori estimation. In the model-based approach, outliers will be the points that have low
probability of occurrence, which can be estimated by calculating the Z—score (standard
score). As a rule-of-thumb, if the probability of an observation is greater than 0.95, or less
than 0.05, these observations may be considered as outliers. This is based on univariate
analysis. If it is a multivariate normal distribution:
1 =) 27 ()

N(x)= 2
= onz®

M is the mean value of all points, X is the covariance matrix from the mean. The disclosed
techniques can calculate the Mahalanobis distance of point x to . The Mahalanobis
distance follows a y° distribution with d degrees of freedom. (d is the dimension of the

data). Finally, for a point x, if the Mahalanobis distance is greater than g* (0.975), then the

point can be considered an outlier. The methodology of this statistical approach works in
most cases, however, the parameters (e.g., mean and variance) can be sensitive to the outliers

when estimating the parameter. Additionally, with Mahalanobis distance, the minimum
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distance of an observation to the mean is a function of the dimension which becomes higher
with increasing dimensionality. Depth-based approaches search for outliers at the border of
the data space and deviation-based approaches minimize the variance when removing the
outliers.

[0264] In proximity-based outlier detection, the nearest neighbor idea can be
used to generate an approximation of inclusion or exclusion. At first, the concept of distance
is important. If there are N samples and M variables, the size of matrix is N*M, and for
example by using Euclidean distance, the disclosed techniques can calculate the distance

among sample space by defined distance by:

d(q, p) ::'\/ (q1 - )2 + (q2 - Dy )2 +A + (qm — P )2 . Clustering methods are a common

methods that employs this concept of distance. In clustering, the disclosed techniques can
define a radius @, for any group of points from which a center has be identified (centroid). If
the points is less than or equal to this radius, it could be considered a good point, from which
the centroid is updated based on the inclusion of this new data point. For the k-nearest
neighbors approach, the sum of the distance to the k-nearest neighbors of the points.
However, this method is also not robust in datasets of high dimensionality.

[0265] There are other methods still based on other definitions of central
tendency. For instance, the local outlier factor (LOF) is based on density. Density can be
estimated from clusters of points. If a certain cluster or grouping of points has a lower
density than its neighbors, the points within this cluster may be potential outliers. Again, if
the datasets are high order dimensional data, these techniques may not work. Angle based
outlier degree (ABOD) and grid-based subspace outliers detection have been proposed to
handle high dimensional datasets.

[0266] Ultimately, outlier detection and removal can significantly improve the
accuracy of the MSI application for skin tissue classification. The removal of outliers can
successfully reduce the variance in the sample space for each of the tissue classes. By
restricting the variance in this fashion, the overlap in spectral characteristics can be reduced
in a corresponding manner. With reduced overlap, the training of classification models can
be improved with a discernable increase in classification accuracy. This model has the
potential to aid decision-making for physicians treating amputation patients using

quantitative data.
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Overview of Other Example Alternatives

[0267] Another clinical application of the devices described herein is to classify
decubitus ulcers, also known as pressure ulcers or bed sores. These wounds develop because
of pressure applied to tissue resulting in the obstruction of blood flow to that tissue. As a
result of the obstruction, tissue necrosis and tissue loss occurs. In many cases, in later stages,
this leads to visible alterations in the color of the tissue. Decubitus ulcers may be categorized
in stages one through four, which relate to the amount of tissue loss that has occurred.

[0268] Part of the difficulty of identifying decubitus ulcers is that early
obstruction can cause changes in the tissue that are not readily observable on the tissue’s
surface. Devices described herein are effective in identifying decubitus ulcers at early stages
of development, which facilitates early and preventative treatment. A device manufactured as
described herein made the classifications by reading light reflectance in both different times
and in different frequency bands, which allowed the detection of a difference in the
composition of the tissue and a difference in blood flow to the tissue.

[0269] In contrast to decubitus ulcers where blood to tissue is obstructed, tissue
may also suffer from too much blood. In hyperaemia, which can manifest as erythema, there
is an increase in blood flow to tissue. This can lead to swelling, discoloration, and necrosis. It
may also be accompanied by engorged capillaries and veins, excessive hemosiderin in the
tissue, and fibrosis. Alternatives of the present invention may be effective in identifying and
assessing tissue suffering from hyperaemia at its early stages. Again, the combination of
being able to detect the changes in the nature and quality of the tissue, along with the blood
flow to the tissue, allows these alternatives to readily identify and assess the severity of tissue
suffering from hyperaemia.

[0270] Alternative devices described herein have numerous other applications in
the medical field where tissue needs to be classified and assessed. Like necrotic tissue, low-
perfusion tissue, and hyperaemia, there are other types of wounds that these alternatives can
classify and assess, including: abrasions; lacerations; hemorrhaging; rupture injuries;
punctures; penetrating wounds; chronic wounds; or, any type of wound where the nature and
quality of the tissue changes along with a change in blood flow to the tissue. The alternatives

presented herein provide physiological information relating to tissue viability in a simple
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image format to medical practitioners. Information such as blood perfusion and oxygenation
at the wound site are important indicators of wound healing. By imaging these hemodynamic
characteristics hidden beneath the skin, physicians can be better informed about the progress
of wound healing and make better educated and timely patient-care decisions. At the same
time, some devices described herein can give information about the composition of the skin,
which is indicative of the skin’s condition.

[0271] Moreover, the use of some of the devices described herein are not limited
to applications where there has been damaged tissue. Indeed, some alternatives may also
detect healthy tissue and differentiate the healthy tissue form necrotic tissue or tissue that is
soon to be necrotic.

[0272] One natural place healthy tissue may be classified and assessed is in
comparison to a wound or skin condition. For example, along with low perfusion tissue, there
may be regions of healthy tissue associated with or juxtaposed to the low perfusion tissue. It
can be helpful to both level of amputation identification and amputation site treatment to be
able to identify where the margin of healthy tissue exists with respect to necrotic tissue or
tissue that has a predestination to become necrotic tissue. The healthy tissue may be
identified by imaging the skin in both different times and different frequency bands to assess
the composition of the skin, as well as, blood perfusion and oxygenation at the tissue site.

[0273] Alternatives described herein may also classify tissue based on its likely
success as an amputation site flap, as graft tissue, or as a regenerative cell implant. This
classification can take into account the quality and nature of the recipient tissue, as well as,
the recipient tissue’s ability to accept a new blood supply. Alternatives may also classify the
receiving tissue based on how likely the tissue will be able to form a new blood supply for
the flap or graft or regenerative cell implant, and how healthy the skin is generally. In both
classifying the flap tissue, graft tissue, or the receiving tissue, some devices described herein
can analyze a plurality of images corresponding to different times and different frequency
bands.

[0274] In addition to merely classifying the health of tissue, alternatives as
described herein may also measure various aspects of the tissue, such as, the thickness of a

region of skin and skin granulation tissue may also be assessed. In another example, the
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health of tissue around a suture, and the healing of a suture can be monitored and assessed
with the devices described herein.

[0275] Another application of some of the devices described herein is to monitor
tissue healing. The devices described herein can also obtain several images at numerous
points in time to monitor how a wound changes, or how healthy tissue forms. In some cases,
a therapeutic agent, such as a steroid, hepatocyte growth factor (HGF), fibroblast growth
factor (FGF), an antibiotic, an isolated or concentrated cell population that comprises stem
cells and/or endothelia cells, or a tissue graft may be used to treat a wound or other ailment
and such treatments can be monitored using a device as described herein. Some alternatives
can monitor the effectiveness of therapeutic agents by evaluating the healing of tissue before,
during, or after application of a particular treatment. Some alternatives do so by taking a
plurality of images at both different times and different frequency bands. According to these
images, the light reflected from the skin can be used to assess the nature and quality of the
tissue, as well as the blood flow to the tissue. As a result, the devices as described herein can
give valuable information about how a tissue is healing, and the effectiveness and speed at
which a therapeutic agent facilitates the healing process.

[0276] Some alternatives may be used to monitor the introduction of a left
ventricular assist device (LVAD) and the healing process after such an implant. As LVAD
flow increases, the diastolic pressure rises, the systolic pressure remains constant, and the
pulse pressure decreases. The pulse pressure, which is the difference in systolic and diastolic
pressures, is influenced by the contractility of the left ventricle, intravascular volume, pre-
load and after-load pressure, and pump speed. Therefore, assessment of the arterial blood
pressure values and waveforms gives valuable information about the physiologic interaction
between the LVAD and the cardiovascular system. For instance, poor left ventricle function
is related to arterial waveforms that do not show pulsatility. Alternatives described herein can
be used to monitor the return of pulsatile flow in patients after LVAD implantation and
provide a powerful tool in monitoring and aiding patients’ recovery.

[0277] Certain alternatives may also be used in providing intra-operative
management of plastic surgery tissue transfer and reconstructive procedures. For example, in
the case of breast cancer patients, treatment may involve a total mastectomy followed by

breast reconstruction. Complications for breast reconstruction have been reported to be as

-83-



WO 2018/160963 PCT/US2018/020661

high as 50%. The devices described herein can facilitate evaluation of both tissue that is
ready to receive the graft, and the graft tissue itself. The evaluation in these alternatives looks
at the health and quality of the tissue and the blood perfusion and oxygenation using the
methodologies discussed above.

[0278] Certain alternatives may also be used to facilitate the analysis of the
treatment of chronic wounds. Chronic wound patients often receive expensive advanced
treatment modalities with no measure of their efficacy. Alternatives described herein can
image the chronic wound and give quantitative data to its status, including the size of the
wound, the depth of the wound, the presence of wounded tissue, and the presence of healthy
tissue using the aforementioned imaging techniques.

[0279] Certain alternatives described herein may also be used in identifying limb
deterioration. In these applications, the images identify the peripheral perfusion in limbs.
This can be used to monitor the health of normal limbs, as well as, to detect peripheral blood
flow insufficiency in limbs (e.g., regions of limb ischemia or peripheral vascular disease) that
may require specialized treatments, such as the introduction of growth factors (FGF, HGF, or
VEGF) and/or regenerative cells including, but not limited to, stem cells, endothelial
precursor cells, endothelial progenitor cells, or concentrated or isolated populations of cells
comprising these cell types. In some cases, this allows for early treatment that could save a
limb from amputation. In other, more severe cases, it may give medical professionals the data
needed to make informed decisions of whether a limb needs to be amputated.

[0280] Another application of the devices described herein concerns the treatment
of Raynaud’s Phenomenon, which occurs when a patient experiences brief episodes of
vasospasm (i.e., the narrowing of blood vessels). The vasospasm typically occurs in the
digital arteries that supply blood to the fingers, but has also been seen to occur in the feet,
nose, ears, and lips. Some alternative devices can accurately and precisely identify when a
patient is suffering from Raynaud’s Phenomenon, which can aid in its diagnosis at any stage.

[0281] Some alternative devices may also be used to identify, classify, or evaluate
the presence of cancer cells, cancer cell proliferation, metastasis, tumor burden, or cancer
stage, and after treatment, a reduction in the presence of cancer cells, cancer cell
proliferation, metastasis, tumor burden, or a cancer stage. These alternatives measure the

light reflected off tissue to determine the composition of the skin, which can reflect an
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abnormal composition associated with cancer cells. Alternatives also can measure the blood
flow to the cancer cells by evaluating images at different times. The blood flow can indicate
abnormal blood flow to tissue associated with the presence of cancer cells, cancer cell
proliferation, metastasis, tumor burden, or a cancer stage. After the removal of cancer cells,
alternatives of the present invention may also be used to monitor the recovery, including the
growth of healthy tissue and any return of cancer cells.

[0282] Aspects of the aforementioned alternatives have been successfully tested
in a laboratory setting, as well as, in the clinic. For example, in an experiment using optical
tissue phantoms that mechanically mimicked the dynamic changes in tissue owing to
pulsatile blood flow, the devices described herein had greater optical penetration than laser
Doppler imaging, and also correctly detected the pulsing fluid flow under the tissue phantom
material. The experiment tested pulsatile flows in the range of 40 to 200 bpm (0.67 Hz to
3.33 Hz) to test a full range of human heart rates from rest to high rates during exercise or
exertion.

[0283] Another aspect of some alternatives described herein is that the devices
may be coupled with a dynamic library containing one or more reference points of tissue
conditions. In some cases, the dynamic library may contain base point images that contain
information about healthy skin tissue. The dynamic library may also contain various images
of wounds or skin conditions as points of comparison to see the evolution and/or healing of
the wound or skin condition. The dynamic library may also contain sample signals of
relevant signals, such as samples of normal heart rates, abnormal heart rates, noise signals,
signals corresponding to healthy tissue, and signals corresponding to unhealthy tissue. The
dynamic library can be stored in a centralized database in some embodiments, for example a
server-based database, and can receive information via one or more networks from a number
of devices as described herein. The dynamic library can be used to provide training data for
the disclosed machine learning classifiers, and updated classifiers can be provided to devices
in the field for enhanced tissue classification and amputation location recommendations.

[0284] In some alternatives the images in the dynamic library are other images or
data taken by the devices described herein. In some alternatives, the dynamic library contains
images and/or data taken by apparatuses that are not aspects of the present invention. These

images can be used to assess or otherwise treat a subject.
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Summary
[0285] The above disclosure has demonstrated the feasibility of identifying tissue

lacking in blood flow and oxygen content in a wound model and patient case study using the
disclosed instruments with PPG and MSI capabilities. As shown above, using both PPG and
MSI in the disclosed technology allows for a more accurate investigation of the epidermal
microvasculature and pathologies caused by reduced blood perfusion. The disclosed
technology can be able to predict healing potential at a given LOA; the addition of important
patient health metrics that affect wound healing outcomes can further increase the accuracy

of the automated amputation site analysis system.

Additional Alternatives

[0286] Several preferred alternatives of the invention described herein are
provided below.
1. A tissue classification system comprising:
at least one light emitter configured to emit light at each of a plurality of wavelengths
to illuminate a tissue region, each of the at least one light emitter being configured to emit
spatially-even light;
at least one light detection element configured to collect the light after being emitted
from the at least one light emitter and reflected from the tissue region;
one or more processors in communication with the at least one light emitter and the at
least one light detection element and configured to:
identify at least one patient health metric value corresponding to a patient
having the tissue region,
use the at least one patient health metric value select a classifier from among a
plurality of classifiers, each of the plurality of classifiers trained from a different
subset of a set of training data, wherein the classifier is selected based on having been
trained with a subset of the set of the training data including data from other patients
having the at least one patient health metric value;
control the at least one light emitter to sequentially emit each of the plurality

of wavelengths of light;
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receive a plurality of signals from the at least one light detection element, a
first subset of the plurality of signals representing light emitted at the plurality of
wavelengths and reflected from the tissue region;

generate, based on at least some of the plurality of signals, an image having a
plurality of pixels depicting the tissue region;

for each pixel of the plurality of pixels depicting the tissue region:

determine, based on the first subset of the plurality of signals, a
reflectance intensity value at the pixel at each of the plurality of wavelengths,
and

determine a classification of the pixel by inputting the reflectance
intensity value into the classifier, the classification associating the pixel with
one of a plurality of tissue categories; and

generate, based on the classification of each pixel, a mapping of the
plurality of tissue categories over the plurality of pixels depicting the tissue
region.

2. The system of alternative 1, wherein a second subset of the plurality of signals
represent light of a same wavelength reflected from the tissue region at a plurality of
different times, and wherein the one or more processors are configured to, for each pixel of
the plurality of pixels depicting the tissue region:

determine, based on the second subset of the plurality of signals, a PPG amplitude
value at the pixel; and

determine the classification of the pixel based additionally on inputting the PPG
amplitude value into the classifier.
3. The system of any one of alternatives 1 and 2, wherein the one or more processors are
configured to output a visual representation of the mapping for display to a user.
4. The system of alternative 3, wherein the visual representation comprises the image
having each pixel displayed with a particular visual representation selected based on the
classification of the pixel, wherein pixels associated with each of the plurality of tissue

categories are displayed in different visual representations.
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3. The system of any one of alternatives 1-4, wherein the plurality of tissue categories
comprise a viable tissue category, a necrotic tissue category, and a tissue having small vessel
disease category.
6. The system of alternative 5, wherein generating the mapping comprises identifying
regions of the plurality of pixels depicting tissue associated with at least one tissue category
of the viable tissue category, the necrotic tissue category, and the tissue having small vessel
disease category.
7. The system of alternative 6, wherein the one or more processors are configured to
output the image for display, wherein the plurality of pixels depicting the tissue regions are
displayed in different colors according to the associated tissue category.
8. The system of alternative 7, wherein the one or more processors are configured to
determine, based on the identified regions, a recommended location of an amputation.
9. The system of any one of alternatives 1-8, wherein the one or more processors are
configured to determine, based on the plurality of signals, a melanin index of the tissue
region.
10. The system of alternative 9, wherein the one or more processors are configured to
select the classifier based on at least the melanin index.
1. A tissue classification method comprising:

selecting, based on at least one patient health metric value, a classifier from among a
plurality of classifiers, each of the plurality of classifiers trained from a different subset of a
set of training data, wherein the classifier is selected based on having been trained with a
subset of the set of the training data including data from other patients having the at least one
patient health metric value;

receiving a plurality of signals from at least one light detection element positioned to
receive light reflected from a tissue region, a first subset of the plurality of signals
representing light emitted at a plurality of wavelengths reflected from the tissue region;

generating, based on at least a portion of the plurality of signals, an image having a
plurality of pixels depicting the tissue region;

for each pixel of the plurality of pixels depicting the tissue region:

determining, based on the first subset of the plurality of signals, a reflectance

intensity value at the pixel at each of the plurality of wavelengths, and
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determining a classification of the pixel by inputting the reflectance intensity
value into the selected classifier, the classification associating the pixel with one of a
plurality of tissue categories; and
generating, based on the classification of each pixel, a mapping of the
plurality of tissue categories over the plurality of pixels depicting the tissue region.
12. The method of alternative 11, wherein a second subset of the plurality of signals
represent light of a same wavelength reflected from the tissue region at a plurality of
different times, the method further comprising, for each pixel of the plurality of pixels
depicting the tissue region:
determining, based on the second subset of the plurality of signals, a PPG amplitude
value at the pixel; and
determining the classification of the pixel based additionally on inputting the PPG
amplitude value into the classifier.
13. The method of any one of alternatives 11-12, further comprising determining, based
on the plurality of signals, a melanin index of the tissue region.
14. The method of alternative 13, further comprising selecting the classifier based on at

least the melanin index.

15. The method of any one of alternatives 11-14, wherein generating the mapping
comprises identifying regions of the plurality of pixels depicting tissue associated with at
least one tissue category of the viable tissue category, the necrotic tissue category, and the
tissue having small vessel disease category.
16. The method of alternative 15, further comprising outputting the image for display,
wherein the plurality of pixels depicting the tissue regions are displayed in different colors
according to the associated tissue category.
17. A method of identifying a recommended location of an amputation, the method
comprising:

selecting a patient having a tissue region in need of amputation;

programmatically controlling, via one or more hardware processors, an imaging

system to capture data representing a plurality of images of the tissue region, the data
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representing the plurality of images including a first subset each captured using light of a
different one of a number of different wavelengths reflected from the tissue region;
generating, based on at least one of the plurality of images, an image having a
plurality of pixels depicting the tissue region;
for each pixel of the plurality of pixels depicting the tissue region:
determining, based on the first subset of the data representing the plurality of
images, a reflectance intensity value at the pixel at each of the plurality of
wavelengths, and
determining a classification of the pixel by at least inputting the reflectance
intensity value into a classifier, the classification associating the pixel with one of a
plurality of tissue categories; and
identifying, based on the classification of each pixel, the recommended
location of the amputation within the tissue region.
18. The method of alternative 17, wherein the plurality of images include a second subset
sequentially captured at a number of times, the method further comprising, for each pixel of
the plurality of pixels depicting the tissue region:
determining, based on the second subset of the data representing the plurality of
images, a PPG amplitude value at the pixel; and
determining the classification of the pixel based additionally on inputting the PPG
amplitude value into the classifier.
19. The method of any one of alternatives 17-18, further comprising identifying a value
of at least one patient health metric of the patient.
20. The method of alternative 19, further comprising inputting the value of the at least
one patient health metric into the classifier to determine the classification of each pixel.
21. The method of any one of alternatives 19-20, further comprising selecting, based on
at least one patient health metric value, a classifier from among a plurality of classifiers, each
of the plurality of classifiers trained from a different subset of a set of training data, wherein
the classifier is selected based on having been trained with a subset of the set of the training

data including data from other patients having the at least one patient health metric value.
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22. The method of any one of alternatives 17-21, further comprising generating, based on
the classification of each pixel, a mapping of the plurality of tissue categories over the
plurality of pixels depicting the tissue region.
23. The method of alternative 22, further comprising outputting a visual representation of
the mapping to a user, wherein the visual representation includes a visual identification of the
recommended location for the amputation.
24. The method of any one of alternatives 17-23, wherein identifying the recommended
location for the amputation is performed programmatically by the one or more hardware
processors.
25. A method of training a convolutional neural network to classify tissue regions of an
amputation site, the method comprising:

receiving training data representing a plurality of images of the amputation site, the
data representing the plurality of images including a first subset each captured using light of
a different one of a number of different wavelengths reflected from the amputation site;

providing the training data as a three-dimensional volume to an input layer of the
convolutional neural network, the three-dimensional volume having a height and width
corresponding to a number of pixels of a height and a width of each of the plurality of images
and having a depth corresponding to a number of the plurality of images;

performing a plurality of convolutions at plurality of encoder convolutional stages
and a plurality of decoder convolutional stages of the convolutional neural network, wherein
a first encoder convolutional stage of the plurality of encoder convolutional stages includes
the input layer as a first convolutional layer;

providing an output of a last decoder convolutional stage of the plurality of decoder
convolutional stages to a softmax layer of the convolutional neural network;

based on an output of the softmax layer, generating a classification value for each
pixel across the height and width of the plurality of images;

comparing the classification value to each pixel to a ground truth classification of the
pixel in a ground truth image, wherein the ground truth classification is based on physician
analysis of the amputation site;

based on results of the comparing, identifying any errors in the classification values

of the pixels; and
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adjusting at least one weight of the plurality of convolutions based at least partly on
back propagating the errors through the convolutional neural network.
26. The method of alternative 25, wherein the plurality of images include a second subset
sequentially captured at a number of different times at a same wavelength as one another.
27. The method of any one of alternatives 25-26, wherein generating the classification
comprises classifying each pixel as one of background, healthy tissue, diseased tissue, or
necrotic tissue.
28. The method of any one of alternatives 25-27, wherein the first subset of the plurality
of images includes eight images each captured using light of a different one of eight different
wavelengths, and wherein the second subset of the plurality of images includes hundreds of
images captured sequentially at the same wavelength at a rate of 30 frames per second.
29. The method of any one of alternatives 25-28, wherein each of the plurality of encoder
convolutional stages and each of the plurality of decoder convolutional stages comprises at
least two convolutional layers each followed by a rectified linear unit layer.
30. The method of any one of alternatives 25-29, wherein performing the plurality of
convolutions comprises:
at each encoder convolutional stage of the plurality of encoder convolutional stages:
performing at least a first encoder convolution,
providing an output of the first encoder convolution to a rectified linear unit
layer, and
downsampling an output of the rectified linear unit layer using a max pooling
layer; and
at each decoder convolutional stage of the plurality of decoder convolutional stages:
receiving a pool mask from the max pooling layer of a corresponding one of
the plurality of encoder convolutional stages, and
performing at least a first decoder convolution based at least partly on the pool
mask.
31. A method of using a convolutional neural network to classify tissue regions of a
potential amputation site, the method comprising:
receiving data representing a plurality of images of the potential amputation site, the

data representing the plurality of images including a first subset each captured using light of
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a different one of a number of different wavelengths reflected from the potential amputation
site;

providing the data as a three-dimensional volume to an input layer of the
convolutional neural network, the three-dimensional volume having a height and width
corresponding to a number of pixels of a height and a width of each of the plurality of images
and having a depth corresponding to a number of the plurality of images;

performing at least one convolution on the three-dimensional volume;

providing an output of the at least one convolution to a softmax layer of the
convolutional neural network;

based on an output of the softmax layer, generating a classification value for each
pixel across the height and width of the plurality of images; and

based on the classification value for each pixel, generating a mapping of a plurality of
tissue classifications of tissue at the potential amputation site.
32. The method of alternative 31, wherein the plurality of images further include a second
subset sequentially captured at a number of different times at a same wavelength as one
another.
33. The method of any one of alternatives 31-32, wherein generating the classification
comprises classifying each pixel as one of background, healthy tissue, diseased tissue, or
necrotic tissue.
34. The method of any one of alternatives 31-33, wherein the first subset of the plurality
of images includes eight images each captured using light of a different one of eight different
wavelengths, and wherein the second subset of the plurality of images includes hundreds of
images captured sequentially at the same wavelength at a rate of 30 frames per second.
35.  The method of any one of alternatives 31-34, wherein performing the at least one
convolution comprises performing a plurality of convolutions at plurality of encoder
convolutional stages and a plurality of decoder convolutional stages of the convolutional
neural network, wherein a first encoder convolutional stage of the plurality of encoder
convolutional stages includes the input layer as a first convolutional layer.
36. The method of alternative 35, wherein performing the plurality of convolutions
comprises:

at each encoder convolutional stage of the plurality of encoder convolutional stages:
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performing at least a first encoder convolution,
providing an output of the first encoder convolution to a rectified linear unit
layer, and
downsampling an output of the rectified linear unit layer using a max pooling
layer; and
at each decoder convolutional stage of the plurality of decoder convolutional stages:
receiving a pool mask from the max pooling layer of a corresponding one of
the plurality of encoder convolutional stages, and
performing at least a first decoder convolution based at least partly on the pool
mask.
37. The method of any one of alternatives 35-36, wherein each of the plurality of encoder
convolutional stages and each of the plurality of decoder convolutional stages comprises at
least two convolutional layers each followed by a rectified linear unit layer.
38. The method of any one of alternatives 31-37, wherein the convolutional neural

network is trained using the method of alternative 25.

Implementing Systems and Terminology

[0287] Implementations disclosed herein provide systems, methods and apparatus
for identifying, evaluating, and/or classifying a subject’s tissue. One skilled in the art will
recognize that these alternatives may be implemented in hardware, software, firmware, or
any combination thereof.

[0288] In all of the above described experiments, the features, materials,
characteristics, or groups described in conjunction with a particular aspect, alternative, or
example are to be understood to be applicable to any other aspect, alternative or example
described herein unless incompatible therewith. All of the features disclosed in this
specification (including any accompanying claims, abstract and drawings), and/or all of the
steps of any method or process so disclosed, may be combined in any combination, except
combinations where at least some of such features and/or steps are mutually exclusive. The
protection is not restricted to the details of any foregoing alternatives. The protection

extends to any novel one, or any novel combination, of the features disclosed in this
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specification (including any accompanying claims, abstract and drawings), or to any novel
one, or any novel combination, of the steps of any method or process so disclosed.

[0289] While certain alternatives have been described, these alternatives have
been presented by way of example only, and are not intended to limit the scope of protection.
Indeed, the novel methods and systems described herein may be embodied in a variety of
other forms. Furthermore, various omissions, substitutions and changes in the form of the
methods and systems described herein may be made. Those skilled in the art will appreciate
that in some alternatives, the actual steps taken in the processes illustrated and/or disclosed
may differ from those shown in the figures. Depending on the alternative, certain of the steps
described above may be removed, others may be added. Furthermore, the features and
attributes of the specific alternatives disclosed above may be combined in different ways to
form additional alternatives, all of which fall within the scope of the present disclosure.

[0290] It should be understood that any reference to an element herein using a

designation such as "first," "second," and so forth does not generally limit the quantity or
order of those elements. Rather, these designations may be used herein as a convenient way
of distinguishing between two or more elements or instances of an element. Thus, a
reference to first and second elements does not mean that only two elements may be
employed there or that the first element must precede the second element in some manner.
Also, unless stated otherwise a set of elements may include one or more elements.

[0291] A person having ordinary skill in the art would understand that
information and signals may be represented using any of a variety of different technologies
and techniques. For example, data, instructions, commands, information, signals, bits,
symbols, and chips that may be referenced throughout the above description may be
represented by voltages, currents, electromagnetic waves, magnetic fields or particles, optical
fields or particles, or any combination thereof.

[0292] A person having ordinary skill in the art would further appreciate that any
of the various examples, modules, processors, means, circuits, and algorithm steps described
in connection with the aspects disclosed herein may be implemented as electronic hardware
(e.g., a digital implementation, an analog implementation, or a combination of the two, which
may be designed using source coding or some other technique), various forms of program or

design code incorporating instructions (which may be referred to herein, for convenience, as
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"software" or a "software module), or combinations of both. To clearly illustrate this
interchangeability of hardware and software, various illustrative components, blocks,
modules, circuits, and steps have been described above generally in terms of their
functionality. Whether such functionality is implemented as hardware or software depends
upon the particular application and design constraints imposed on the overall system. Skilled
artisans may implement the described functionality in varying ways for each particular
application, but such implementation decisions should not be interpreted as causing a
departure from the scope of the present disclosure.

[0293] The various example logic, components, modules, and circuits described
in connection with the aspects disclosed herein and in connection with the figures may be
implemented within or performed by an integrated circuit (IC), an access terminal, or an
access point. The IC may include a general purpose processor, a digital signal processor
(DSP), an application specific integrated circuit (ASIC), a field programmable gate array
(FPGA) or other programmable logic device, discrete gate or transistor logic, discrete
hardware components, electrical components, optical components, mechanical components,
or any combination thereof designed to perform the functions described herein, and may
execute codes or instructions that reside within the IC, outside of the IC, or both. The logical
blocks, modules, and circuits may include antennas and/or transceivers to communicate with
various components within the network or within the device. A general purpose processor
may be a microprocessor, but in the alternative, the processor may be any conventional
processor, controller, microcontroller, or state machine. A processor may also be
implemented as a combination of computing devices, e.g., a combination of a DSP and a
microprocessor, a plurality of microprocessors, one or more microprocessors in conjunction
with a DSP core, or any other such configuration. The functionality of the modules may be
implemented in some other manner as taught herein. The functionality described herein (e.g.,
with regard to one or more of the accompanying figures) may correspond in some aspects to
similarly designated “means for” functionality in the appended claims.

[0294] If implemented in software, the functions may be stored on or transmitted
over as one or more instructions or code on a computer-readable medium. The steps of a
method or algorithm disclosed herein may be implemented in a processor-executable

software module which may reside on a computer-readable medium. Computer-readable
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media includes both computer storage media and communication media including any
medium that can be enabled to transfer a computer program from one place to another. A
storage media may be any available media that may be accessed by a computer. By way of
example, and not limitation, such computer-readable media may include RAM, ROM,
EEPROM, CD-ROM or other optical disk storage, magnetic disk storage or other magnetic
storage devices, or any other medium that may be used to store desired program code in the
form of instructions or data structures and that may be accessed by a computer. Also, any
connection can be properly termed a computer-readable medium. Disk and disc, as used
herein, includes compact disc (CD), laser disc, optical disc, digital versatile disc (DVD),
floppy disk, and Blu-ray disc where disks usually reproduce data magnetically, while discs
reproduce data optically with lasers. Combinations of the above should also be included
within the scope of computer-readable media. Additionally, the operations of a method or
algorithm may reside as one or any combination or set of codes and instructions on a
machine readable medium and computer-readable medium, which may be incorporated into a
computer program product.

[0295] It is understood that any specific order or hierarchy of steps in any
disclosed process is an example of a sample approach. Based upon design preferences, it is
understood that the specific order or hierarchy of steps in the processes may be rearranged
while remaining within the scope of the present disclosure. The accompanying method
claims present elements of the various steps in a sample order, and are not meant to be
limited to the specific order or hierarchy presented.

[0296] Various modifications to the implementations described in this disclosure
may be readily apparent to those skilled in the art, and the generic principles defined herein
may be applied to other implementations without departing from the spirit or scope of this
disclosure. Thus, the disclosure is not intended to be limited to the implementations shown
herein, but is to be accorded the widest scope consistent with the claims, the principles and
the novel features disclosed herein.

[0297] Certain features that are described in this specification in the context of
separate implementations also can be implemented in combination in a single
implementation. Conversely, various features that are described in the context of a single

implementation also can be implemented in multiple implementations separately or in any
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suitable sub-combination. Moreover, although features may be described above as acting in
certain combinations and even initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combination, and the claimed
combination may be directed to a sub-combination or variation of a sub-combination.

[0298] Similarly, while operations are depicted in the drawings in a particular
order, this should not be understood as requiring that such operations be performed in the
particular order shown or in sequential order, or that all illustrated operations be performed,
to achieve desirable results. In certain circumstances, multitasking and parallel processing
may be advantageous. Moreover, the separation of various system components in the
implementations described above should not be understood as requiring such separation in all
implementations, and it should be understood that the described program components and
systems can generally be integrated together in a single software product or packaged into
multiple software products. Additionally, other implementations are within the scope of the
following claims. In some cases, the actions recited in the claims can be performed in a
different order and still achieve desirable results.

[0299] Although the present disclosure includes certain alternatives, examples
and applications, it will be understood by those skilled in the art that the present disclosure
extends beyond the specifically disclosed alternatives to other alternative alternatives and/or
uses and obvious modifications and equivalents thereof, including alternatives which do not
provide all of the features and advantages set forth herein. Accordingly, the scope of the
present disclosure is not intended to be limited by the specific disclosures of preferred
alternatives herein, and may be defined by claims as presented herein or as presented in the
future. For example, in addition to any claims presented herein, the following alternatives are
also intended to be encompassed within the scope of the present disclosure.

[0300] In the foregoing description, specific details are given to provide a
thorough understanding of the examples. However, it will be understood by one of ordinary
skill in the art that the examples may be practiced without these specific details. For
example, electrical components/devices may be shown in block diagrams in order not to
obscure the examples in unnecessary detail. In other instances, such components, other

structures and techniques may be shown in detail to further explain the examples.
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[0301] The previous description of the disclosed implementations is provided to
enable any person skilled in the art to make or use the present invention. Various
modifications to these implementations will be readily apparent to those skilled in the art,
and the generic principles defined herein may be applied to other implementations without
departing from the spirit or scope of the invention. Thus, the present invention is not
intended to be limited to the implementations shown herein but is to be accorded the widest

scope consistent with the principles and novel features disclosed herein.
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WHAT IS CLAIMED IS:
1. A tissue classification system comprising:
at least one light emitter configured to emit light at each of a plurality of
wavelengths to illuminate a tissue region, each of the at least one light emitter being
configured to emit spatially-even light;
at least one light detection element configured to collect the light after being
emitted from the at least one light emitter and reflected from the tissue region;
one or more processors in communication with the at least one light emitter
and the at least one light detection element and configured to:
identify at least one patient health metric value corresponding to a
patient having the tissue region,
use the at least one patient health metric value select a classifier from
among a plurality of classifiers, each of the plurality of classifiers trained from
a different subset of a set of training data, wherein the classifier is selected
based on having been trained with a subset of the set of the training data
including data from other patients having the at least one patient health metric
value;
control the at least one light emitter to sequentially emit each of the
plurality of wavelengths of light;
receive a plurality of signals from the at least one light detection
element, a first subset of the plurality of signals representing light emitted at
the plurality of wavelengths and reflected from the tissue region;
generate, based on at least some of the plurality of signals, an image
having a plurality of pixels depicting the tissue region;
for each pixel of the plurality of pixels depicting the tissue region:
determine, based on the first subset of the plurality of signals, a
reflectance intensity value at the pixel at each of the plurality of
wavelengths, and
determine a classification of the pixel by inputting the
reflectance intensity value into the classifier, the classification

associating the pixel with one of a plurality of tissue categories; and
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generate, based on the classification of each pixel, a mapping of the
plurality of tissue categories over the plurality of pixels depicting the tissue

region.

2. The system of Claim 1, wherein a second subset of the plurality of signals
represent light of a same wavelength reflected from the tissue region at a plurality of
different times, and wherein the one or more processors are configured to, for each pixel of
the plurality of pixels depicting the tissue region:

determine, based on the second subset of the plurality of signals, a PPG
amplitude value at the pixel; and
determine the classification of the pixel based additionally on inputting the

PPG amplitude value into the classifier.

3. The system of Claim 1, wherein the one or more processors are configured to

output a visual representation of the mapping for display to a user.

4. The system of Claim 3, wherein the visual representation comprises the image
having each pixel displayed with a particular visual representation selected based on the
classification of the pixel, wherein pixels associated with each of the plurality of tissue

categories are displayed in different visual representations.

5. The system of Claim 1, wherein the plurality of tissue categories comprise a
viable tissue category, a necrotic tissue category, and a tissue having small vessel disease

category.

6. The system of Claim 5, wherein generating the mapping comprises identifying
regions of the plurality of pixels depicting tissue associated with at least one tissue category
of the viable tissue category, the necrotic tissue category, and the tissue having small vessel

disease category.
7. The system of Claim 6, wherein the one or more processors are configured to

output the image for display, wherein the plurality of pixels depicting the tissue regions are

displayed in different colors according to the associated tissue category.
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8. The system of Claim 7, wherein the one or more processors are configured to

determine, based on the identified regions, a recommended location of an amputation.

9. The system of Claim 1, wherein the one or more processors are configured to

determine, based on the plurality of signals, a melanin index of the tissue region.

10. The system of Claim 9, wherein the one or more processors are configured to

select the classifier based on at least the melanin index.

I1. A tissue classification method comprising:
selecting, based on at least one patient health metric value, a classifier from
among a plurality of classifiers, each of the plurality of classifiers trained from a
different subset of a set of training data, wherein the classifier is selected based on
having been trained with a subset of the set of the training data including data from
other patients having the at least one patient health metric value;
receiving a plurality of signals from at least one light detection element
positioned to receive light reflected from a tissue region, a first subset of the plurality
of signals representing light emitted at a plurality of wavelengths reflected from the
tissue region;
generating, based on at least a portion of the plurality of signals, an image
having a plurality of pixels depicting the tissue region;
for each pixel of the plurality of pixels depicting the tissue region:
determining, based on the first subset of the plurality of signals, a
reflectance intensity value at the pixel at each of the plurality of wavelengths,
and
determining a classification of the pixel by inputting the reflectance
intensity value into the selected classifier, the classification associating the
pixel with one of a plurality of tissue categories; and
generating, based on the classification of each pixel, a mapping of the plurality of

tissue categories over the plurality of pixels depicting the tissue region.
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12. The method of Claim 11, wherein a second subset of the plurality of signals
represent light of a same wavelength reflected from the tissue region at a plurality of
different times, the method further comprising, for each pixel of the plurality of pixels
depicting the tissue region:

determining, based on the second subset of the plurality of signals, a PPG
amplitude value at the pixel; and
determining the classification of the pixel based additionally on inputting the

PPG amplitude value into the classifier.

13. The method of Claim 11, further comprising determining, based on the

plurality of signals, a melanin index of the tissue region.

14. The method of Claim 13, further comprising selecting the classifier based on

at least the melanin index.

15. The method of Claim 11, wherein generating the mapping comprises
identifying regions of the plurality of pixels depicting tissue associated with at least one
tissue category of the viable tissue category, the necrotic tissue category, and the tissue

having small vessel disease category.

16. The method of Claim 15, further comprising outputting the image for display,
wherein the plurality of pixels depicting the tissue regions are displayed in different colors

according to the associated tissue category.

17. A method of identifying a recommended location of an amputation, the
method comprising:
selecting a patient having a tissue region in need of amputation;
programmatically controlling, via one or more hardware processors, an
imaging system to capture data representing a plurality of images of the tissue region,

the data representing the plurality of images including a first subset each captured

-103-



WO 2018/160963 PCT/US2018/020661

using light of a different one of a number of different wavelengths reflected from the
tissue region;
generating, based on at least one of the plurality of images, an image having a
plurality of pixels depicting the tissue region;
for each pixel of the plurality of pixels depicting the tissue region:
determining, based on the first subset of the data representing the
plurality of images, a reflectance intensity value at the pixel at each of the
plurality of wavelengths, and
determining a classification of the pixel by at least inputting the
reflectance intensity value into a classifier, the classification associating the
pixel with one of a plurality of tissue categories; and
identifying, based on the classification of each pixel, the recommended location

of the amputation within the tissue region.

18. The method of Claim 17, wherein the plurality of images include a second
subset sequentially captured at a number of times, the method further comprising, for each
pixel of the plurality of pixels depicting the tissue region:

determining, based on the second subset of the data representing the plurality
of images, a PPG amplitude value at the pixel; and
determining the classification of the pixel based additionally on inputting the

PPG amplitude value into the classifier.

19. The method of Claim 17, further comprising identifying a value of at least one

patient health metric of the patient.

20. The method of Claim 19, further comprising inputting the value of the at least

one patient health metric into the classifier to determine the classification of each pixel.

21. The method of Claim 19, further comprising selecting, based on at least one
patient health metric value, a classifier from among a plurality of classifiers, each of the

plurality of classifiers trained from a different subset of a set of training data, wherein the
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classifier is selected based on having been trained with a subset of the set of the training data

including data from other patients having the at least one patient health metric value.

22. The method of Claim 17, further comprising generating, based on the
classification of each pixel, a mapping of the plurality of tissue categories over the plurality

of pixels depicting the tissue region.

23. The method of Claim 22, further comprising outputting a visual representation
of the mapping to a user, wherein the visual representation includes a visual identification of

the recommended location for the amputation.

24. The method of Claim 17, wherein identifying the recommended location for

the amputation is performed programmatically by the one or more hardware processors.

25. A method of training a convolutional neural network to classify tissue regions
of an amputation site, the method comprising:

receiving training data representing a plurality of images of the amputation
site, the data representing the plurality of images including a first subset each
captured using light of a different one of a number of different wavelengths reflected
from the amputation site;

providing the training data as a three-dimensional volume to an input layer of
the convolutional neural network, the three-dimensional volume having a height and
width corresponding to a number of pixels of a height and a width of each of the
plurality of images and having a depth corresponding to a number of the plurality of
images;

performing a plurality of convolutions at plurality of encoder convolutional
stages and a plurality of decoder convolutional stages of the convolutional neural
network, wherein a first encoder convolutional stage of the plurality of encoder
convolutional stages includes the input layer as a first convolutional layer;

providing an output of a last decoder convolutional stage of the plurality of

decoder convolutional stages to a softmax layer of the convolutional neural network;
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based on an output of the softmax layer, generating a classification value for
each pixel across the height and width of the plurality of images;

comparing the classification value to each pixel to a ground truth
classification of the pixel in a ground truth image, wherein the ground truth
classification is based on physician analysis of the amputation site;

based on results of the comparing, identifying any errors in the classification
values of the pixels; and

adjusting at least one weight of the plurality of convolutions based at least

partly on back propagating the errors through the convolutional neural network.

26. The method of Claim 25, wherein the plurality of images include a second
subset sequentially captured at a number of different times at a same wavelength as one

another.

27. The method of Claim 25, wherein generating the classification comprises

classifying each pixel as one of background, healthy tissue, diseased tissue, or necrotic tissue.

28. The method of Claim 25, wherein the first subset of the plurality of images
includes eight images each captured using light of a different one of eight different
wavelengths, and wherein the second subset of the plurality of images includes hundreds of

images captured sequentially at the same wavelength at a rate of 30 frames per second.

29. The method of Claim 25, wherein each of the plurality of encoder
convolutional stages and each of the plurality of decoder convolutional stages comprises at

least two convolutional layers each followed by a rectified linear unit layer.

30. The method of Claim 25, wherein performing the plurality of convolutions
comprises:
at each encoder convolutional stage of the plurality of encoder convolutional
stages:

performing at least a first encoder convolution,
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providing an output of the first encoder convolution to a rectified
linear unit layer, and

downsampling an output of the rectified linear unit layer using a max
pooling layer; and
at each decoder convolutional stage of the plurality of decoder convolutional

stages:

receiving a pool mask from the max pooling layer of a corresponding
one of the plurality of encoder convolutional stages, and

performing at least a first decoder convolution based at least partly on

the pool mask.

31. A method of using a convolutional neural network to classify tissue regions of
a potential amputation site, the method comprising:

receiving data representing a plurality of images of the potential amputation
site, the data representing the plurality of images including a first subset each
captured using light of a different one of a number of different wavelengths reflected
from the potential amputation site;

providing the data as a three-dimensional volume to an input layer of the
convolutional neural network, the three-dimensional volume having a height and
width corresponding to a number of pixels of a height and a width of each of the
plurality of images and having a depth corresponding to a number of the plurality of
images;

performing at least one convolution on the three-dimensional volume;

providing an output of the at least one convolution to a softmax layer of the
convolutional neural network;

based on an output of the softmax layer, generating a classification value for
each pixel across the height and width of the plurality of images; and

based on the classification value for each pixel, generating a mapping of a

plurality of tissue classifications of tissue at the potential amputation site.
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32. The method of Claim 31, wherein the plurality of images further include a
second subset sequentially captured at a number of different times at a same wavelength as

one another.

33. The method of Claim 31, wherein generating the classification comprises

classifying each pixel as one of background, healthy tissue, diseased tissue, or necrotic tissue.

34. The method of Claim 31, wherein the first subset of the plurality of images
includes eight images each captured using light of a different one of eight different
wavelengths, and wherein the second subset of the plurality of images includes hundreds of

images captured sequentially at the same wavelength at a rate of 30 frames per second.

35. The method of Claim 31, wherein performing at least one convolution
comprises performing a plurality of convolutions at plurality of encoder convolutional stages
and a plurality of decoder convolutional stages of the convolutional neural network, wherein
a first encoder convolutional stage of the plurality of encoder convolutional stages includes

the input layer as a first convolutional layer.

36. The method of Claim 35, wherein performing the plurality of convolutions
comprises:
at each encoder convolutional stage of the plurality of encoder convolutional
stages:
performing at least a first encoder convolution,
providing an output of the first encoder convolution to a rectified
linear unit layer, and
downsampling an output of the rectified linear unit layer using a max
pooling layer; and
at each decoder convolutional stage of the plurality of decoder convolutional
stages:
receiving a pool mask from the max pooling layer of a corresponding

one of the plurality of encoder convolutional stages, and
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performing at least a first decoder convolution based at least partly on

the pool mask.

37. The method of Claim 35, wherein each of the plurality of encoder
convolutional stages and each of the plurality of decoder convolutional stages comprises at

least two convolutional layers each followed by a rectified linear unit layer.

38. The method of Claim 31, wherein the convolutional neural network is trained

using the method of Claim 25.
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set of training data, wherein the classifier is selected based on having been trained with a subset of the set of the training data including
data from other patients having the at least one patient health metric value; control the at least one light emitter to sequentially emit each
of the plurality of wavelengths of light; receive a plurality of signals from the at least one light detection element, a first subset of the
plurality of signals representing light emitted at the plurality of wavelengths and reflected from the tissue region; generate, based on at
least some of the plurality of signals, an image having a plurality of pixels depicting the tissue region, for each pixel of the plurality of
pixels depicting the tissue region: determine, based on the first subset of the plurality of signals, a reflectance intensity value at the pixel
at each of the plurality of wavelengths, and determine a classification of the pixel by inputting the reflectance intensity value into the
classifier, the classification associating the pixel with onse of a plurality of tissue categories, are not present in Group lI; and the special
technical features of Group |1, providing the training data as a three-dimensional volume to an input layer of the convolutional neural
network, the three-dimensional volume having a height and width corresponding to a number of pixels of a height and a width of each of
the plurality of images and having a depth corresponding to a number of the plurality of images; performing a plurality of convolutions at
plurality of encoder convolutional stages and a plurality of decoder convolutional stages of the convolutional neural network, wherein a
first encoder convolutional stage of the plurality of encoder convolutional stages includes the input layer as a first convolutional layer;
providing an output of a last decoder convolutional stage of the plurality of decoder convolutional stages to a softmax layer of the
convolutional neural network; based on an output of the softmax layer, generating a classification value for each pixel across the height
and width of the plurality of images; comparing the classification value to each pixe! to a ground truth classification of the pixel in a
ground truth image, wherein the ground truth classification is based on physician analysis of the amputation site; based on results of the
comparing, identifying any errors in the classification values of the pixels, are not present in Group |.

Groups | and I share the technical features of a method comprising receiving data representing a plurality of images of the potential
amputation site, the data representing the plurality of images including a first subset each captured using light of a different one of a
number of different wavelengths reflected from the potential amputation site, determining a classification of a plurality of pixels; and
generate, based on the classification of each pixel, a mapping of the plurality of tissue categories over the plurality of pixels depicting the
tissue region. However, these shared technical features do not represent a contribution over the prior art. Specifically, WO 2016/069788
A1 to Spectral MD, Inc. teaches of a method (Abstract) comprising receiving data representing a plurality of images of the potential
amputation site (Para. [0243], wherein a sequence of 800 images are acquired, the images being from an amputation site as per para.
[0214)), the data representing the plurality of images including a first subset each captured using light of a different one of a number of
different wavelengths reflected from the potential amputation site (Para. [0243], wherein the images are acquired using a plurality of
wavelengths as per para. [0185]), determining a classification of a plurality of pixels (Para. [0164)], wherein each pixe! in the images are
classified); and generate, based on the classification of each pixel, a mapping of the plurality of tissue categories over the plurality of
pixels depicting the tissue region (Para. [0242]-[0243], wherein the pixel classifications are used to produce a tissue map).

Since none of the special technical features of the Group 1 and Il inventions are found in more than one of the inventions, unity is lacking.
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