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

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
04 July 2024 (04.07.2024)

(10) International Publication Number

WO 2024/145683 A2

WIPO I PCT

(51) International Patent Classification:
A61B 5/08 (2006.01) GO6T 7/00 (2017.01)

(21) International Application Number:
PCT/US2024/010014

(22) International Filing Date:
02 January 2024 (02.01.2024)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:

63/478,082 30 December 2022 (30.12.2022) US
(71) Applicant: THE REGENTS OF THE UNIVERSITY OF

COLORADO, A BODY CORPORATE [US/US]; 1800

Grant Street, 8th Floor, Denver, Colorado 80203 (US).

(72) Inventors: CHOI, Min-Hyung, c/o The Regents of
the University of Colorado, a Body Corporate, 1800

(74)

@81)

Grant Street, 8th Floor, Denver, Colorado 80203 (US).
TRANSUE, Shane; c/o The Regents of the University of
Colorado, a Body Corporate, 1800 Grant Street, 8th Floor,
Denver, Colorado 80203 (US).

Agent: SCHAUMANN, David H. et al.; Setter Roche
Smith & Shellenberger LLP, 1860 Blake Street, Suite 500,
Denver, Colorado 80202 (US).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CV, CZ,DE, DJ, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IQ, IR, IS, IT, JM, JO, JP, KE, KG,
KH, KN, KP, KR, KW, KZ, LA, LC, LK, LR, LS, LU, LY,
MA, MD, MG, MK, MN, MU, MW, MX, MY, MZ, NA,
NG, NI, NO, NZ, OM, PA, PE, PG, PH, PL, PT, QA, RO,
RS, RU,RW, SA, SC, SD, SE, SG, SK, SL, ST, SV, SY, TH,

(54) Title: NON-CONTACT DIAGNOSTIC SYSTEM FOR RESPIRATORY DISEASE PROGNOSIS THROUGH THER-
MAL-DEPTH SPATIOTEMPORAL BEHAVIORAL MODELING

350

310

FIGURE3

wO 2024/145683 A2 |0 000000 KOO0 0 0

(57) Abstract: Systems and methods for respiratory analysis are disclosed herein. An implementation of the system includes a thermal
imaging device that is configured to produce a time-based series of images representing gaseous flow indicative of pulmonary function.
The system also includes an infrared depth imaging device configured to produce a time-based series of 3D point-cloud images of the
monitored environment and subject. The system also includes a microphone that can produce a time-based sound recording. The system
additionally includes a processing system that is configured to process the series of images, the series of 3D point-cloud images and
the sound recording to produce a representation of exhalation flow, and a machine-learning model configured to produce an indication
of a respiratory irregularity based on the exhalation flow.

[Continued on next page]



WO 2024/145683 A2 |10} 000000000 0O

TJ, TM, TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, WS,
ZA,ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, CV,
GH, GM, KE,LR,LS, MW, MZ NA,RW, SC, SD, SL, ST,
SZ, TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ,
RU, TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ,
DE, DK, EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT,
LU, LV, MC, ME, MK, MT, NL, NO, PL, PT, RO, RS, SE,
SI, SK, SM, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN,
GQ, GW, KM, ML, MR, NE, SN, TD, TG).

Published:
—  without international search report and to be republished
upon receipt of that report (Rule 48.2(g))



10

15

20

25

30

WO 2024/145683 PCT/US2024/010014

NON-CONTACT DIAGNOSTIC SYSTEM FOR RESPIRATORY
DISEASE PROGNOSIS THROUGH THERMAL-DEPTH
SPATIOTEMPORAL BEHAVIORAL MODELING

RELATED APPLICATIONS

[0001] This application hereby claims the benefit of and priority to U.S. Patent Application No.
63/478,082, titled “NON-CONTACT DIAGNOSTIC SYSTEM FOR RESPIRATORY
DISEASE PROGNOSIS THROUGH THERMAL-DEPTH SPATIOTEMPORAL
BEHAVIORAL MODELING,” filed December 30, 2022, which is hereby incorporated by

reference in its entirety.

TECHNICAL FIELD
[0002] Aspects of the disclosure are related to the field of healthcare and health monitoring, and

more particularly to the field of respiratory monitoring and diagnosis.

BACKGROUND

[0003] Accurate diagnosis of pulmonary diseases is critical to effective treatment. In many
cases, delayed diagnosis of pulmonary disease can result in significant increases in cost and time
for treatment. Further, in many cases, delay of diagnosis can result in permanent damage.
[0004] An example of this is COPD caused by smoking. The damage caused by smoking builds
up over many years before it can be detected through diagnostics, such as spirometry or
plethysmography. By the time spirometry or plethysmography can detect the damage, the
subject has typically progressed into the more severe stages of COPD, and much of the damage
is irreversible.

[0005] Existing Pulmonary Function Tests (PFTs) do not allow testing on natural breathing.
Rather, these PFTs require a modification of natural breathing, such as through breath restriction
(such as requiring breathing through a tube), or requiring fixed quantity or concentration outputs.
Natural breathing presents subtle traits and reoccurring abnormalities that are not likely to be
present in such tests. A quantitative evaluation of natural breathing would present a better
representation of subtle respiratory abnormalities that can be linked to specific pulmonary

conditions.
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OVERVIEW

[0006] A respiratory diagnostics system for pulmonary condition analysis is disclosed herein.
The system includes a thermal imaging device that is configured to produce a time-based series
of images representing gaseous flow indicative of pulmonary function. The system also includes
an infrared depth imaging device configured to produce a time-based series of 3D point-cloud
images of the monitored environment and subject. The system also includes a microphone that
can produce a time-based sound recording. The system additionally includes a processing
system that is configured to process the series of images, the series of 3D point-cloud images and
the sound recording to produce a representation of exhalation flow, and a machine-learning
model configured to produce an indication of a respiratory irregularity based on the exhalation
flow.

[0007] A respiratory diagnostics training system is also disclosed. The training system includes
a CO2 filtered thermal depth imaging camera, a microphone, and memory device, and a
processor. The memory device is configured to store a 3D density-flow representation from the
depth imaging camera, sound data from the microphone, and a machine learning model. The
processor 1s configured to identify a portion of the 3D density-flow representation that
corresponds to an exhalation from a subject. The processor further correlates the 3D density-
flow representation with some of the sound data. The processor is able to process the 3D
density-flow representation, the sound data, and known pulmonary conditions into the machine
learning model to create an updated machine learning model and store the updated machine
learning model on the memory.

[0008] An additional respiratory diagnostics system is also disclosed. The system includes a
CO2 filtered thermal depth imaging camera, a microphone that produces sound data that is
correlated with data from the camera, a memory device configured to store a pulmonary
characteristic database, and a processor. The processor is able to process correlated samples
from the CO?2 filtered thermal depth imaging camera and the microphone to identify a
characteristic in the samples that corresponds to a pulmonary characteristic in the pulmonary

characteristic database and flag the subject for a respiratory diagnosis.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0009] Many aspects of the disclosurc may be better understood with reference to the following
drawings. The components in the drawings are not necessarily to scale, emphasis instead being
placed upon clearly illustrating the principles of the present disclosure. Moreover, in the
drawings, like reference numerals designate corresponding parts throughout the several views.
While several embodiments are described in connection with these drawings, the disclosure is
not limited to the embodiments disclosed herein. On the contrary, the intent is to cover all
alternatives, modifications, and equivalents.

[0010] Figure 1 illustrates a camera in an example implementation.

[0011] Figure 2 illustrates a training process in an implementation.

[0012] Figure 3 illustrates a modeling system.

[0013] Figure 4 illustrates a device network in an implementation.

[0014] Figure 5 illustrates an analysis process in an implementation.

[0015] Figure 6 illustrates a training process in an implementation.

[0016] Figure 7 illustrates a modeling process in an implementation.

[0017] Figure 8 illustrates a diagnostic process in an implementation.

[0018] Figure 9 illustrates an operational sequence in an implementation.

[0019] Figure 10 illustrates a computing system suitable for implementing the various
operational environments, architectures, processes, scenarios, and sequences discussed below

with respect to the Figures.

DETAILED DESCRIPTION

[0020] Technology disclosed herein relates to systems and methods for diagnosing pulmonary
conditions based on natural breathing. In particular, systems and methods are presented to
translate images into predictions of gaseous fluid flow and volume according to standard units.
Further, systems and methods are presented to create a database of breathing characteristics that
can be compared to predictions of flow to diagnose pulmonary conditions.

[0021] In an implementation, natural breathing can be analyzed through photographic data. This
can be done, for example, by photographing exhaled CO2 from a subject. In Figure 1, a system
100 is shown in accordance with an implementation. Depth camera 110 can be a camera

capable of sensing depth. This could be, for example, a stereo vision camera, a time-of-flight
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camera, or a structured light camera, for example. Thermal camera 120 can be, for example, an
infrarcd camera that is capablc of creating an image based on thc amount of heat in an object.
The images from thermal camera 120 can be filtered to particular wavelengths in order to more
closely define the images that are captured. Depth camera 110 and thermal camera 120 each
have a field of view. The fields of view 130 and 140 shown in Figure 1 differ slightly in size,
but one of ordinary skill in the art should recognize that the fields of view 130 and 140 could
also directly coincide.

[0022] Depth camera 110 and thermal camera 120 can be physically separate units, or they can
be combined in one apparatus. Similarly, the images produced by depth camera 110 and thermal
camera 120 can be separate, or a combined camera may internally process each of the images
and output a combined thermal-depth image. In an implementation, depth camera 110 and
thermal camera 120 produce images repeatedly, such as video images, such that a series of time-
based images is produced.

[0023] Object 150 is shown in the thermal field of view 140 and the depth field of view 130. In
an implementation, object 150 is captured in a set of time-based thermal images by thermal
camera 120, and a corresponding set of time-based depth images by depth camera 110. These
images can be combined to create a time-based set of 3D thermal images.

[0024] In an implementation, object 150 is an individual, particularly, an individual’s head.
Thermal camera 120 and depth camera 110 captures time-sequenced images of the individual’s
head as the individual breathed. The thermal images are filtered such that they display exhaled
CO2 from the individual’s mouth and nose. The sets of images from thermal camera 120 and
depth camera 110 are combined to create a series of 3D thermal images that show CO2 exhaled
by the individual.

[0025] This series of 3D thermal images can be converted into vectors representing the flow of
CO2 in the exhalation. The images also contain magnitude information which can be associated
with the flow vectors. In an implementation, this magnitude and flow information can be
combined to create a model of the flow of CO2 being exhaled by the individual.

[0026] In an implementation, this model of flow can be correlated with actual known flow
metrics. Many currently used pulmonary diagnostic tests use known metrics. By correlating the
exhaled CO2 flow model with standard metrics, diagnostics can be enhanced. In an

implementation, breath activity can be simultaneously measured by a currently available flow
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measurement, such as spirometry, and by the thermal camera 120 and depth camera 110
currently being described. After processing, the CO2 flow model of exhaled CO2 can then be
calibrated with the other measured (e.g., spirometry) data. This could be a simple correlation, or
it could be a much more complex machine learning process that incorporates the flow vector and
magnitude data calculated from the thermal and depth images in order to create predictions of
flow that correspond closely to the other measured (e.g., spirometry) data. The result of this
calibration is that the data produced by the thermal camera 120 and depth camera 120 can be
converted into estimations or predictions of flow metrics for the individual being photographed
by the cameras. These flow metrics could include, for example, volume, volumetric flow, and
velocity, among others.

[0027] Figure 2 shows a method of calibrating a CO2 flow model from thermal and depth
images to measured flow metrics. In step 201, Exhalations are captured from multiple subjects.
As discussed above, the thermal camera 120 and depth camera 110 can be used to record images
of an individual exhaling. This same process can be used for multiple subjects, creating a
collection of time-sequenced images corresponding to various subjects’ exhalations. These time-
sequenced images can be converted into a collection of CO2 flow models. In an implementation,
each subject is recorded for several exhalations in order to create a large sample size. It should
be noted that the data recorded from the subjects can include any combination of 1D, 2D and 3D
data.

[0028] While the exhalations are being recorded, they are also measured directly with a
spirometer in step 203. Various adjustments can be made in order to account for changes in the
signal due to the presence of the spirometer. For example, the air can be heated such that is exits
the spirometer at or near the temperature it would have been at the exit from the subject’s mouth
or nose. Following these measurements, a collection of CO2 flow models is stored, together
with corresponding spirometry measurements. In an implementation, an alternate measurement
of respiration such as plethysmography or capnography may be used in place of the spirometer.
[0029] In step 205, this data, or some of this data, is fed into a machine learning model. The
machine learning model can be configured to correlate the flow vectors and magnitude
information from the thermal and depth images with the velocity and volume measurements
from the spirometer. The samples of data fed into the machine learning model can be selected to

ensure that high quality data is used. In an implementation, the machine learning model can be



10

15

20

25

30

WO 2024/145683 PCT/US2024/010014

used to evaluate breathing from multiple different subjects, with many breaths from each subject.
This can allow for a correlation that provides reasonable accuracy across a large scgment of the
population. In another implementation, the machine learning model can be used to evaluate
breathing over many breaths from a single individual. In this way, higher accuracy can be
achieved for that particular individual. Step 207 shows that the machine learning can be iterated
as many times as preferred. In some cases, a machine learning model that has already been put
to use can be further refined by adding more patients and/or breath cycles as input to the model.
[0030] In step 209, the machine learning model can be used to process image data from depth
camera 110 and thermal camera 120 to estimate or predict flow metrics for a patient in fields of
view 130 and 140. Thus, by creating images for a patient, a prediction can be made for flow,
volume and/or velocity that corresponds to a similar measurement that would be made using
traditional measurement, such as a spirometer. This allows for measurement of natural
breathing, as the subject can be recorded in any position, and for any amount of time, allowing
for relaxation. In various implementations, a variety of metrics, such as breathing rate, flow,
breathing effort or exhale volume and the distribution between nose and mouth breathing can be
determined. In an implementation, no additional breathing obstruction needs to be added to the
airflow for measurement.

[0031] Figure 3 shows a diagnostic system for diagnosing pulmonary conditions. Camera 310 is
a combined depth/thermal camera, as discussed above. In an implementation, camera 310 is able
to directly output predicted flow metrics as described above. In another implementation, camera
310 is able to output thermal and depth images which can be processed to produce flow metrics
as discussed above. Figure 3 shows a single combined thermal/depth camera 310, but distinct
thermal and flow cameras could be implemented. Further the diagnostic system could use
multiple cameras 310, either from similar orientations, or from differing orientations, in order to
collect additional data.

[0032] Microphone 320 is shown as a single microphone but could similarly be an array of
microphones. In an implementation, microphone 320 is correlated with camera 310, such that
the data that is collected from camera 310 and microphone 320 is correlated. This correlation
could be through the use of time stamps, file integration, or some other way.

[0033] Flow 330 is shown in the field of view of camera 310. This could be an exhalation from

a human or animal subject as shown, or any other source of gaseous fluid flow. As discussed
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above, camera 310 is configured to produce flow data related to flow 330. This flow data can
similarly be corrclated with the data from microphone 320. Chest scnsor 350 provides another
source of data potentially related to the flow. Chest sensor 350 can be, for example, one or more
transducers and/or accelerometers configured to measure chest movement and/or deformation.
These sensors may be incorporated into a chest strap, for example. In some cases, chest sensor
350 may provide some interference to normal breathing. In other implementations, the chest
sensor 350 may not interfere with normal breathing. The data from camera 310, microphone 320,
and chest sensor 350 is transmitted to computer 340. Computer 340 contains a processor and
memory. Computer 340 could be any type of computer, such as a personal computer, laptop,
server, smart phone, specialized computer, etc. Computer 340 is configured to process the data
from camera 310, microphone 320 and chest sensor 350.

[0034] Figure 4 illustrates an implementation of a processing progression of a diagnostic system.
Element 405 represents thermal imaging. In an implementation, this imaging is done using a
thermal camera which captures heated airflow. For example, a thermal camera can be used to
capture breath (warm and primarily CO») leaving a subject. The subject could be a human
subject or some other subject, such as an animal. In an implementation, this measurement could
take place on a non-living subject. While an image is discussed, it should be understood that this
discussion also applies to video recording or a plurality of images.

[0035] A 3D depth image is collected in element 410. This can be performed by any type of 3D
or depth camera that can capture depth images. In an implementation, a depth image that will
allow for interpretation of density of a gas cloud is collected. As with the thermal image
discussed above, while an image is discussed, multiple images or video data can be collected in
various implementations.

[0036] The thermal images and 3D depth images are combined in element 425. In an
implementation, this combination is accomplished through the use of a camera that collects both
thermal and 3D depth images at the same time and directly. In an implementation, element 425
results in a time-based series of images that provide a 3D representation of the exhalations of an
individual.

[0037] In element 415, sound data is collected. In an implementation, this sound data is

correlated to the time-based thermal and depth images of patient exhalations. The sound data
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can indicate breathing patterns or irregularities of the patient. In an implementation, this sound
data is recorded by a microphone or a network of microphoncs.

[0038] In element 430, the sound data is integrated with the fused image data produced by
element 425. In effect, this combination in element 430 can produce a stream of sound and
image data, such as thermal depth video synchronized with sound. While Figure 4 shows a
certain order of combination to result in the sound and thermal depth video, one of ordinary skill
in the art would understand that these pieces of data could be combined in many different ways
to result in the described fused data. For example, a video camera configured to record thermal
and depth images may combine all of the data directly in the camera, providing the thermal depth
video as a direct output from the camera. Similarly, the respiratory belt data, discussed below,
can also be combined with the thermal depth video data at any point in the process.

[0039] In element 420 movement data is collected from a respiratory belt. The respiratory belt
may include transducers, motion sensors, accelerometers, pressure sensors, deflection sensors,
continuity sensors, or other sensors to determine breathing motion or effort. While a respiratory
belt or chest sensor belt is discussed herein, the sensors may not be mounted on a belt. The
sensor may be individually mounted directly on the chest, or my sense chest movement from a
distance, for instance. In element 4335, the data from the respiratory belt can be used to produce a
time-based waveform indicating chest movement of deformation.

[0040] Figure 5 illustrates an implementation of converting recorded data (such as the thermal
depth image data, the sound data and the chest movement data collected in Figure 4) into
respiratory data. In element 505, an incoming signal is processed to produce fluid flow tracking
information. For example, the input signal may be an integrated thermal depth video signal as
discussed above. The time-based progressive images can be converted into vector data showing
movement of images within the thermal depth video. In an implementation, various filters can
be used to enhance the images of COz being exhaled by the subject. The movement of the CO»
is then converted to vector data, indicating flow of exhaled CO- over time.

[0041] In element 510 a COz density estimation is determined. In an implementation, the
integrated thermal depth video signal produced in Figure 4 is processed to determine the density
of the breath cloud exhaled by a patient. The fluid flow vectors determined by element 505 may
also be used as inputs for this determination. In an implementation, the thermal depth video is

converted to a representation of the breaths exhaled by a patient over time. This representation
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can include COz density information and can provide a foundation to determine actual physical
characteristics of fluid exhaled.

[0042] The CO2 density data can be converted into a waveform in element 515. In an
implementation, this waveform can represent the exhalations of a patient. This data can be
consistent over time, such that if a patient increases or decreases actual exhalation volume, for
example, the waveform can indicate the increase or reduction. In an implementation, the initial
waveform does not indicate the actual units for measurement of these characteristics. For
example, while the initial waveform can indicate that the exhalation volume of a particular
patient increases over time, the waveform may not be able to indicate how the exhalation volume
of one patient compares to the exhalation volume of another patient in another setting.
Alternatively, the waveform produced may include absolute values, allowing comparison
between patients.

[0043] In an implementation, the waveform can be produced by multiple methods. For example,
in one method, the input signals can be mathematically analyzed to produce a waveform. The
algorithm for this mathematical analysis can be manually created for this purpose. In a second
method, a machine learning algorithm can be used to analyze the input signals and produce the
waveform. In some implementations, a combination of these methods may be used.

[0044] In element 520, a respiratory waveform is created that can be used as an input to element
515. For example, the chest movement/deformation data produced in Figure 4 can be converted
into a waveform indicating respiration of a subject. This respiration waveform can be used
together with fluid flow vectors and COz density information to create the waveform of element
515.

[0045] The data produced by elements 505-520 can then be used to produce actual absolute
value data for the patients. For example, using either analytical or machine learning processes,
or some combination, the visual and other data collected from the subject can be compared with
measured respiration data, such as spirometry data, to develop a conversion from unitless patient
respiration data to absolute respiration data. After this conversion is identified, future unitless
respiration data (such as that produced from the thermal depth images described herein) can be
converted to absolute respiration data without the need for spirometry measurements. In an

implementation, this conversion may allow for the identification of many metrics without
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needing a direct spirometry measure. For example, exhale velocity, exhale volume, nose-mouth
cxhalation distribution and breathing cffort or strength may all be measured by this method.
[0046] Figure 6 illustrates training for a machine learning process in an implementation. In Step
601, exhalations from a subject are captured with the diagnostic system. In an implementation,
this includes capturing combined thermal depth images, converting those images to flow metrics
(Step 603), capturing sound data from microphone 320, and capturing measurements of chest
movement and/or deformation from chest sensor 350. In an implementation, this could be a
single breath cycle. In an alternate implementation, several breath cycles are captured and stored.
This captured data is provided to computer 340. In addition to the captured data, known data is
entered for the subject in step 605. In an implementation, this may occur through direct entry
through a user interface for computer 340. In another implementation, this could occur through
provision of a subject’s electronic health record. This known data can include pulmonary
irregularities for the subject, such as diagnosed pulmonary diseases. Additionally, the known
data can include other known data for the subject, such as height, weight, race, gender, age, etc.
[0047] In an implementation, steps 601-605 are repeated for many subjects, with a variety of
known data. In step 607, this data is then fed into a machine learning algorithm that will identify
characteristics of exhalation flow that correspond to various diagnosed pulmonary diseases. One
of ordinary skill in the art will recognize that various settings and inputs can be used to achieve a
variety of outputs. For example, by feeding data from more subjects into the machine learning
model, the likelihood of finding correlations increases. Additionally, by requiring a high degree
of correlation, the number of identified potential diagnoses is reduced, but the likelihood of a
false positive result is reduced.

[0048] Figure 7 illustrates an implementation of using the respiration data discussed above to
detect and/or diagnose respiratory abnormalities. In an implementation, the diagnostic modeling
in Figure 7 is created by a machine learning algorithm with a variety of manual inputs.

[0049] In element 705, a dataset is selected. As discussed with regard to the Figures above, in an
implementation, thermal depth image data, sound data and chest movement data is collected for a
variety of subjects over time. This recorded data can be analyzed to identify data that is of poor
quality or otherwise abnormal. This poor quality or abnormal data can be excluded from the
potential dataset. Likewise, high quality data, such as subject data that includes a sufficient

amount of clear data for a particular subject, may be included in the dataset. In an
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implementation, the quantitative metrics identified in Figure 5 may also have a confidence factor
that indicatcs how confident the algorithm is that the metrics arc correct. Patient data that
exceeds a threshold for the confidence factor may be included in the dataset. This dataset is
preprocessed in element 710, for example, to ensure uniformity of the data in the dataset.

[0050] In element 715, physiological data (age, condition, race, sex, etc.) corresponding to the
subjects whose data is in the dataset can be used to screen the data in the dataset. For example,
the dataset could eliminate data from subjects that are subject to a particular respiratory ailment,
or under a certain age limit. Alternatively, the data could be separated into groups by the
physiological data. In an implementation, the physiological data may remain attached to the data
in the dataset for future analysis.

[0051] Element 720 produces the training dataset, which will be processed by the training
algorithm. The ground-truth dataset is also produced by element 725. For example, known
respiratory ailments or irregularities corresponding to subjects in the dataset may be included.
The training dataset is then trained by the machine-learning algorithm in element 730. This
process can be iterative and may require many iterations to achieve acceptable performance. In
an implementation, the trained algorithm may be able to identify irregularities or abnormalities in
respiratory data. Further, it may be able to identify likely respiratory diseases or risks.

[0052] After training, in an implementation, elements 735 and 740 can detect abnormalities in
respiratory data and make diagnoses for patients according to these abnormalities. It should be
understood that in an implementation, the trained algorithm may be able to process new data
(such as the data discussed with regards to Figures 1-5 above) to detect respiratory abnormalities
and diagnose new patients.

[0053] Figure 8 illustrates a method of diagnosis of a pulmonary condition. In an
implementation, this method uses the results of the machine learning model illustrated in Figure
6 and/or 7. In step 801, exhalations are captured from a subject. In an implementation, the
diagnostic system shown in Figure 3 is used to capture these exhalations. One of ordinary skill
in the art will be able to select a useful number of exhalations to use for this diagnostic exercise.
In an implementation, the captured exhalation data includes a time series of thermal and depth
images, and a time-based audio signal. In Step8503, the data is processed. In an
implementation, this processing includes translating the sequential thermal and depth images into

a 3D density-flow representation. This could be, for example, the conversion to flow metrics as
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discussed above. Additionally, the processing could include correlating the audio data with the
image or flow data.

[0054] In step 8035, this processed data is compared to a pulmonary characteristic database. In an
implementation, this pulmonary characteristic database is the output of the machine learning
algorithm discussed above with regard to Figure 6 and/or 7. According to another
implementation, this pulmonary characteristic database could be a conglomeration of known
respiratory characteristics that correspond to pulmonary diseases. This database can include one
or more characteristics ol breathing that indicate that a subject may have a pulmonary disease.
[0055] By analyzing the data from the subject’s exhalations, a characteristic of breathing can be
identified that corresponds with the pulmonary characteristic database. In some cases, no
characteristics will be found that correspond to the database.

[0056] If a characteristic is identified that corresponds to a pulmonary disease in the database,
computer 340 can flag the subject. This could involve a display on a user interface on computer
340, a signal, such as a light or a sound, an entry to the subject’s electronic health record, a text
or email, or some other type of notification.

[0057] Figure 9 illustrates an operational sequence according to an implementation. In the
implementation, camera 920 is a combined thermal/depth camera. Camera 920 may also include
a microphone and or chest belt as discussed above. Camera 920 records data of a set of images
of a subject from subject pool 910, which include exhalation. This exhalation is made during
natural breathing, and may occur standing up, sitting down, laying down, or in any other
position. The exhalation may occur through subject’s 910 mouth or nose.

[0058] Camera 920 then processes the image data. This processing may occur directly on the
camera or may occur on an external processing device. The image data comprises a time series
of thermal and depth images. These images are processed to produce magnitude and flow vector
information. This magnitude and flow vector information is further used to estimate flow
metrics. It should be understood that the processing could proceed directly from image data to
flow metrics, without the intermediate step of calculating magnitude and flow vectors. Similarly,
it should be understood that the image data may be directly recorded as 3D thermal images. It
should further be understood that the processing could proceed directly from image data to
pulmonary condition classifications and respiratory metric prediction through the machine

learning model.

12



10

15

20

25

30

WO 2024/145683 PCT/US2024/010014

[0059] The flow metrics are entered into a machine learning model 930, together with known
characteristics of the subjccts. This machine learning model 930 will be understood to allow for
the introduction of flow metrics for multiple subjects, and multiple breath cycles for each
subject. Machine learning model 930 processes the data that has been provided to associate
breathing characteristics with known pulmonary diseases. The machine learning model 930 can
additionally account for age, race, gender, weight, or any other known subject characteristics
provided.

[0060] Image data is then captured by camera 920 for another subject [rom subject pool 910.
The data is processed and fed into machine learning model 930. It should be noted that the data
fed into machine learning model 930 may differ slightly from that provided for another subject.
For example, age and weight data may be known for a first subject, but not for a second. A first
subject may include image data for 24 breath cycles, while another subject may only provide
image data for 10 breath cycles.

[0061] After the machine learning model 930 has processed subject data sufficiently to associate
breathing characteristics with pulmonary diseases, another subject from subject pool 910
provides image data to camera 920. In an implementation, the camera may feed image data
directly to the machine learning model 930 if the model has been trained to take data directly
from image data. In other cases, the camera will process the image data as shown and discussed
above. The camera 920 then sends the data to the machine learning model 930 and queries the
machine learning model 930. While this is shown as a query from the camera, it could also be a
query from the computer, or some other source. The machine learning model 930 analyzes the
image data to determine whether the subject has breathing characteristics that correlate with a
pulmonary disease. If the subject does have breathing characteristics that correlate with a
pulmonary disease, the patient will be flagged. This flagging may be a communication to a
healthcare provider 940, a communication directly to the subject, or to some other target.

[0062] While the machine learning model 930 analyzes the data for this subject, the machine
learning model 930 may incorporate the image and other data for subject into the model or not.
This can be selected by the healthcare provider or equipment designer.

[0063] Further, the camera 920 may capture image data from a subject from subject pool 910,

process the data and provide it to machine learning model 930. Machine learning model 930
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may not find any breathing characteristics that indicate a pulmonary disease. Consequently, no

flag is sct. Again, the data from subject may be added to machine Iearning model 930 or not.

[0064] Figure 10 illustrates computing system 1001 that is representative of any system or
collection of systems in which the various processes, programs, services, and scenarios disclosed
herein may be implemented. Examples of computing system 1001 include, but are not limited to,
integrated circuits, SOCs, server computers, routers, web servers, cloud computing platforms, and
data center equipment, as well as any other type of physical or virtual server machine, physical or

virtual router, container, and any variation or combination thereof.

[0065] Computing system 1001 may be implemented as a single apparatus, system, or device or
may be implemented in a distributed manner as multiple apparatuses, systems, or devices.
Computing system 1001 includes, but is not limited to, processing system 1002, storage system
1003, software 1005, communication interface system 1007, and user interface system 1009
(optional).  Processing system 1002 is operatively coupled with storage system 1003,

communication interface system 1007, and user interface system 1009.

[0066] Processing system 1002 loads and executes software 1005 from storage system 1003.
Software 1005 includes and implements diagnostic system process 1006, which is representative
of the diagnostic processes discussed with respect to the preceding Figures. When executed by
processing system 1002, software 1005 directs processing system 1002 to operate as described
herein for at least the various processes, operational scenarios, and sequences discussed in the
foregoing implementations. Computing system 1001 may optionally include additional devices,

features, or functionality not discussed for purposes of brevity.

[0067] Referring still to Figure 10, processing system 1002 may comprise a micro-processor and
other circuitry that retrieves and executes software 1005 from storage system 1003. Processing
system 1002 may be implemented within a single processing device but may also be distributed
across multiple processing devices or sub-systems that cooperale in execuling program
instructions. Examples of processing system 1002 include general purpose central processing
units, graphical processing units, application specific processors, and logic devices, as well as any

other type of processing device, combinations, or variations thereof.

[0068] Storage system 1003 may comprise any computer readable storage media readable by

processing system 1002 and capable of storing software 1005. Storage system 1003 may include
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volatile and nonvolatile, removable and non-removable media implemented in any method or
technology for storage of information, such as computer rcadable instructions, data structurcs,
program modules, or other data. Examples of storage media include random access memory, read
only memory, magnetic disks, optical disks, optical media, flash memory, virtual memory and
non-virtual memory, magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic
storage devices, or any other suitable storage media. In no case is the computer readable storage

media a propagated signal.

[0069] In addition to computer readable storage media, in some implementations storage system
1003 may also include computer readable communication media over which at least some of
software 1005 may be communicated internally or externally. Storage system 1003 may be
implemented as a single storage device but may also be implemented across multiple storage
devices or sub-systems co-located or distributed relative to each other. Storage system 1003 may
comprise additional elements, such as a controller, capable of communicating with processing

system 1002 or possibly other systems.

[0070] Software 1005 (diagnostic system process 1006) may be implemented in program
instructions and among other functions may, when executed by processing system 1002, direct
processing system 1002 to operate as described with respect to the various operational scenarios,
sequences, and processes illustrated herein. For example, software 1005 may include program

instructions for implementing a diagnostic system as described herein.

[0071] In particular, the program instructions may include various components or modules that
cooperate or otherwise interact to carry out the various processes and operational scenarios
described herein. The various components or modules may be embodied in compiled or
interpreted instructions, or in some other variation or combination of instructions. The various
components or modules may be executed in a synchronous or asynchronous manner, serially or in
parallel, in a single threaded environment or multi-threaded, or in accordance with any other
suitable execution paradigm, variation, or combination thereof. Software 1005 may include
additional processes, programs, or components, such as operating system software, virtualization
software, or other application software. Software 1005 may also comprise firmware or some other

form of machine-readable processing instructions executable by processing system 1002.
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[0072] In general, software 1005 may, when loaded into processing system 1002 and executed,
transform a suitablc apparatus, system, or device (of which computing system 1001 is
representative) overall from a general-purpose computing system into a special-purpose
computing system customized to establish connections and handle content as described herein.
Indeed, encoding software 1005 on storage system 1003 may transform the physical structure of
storage system 1003. The specific transformation of the physical structure may depend on various
factors in different implementations of this description. Examples of such factors may include,
but are not limited to, the technology used to implement the storage media of storage system 1003
and whether the computer-storage media are characterized as primary or secondary storage, as

well as other factors.

[0073] For example, if the computer readable storage media are implemented as semiconductor-
based memory, software 1005 may transform the physical state of the semiconductor memory
when the program instructions are encoded therein, such as by transforming the state of transistors,
capacitors, or other discrete circuit elements constituting the semiconductor memory. A similar
transformation may occur with respect to magnetic or optical media. Other transformations of
physical media are possible without departing from the scope of the present description, with the

foregoing examples provided only to [acilitate the present discussion.

[0074] Communication interface system 1007 may include communication connections and
devices that allow for communication with other computing systems (not shown) over
communication networks (not shown). Examples of connections and devices that together allow
for inter-system communication may include network interface cards, antennas, power amplifiers,
RF circuitry, transceivers, and other communication circuitry. The connections and devices may
communicate over communication media to exchange communications with other computing
systems or networks of systems, such as metal, glass, air, or any other suitable communication
media. The aforementioned media, connections, and devices are well known and need not be

discussed at length here.

[0075] Communication between computing system 1001 and other computing systems (not
shown), may occur over a communication network or networks and in accordance with various
communication protocols, combinations of protocols, or variations thereof. Examples include

intranets, internets, the Internet, local area networks, wide area networks, wireless networks, wired
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networks, virtual networks, software defined networks, data center buses and backplanes, or any
other type of nctwork, combination of nctwork, or variation thercof. The aforementioned

communication networks and protocols are well known and need not be discussed at length here.

[0076] As will be appreciated by one skilled in the art, aspects of the present invention may be
embodied as a system, method or computer program product. Accordingly, aspects of the present
invention may take the form of an entirely hardware embodiment, an entirely software
embodiment (including firmware, resident software, micro-code, etc.) or an embodiment
combining software and hardware aspects that may all generally be referred to herein as a “circuit,”
“module” or “system.” Furthermore, aspects of the present invention may take the form of a
computer program product embodied in one or more computer readable medium(s) having

computer readable program code embodied thereon.

[0077] The included descriptions and figures depict specific embodiments to teach those skilled
in the art how to make and use the best mode. For the purpose of teaching inventive principles,
some conventional aspects have been simplified or omitted. Those skilled in the art will appreciate
variations from these embodiments that fall within the scope of the disclosure. Those skilled in
the art will also appreciate that the features described above may be combined in various ways to
form multiple embodiments. As a result, the invention is not limited to the specific embodiments

described above, but only by the claims and their equivalents.
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CLAIMS

What is claimed is:

L. A respiratory diagnostics system for pulmonary condition analysis comprising:

a thermal imaging device configured to produce a time-based series of images representing
gaseous flow indicative of pulmonary function;

an infrared depth imaging device configured to produce a time-based series of 3D point-cloud
images of the monitored environment and subject;

a microphone configured to produce a time-based sound recording;

a processing system configured to process the series of images, the series of 3D point-cloud
images and the sound recording to produce data representing exhalation flow;

a machine-learning model configured to produce an indication of a respiratory irregularity based

at least in part on the data representing exhalation flow.

2. The system of claim 1 further comprising a chest sensor configured to produce an
indication of chest movement, and wherein the machine-learning model further considers the

indication of chest movement to produce the indication of the respiratory irregularity.

3. The system of claim 1, wherein the processing system transforms the time-based series of

images and a first corresponding time-based series of 3D point-cloud images into data indicative
of an exhalation density dissipation over time, and wherein the data representing exhalation flow

comprises the data indicative of an exhalation density dissipation over time.

4. The system of claim 1, wherein the processing system is configured to use a machine-
learning process to transform time-based the series of images, the series of 3D point-cloud

images and the sound recording to produce data representing exhalation flow.
3. The system of claim 1, wherein the data representing exhalation flow comprises a flow

velocity, a flow volume, an exhalation volume, a nose-mouth breathing ratio or a breathing

effort.
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6. The system of claim 4, wherein the machine-learning process is further configured to

consider a spiromcetry measurcment to produce the data representing cxhalation flow.

7. The system of claim 1, wherein the machine-learning model is further configured to

produce a respiratory diagnosis based at least in part on the data representing exhalation flow.

8. A respiratory diagnostics training system, comprising:
a CO2 [liltered thermal depth imaging camera, having a camera field of view, and conligured to
produce a 3D density-flow representation for a gaseous flow within the camera field of view;
a microphone configures to produce sound data;
a memory device configured to store thereon the 3D density-flow representation, sound data
from the microphone, and a machine learning model; and
a processor, configured to:

identify a first subset of the 3D density-flow representation corresponding to an
exhalation from a subject, having a known pulmonary condition, and located in the camera field
of view;

correlate the first subset of the 3D density-flow representation with a subset of the sound
data;

process the first subset of the 3D density-flow representation, the subset of the sound
data, and the known pulmonary condition into the machine learning model to create an updated
machine learning model; and

store the updated machine learning model on the memory.

9. The system of claim 8, further comprising a chest sensor configured to product chest
movement data, and wherein the processor is further configured to correlate a second subset of
the chest movement data with the first subset of the 3D density-flow representation and the

subset of the sound data.
10. The system of claim 8, wherein the CO2 filtered thermal depth imaging camera

comprises a CO?2 filtered thermal camera and a depth camera, both configured to capture the

camera field of view.
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11. The system of claim 10, wherein producing a 3D density-flow representation for gascous
flow within the camera field of view comprises aligning a first set of images from the CO2
filtered thermal camera with a second set of images from the depth camera and processing the

aligned sets of images into a set of spatial models of exhale behaviors.

12. The system of claim 11, further comprising processing the set of spatial models of exhale

behavior into a spatiotemporal 4D density dissipation model of exhale behaviors.

13. The system of claim 8, further comprising a translation engine configured to translate
first image data from the CO2 filtered thermal depth imaging camera into the 3D density-flow

representation.

14. The system of claim 13, wherein the translation engine is part of the CO2 filtered thermal

depth imaging camera.

15. The system of claim 13, wherein the translation engine is operated by the processor.

16. The system of claim 8, wherein the machine learning model is configured to identify a
first pulmonary characteristic represented in the 3D density-flow representation that corresponds

to a respiratory diagnosis.

17. A respiratory diagnostics system, comprising:
a CO2 filtered thermal depth imaging camera, having a camera field of view;
a microphone, wherein data from the microphone is correlated with data from the CO?2 filtered
thermal depth imaging camera;
a memory device configured to store thereon a pulmonary characteristic database; and
a processor, configured to:
process a first collection of correlated samples from the CO2 filtered thermal depth
imaging camera and the microphone, which correspond to an exhalation of a subject within the

field of view;
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identify a characteristic in the first collection of correlated samples that corresponds to a
first pulmonary characteristic stored in the pulmonary characteristic database, where the first
pulmonary characteristic is associated with a respiratory diagnosis in the pulmonary
characteristic database; and

flag the subject for the respiratory diagnosis.

18. A respiratory diagnostics system of claim 17, wherein the characteristic corresponds to
one or more of a peak, a valley, a [low velocity, or a vortex of turbulent {low correlated with the

exhalation of the subject.

19. A respiratory diagnostics system of claim 17, wherein processing the first collection of
correlated samples from the CO?2 filtered thermal depth imaging camera and the microphone,
further comprises identifying that the exhalation of the subject is an exhalation from the subject’s

mouth.

20. A respiratory diagnostics system of claim 17, wherein processing the first collection of
correlated samples from the CO?2 filtered thermal depth imaging camera and the microphone,
further comprises identifying that the exhalation of the subject is an exhalation from the subject’s

nose.
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