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METHOD AND SYSTEM FOR MEASURING AND ANALYZING BODY MOVEMENT,
POSITIONING AND POSTURE

Reference to Related Applications

[0001] This application claims priority from application No. 62/865,052, filed 21 June 2019.
For purposes of the United States, this application claims the benefit under 35 U.S.C. §119
of application No. 62/865,052, filed 21 June 2019, and entitled METHOD AND SYSTEM
FOR MEASURING AND ANALYZING BODY MOVEMENT, POSITIONING AND POSTURE
which is hereby incorporated herein by reference for all purposes.

Technical Field

[0002] The technology described herein generally relates to use of recorded video data for
evaluating correctness of, and/or identifying potential problems with, an individual's exercise
form, athletic movement, posture, or other human action. The technology more particularly
relates to evaluating an individual’s exercise form, athletic movement, posture, or other
human action by machine learning, computer vision, and deep learning models trained on
datasets comprising previously recorded exercises, various human activities and actions,
human poses in a variety of postures and movements, and providing feedback on the

individual's exercise form, athletic movement, posture, or other human action.

Background

[0003] Computer vision technology has improved significantly in the last half decade to the
point that it is now possible for a computer to locate and identify various aspects and/or
parts of the human body and actions, locate and track objects in real-time video streams
(object detection and localization), classify objects in images and videos, as well as a wide
variety of useful real-world tasks.

[0004] Progress in the field has been accelerated due to novel accessibility to
large datasets like DeepMind’s Kinetics™, Microsoft COCO™, and Facebook’s DensePose-
COCO™. The acceleration gained by these datasets has been coupled with the

advancement of machine learning, computer vision, and deep learning algorithms. These
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new, more powerful algorithms include, but are not limited to: ResNet, Faster R-CNN, C3D,
and CapsNet. Furthermore, human pose estimation algorithms include: OpenPose,
DeepPose, and DensePose. These advancements have allowed progress in areas such as
object detection, object localization, and video recognition to name a few.

[0005] Prior art has attempted to extend these advancements into real-world applications.
For example, Face++ produces a body detection AP| which outputs bounding boxes around
humans in images (i.e. object localization) and a body outlining API that produces the pixels
corresponding to each human in an image (i.e. instance segmentation). See, e.g.,
https://www.faceplusplus.com. Also, SenseTime uses body part feature points in its core
technologies, which incorporate positioning body feature points on mobile terminals to

provide real-time localization for body part localization and angular movement identification.

[0006] There is a general desire for methods and systems for evaluating an individual’s
exercise form, athletic movement, posture, and/or other human action involving automated
detection of potential problems with the individual’s exercise form, athletic movement,
posture and/or other human action from a video of the individual performing the exercise,
athletic movement, posture and/or other human action.

[0007] The foregoing examples of the related art and limitations related thereto are intended
to be illustrative and not exclusive. Other limitations of the related art will become apparent
to those of skill in the art upon a reading of the specification and a study of the drawings.

Summary

[0008] The following embodiments and aspects thereof are described and illustrated in
conjunction with systems, tools and methods which are meant to be exemplary and
illustrative, not limiting in scope. In various embodiments, one or more of the above-
described problems have been reduced or eliminated, while other embodiments are
directed to other improvements.

[0009] One aspect of the invention provides a computer-based method for providing
corrective feedback about exercise form of a possibly previously unseen user, the method
performed on at least one computer having a processor, a memory and input/output
capability. The method comprises: recording, via any video recording technology, while a
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user performs a specific exercise; preprocessing, by a computer which can potentially be
the video recording device, the video into the correct input format for the machine learning
methods utilized; evaluating, by the computer, with machine learning, computer vision,
and/or deep learning models that have been previously trained in order to evaluate the form
of a user by training on labelled and or unlabeled datasets that comprise or consist of: a
variety of human poses performing various actions and postures, various activities
performed by humans, different types of exercises, and both correct and incorrect exercise
form for the different types of exercises being evaluated from as wide a variety of
demographic as possible; identifying the user throughout the video, the exercise type, each
repetition of the exercise, the user’s errors in form; and then generating, by the computer,
corrective feedback for the user on how to improve exercise form for subsequent

repetitions; and communicating, via an output device, the corrective feedback to the user.

[0010] In some embodiments, the corrective feedback is created to improve the quality and

safety of a user’s exercise form.

[0011] In some embodiments, the corrective feedback consists of verbal, written, and/or
visual feedback on body part position, movement, potential causations of their form failures,
and suggested steps to correct said form failure.

[0012] In some embodiments, newly collected data may be added periodically to the
datasets, which are then regularly used to retrain the models in order to potentially improve
their predictive power.

[0013] In some embodiments, the recording of the exercise of the user takes place at one
location; a computer which is situated locally or remotely, potentially the same device as the
video recording device; and if the video recording device and computer are not the same
device, the video data is transmitted to the computer.

[0014] In some embodiments, the output device is in the same location as the video
recording device.

[0015] In some embodiments, the datasets consist of: human poses in varying actions and
postures, various actions performed by humans, different exercise types, and both correct
and incorrect exercise form.
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[0016] In some embodiments, the exercises are selected from: squat, deadlift, bench press,

or other movements, including any variation of these movements.

[0017] Some embodiments comprise evaluating the video recording of the user by
computer vision, machine learning, and deep learning techniques that have learned to
identify a prototypical human pose consisting of a variety of body part locations, human
performed actions, exercise type and form; all derived by the models from previously seen
visual data.

[0018] One aspect of the invention provides an apparatus for evaluating a user’s exercise
form and providing feedback to the user, the apparatus comprising: a single video recording
device (which may or may be not worn by the subject), and which records video of the user
performing an exercise movement; possibly a transmission channel if necessary for
communicating data to one or more computing devices wherein the one or more computing
devices each comprises a memory, output device, and one or more processors configured
with instructions to: preprocess videos into proper input format for models; evaluate the
video of the user by computer vision, machine learning, and deep learning algorithms
trained on datasets (with or without labels/annotations) comprising or consisting of
previously recorded human poses, exercise types and form; generate user-appropriate
feedback to correct the user’s exercise form; and communicating, via the output device, the
feedback to the user, generated by the computer. The transmission may not be necessary if
the described instructions above are configured on the recording device itself.

[0019] In some embodiments, the feedback is designed to educate the user about failures

in proper form and correct the user’s exercise form.

[0020] The technology herein includes a computer-based method for evaluating exercise
form of a user, the method being performed on at least one computer, the computer having
a processor, a memory, and input/output capability. The method comprises: video recording
of an exercise motion performed by the user, wherein the exercise motion is encapsulated
in the raw video data; which is parsed and formatted, by a computer, into the proper format
for the algorithms used; evaluating, by the computer, the user's exercise from the video
through machine learning, computer vision, and deep learning algorithms developed with
the datasets that the models were trained on, wherein each dataset comprises: human

poses in varying actions and postures, human actions and activities, various exercise types,
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and both correct and incorrect exercise form; identifying: a user’s location in each video
frame, type of exercise being performed, each repetition of the identified exercise; and
communicating, via an output device, corrective suggestions for the user, which improve

exercise form on future occasions.

[0021] One aspect of the invention provides a method of generating user feedback from
video of a user performing one or more reps of an exercise type, the method comprising:
receiving an exercise type; selecting a rep detection model from a plurality of rep detection
models, wherein the selected rep detection model corresponds to the exercise type;
selecting an error indication model from a plurality of error indication models, wherein the
selected error indication model corresponds to the exercise type; receiving a video of a user
performing one or more reps of the exercise type; identifying a rep in the video with the
selected rep detection model; generating a form error indication for the rep with the selected
error indication model; and generating feedback based on the form error indication.

[0022] In some embodiments, receiving the exercise type comprises receiving a user
selection of one of a plurality of exercise types.

[0023] In some embodiments, receiving the exercise type comprises generating an exercise
type for the video with an exercise classification model.

[0024] In some embodiments, receiving the video of the user performing one or more reps
of the exercise type comprises capturing video of the user performing the reps with a video
capture device.

[0025] In some embodiments, the video comprises a plurality of frames, and identifying a
rep in the video with the selected rep detection model comprises: identifying an object
region in each frame of the video containing an exercise object, wherein the exercise object
corresponds to the exercise type; calculating an object height for each frame based on the
object region in each frame; calculating a running average of the object height for each
frame; determining a plurality of up-crossing frames, wherein each up-crossing frame is a
frame with an object height equal to the running average for the frame and each up-
crossing frame follows a frame with an object height less than the running average for the
frame; determining a plurality of down-crossing frames wherein each down-crossing frame
is a frame with an object height equal to the running average for the frame and each down-
crossing frame follows a frame with an object height greater than the running average for
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the frame; generating a plurality of crossing point pairs by associating each up-crossing
frame with one of the down-crossing frames; determining a plurality of minima frames
wherein each minima frame is a frame between two of the crossing point pairs and the
object height for each minima frame is the minimum object height for all frames between the
two crossing point pairs; identifying a rep start frame, wherein the rep start frame is one of
the minima frames preceding one of the crossing point pairs; identifying a rep end frame,
wherein the rep end frame is one of the minima frames following the one of the crossing
point pairs; and identifying the rep as comprising the frames between the rep start frame
and the rep end frame.

[0026] In some embodiments, detecting the rep in the video with the selected rep detection
model comprises: smoothing the object height for each frame between the rep start frame
and rep end frame; calculating a slope of the object height for each frame between the rep
start frame and rep end frame; determining one or more slope-crossing frames between the
rep start frame and rep end frame where the slope for the frame equals a threshold slope;
updating the rep start frame to the first slope-crossing frame if the slope at the first slope-
crossing frame is positive; and updating the rep end frame to the last slope-crossing frame if
the slope at the last slope-crossing frame is negative.

[0027] In some embodiments, smoothing the object height for each frame between the rep
start frame and rep end frame comprises averaging the object height of each frame with the
object height of a first number of frames preceding each frame and the object height of a

second number of frames following each frame.

[0028] In some embodiments, calculating the slope of the object height for each frame
comprises dividing a sum of the object height of the preceding frame and the object height
of the following frame with a sum of a maximum object height of all frames between the rep
start frame and the rep end frame and a minimum object height of all frames between the
rep start frame and the rep end frame.

[0029] Some embodiments comprise cropping the video to a specific aspect ratio.

[0030] Some embodiments comprise adding pixels to the video to format the video to a
specific aspect ratio.

[0031] In some embodiments, the specific aspect ratio is one pixel by one pixel.
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[0032] In some embodiments, the video comprises a plurality of frames, and generating the
form error indication for the detected rep with the selected error indication model comprises:
generating an error indication for each frame of the rep; and generating the form error
indication based at least in part on the error indication for at least one frame of the rep.

[0033] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and generating the form error indication based at least in part on the error
indication for at least one frame of the rep comprises generating a form error indication
indicating the presence of an error if the error probability for at least one frame of the rep
exceeds a probability threshold.

[0034] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and generating the form error indication based at least in part on the error
indication for at least one frame of the rep comprises generating a form error indication
indicating the presence of an error if the error probability for a threshold number of frames
of the rep exceed a probability threshold.

[0035] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and generating the form error indication based at least in part on the error
indication for at least one frame of the rep comprises generating a form error indication
indicating the presence of an error if the error probability for a threshold number of
consecutive frames of the rep exceed a probability threshold.

[0036] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and generating the form error indication based at least in part on the error
indication for at least one frame of the rep comprises: calculating a sum of the error
probabilities of the frames of the rep; and generating a form error indication indicating the
presence of an error if the sum of the error probabilities exceeds a probability threshold.

[0037] In some embodiments, generating feedback based on the form error indication
comprises selecting a media file corresponding to an error type of the error indication model
if the form error indication indicates the presence of an error in the rep.

[0038] In some embodiments, the media file comprises video of an individual demonstrating
an error of the error type.

[0039] In some embodiments, the media file comprises corrective audio instructions.
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[0040] In some embodiments, the media file comprises corrective video instructions.

[0041] In some embodiments, the method is performed by a processor of a computer

system.

[0042] Some embodiments comprise a non-transitory medium having stored thereon
computer-readable instructions, which when executed by a data processor, cause the data
processor to execute any method herein disclosed.

[0043] One aspect of the invention provides a system for providing feedback to a user
performing one or more reps of an exercise type, the system comprising: a video capture
device; a processor; a memory module; an input module; and an output module; wherein
the processor is configured to: receive an exercise type; capture video of the user
performing one or more reps of the exercise type with the video capture device; retrieve a
rep detection model corresponding to the exercise type from the memory module; execute
the rep detection model to identify a rep in the video; retrieve an error indication model
corresponding to the exercise type from the memory module; execute the error indication
model to generate a form error indication for the identified rep; and output feedback with the
output module based on the form error indication.

[0044] In some embodiments, the processor is configured to receive the exercise type from
the input module.

[0045] In some embodiments, the processor is configured to: retrieve an exercise
classification model from the memory module; and execute the exercise classification model

to generate the exercise type from the video.

[0046] In some embodiments, the video comprises a plurality of frames, and the processor
is configured to: retrieve an object detection model from the memory module; execute the
object detection model to detect an object region in each frame of the video; calculate an
object height for each frame based on the object region in each frame; calculate a running
average of the object height for each frame; determine a plurality of up-crossing frames,
wherein each up-crossing frame is a frame with an object height equal to the running
average for the frame and each up-crossing frame follows a frame with an object height less
than the running average for the frame; determine a plurality of down-crossing frames
wherein each down-crossing frame is a frame with an object height equal to the running
average for the frame and each down-crossing frame follows a frame with an object height
8
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greater than the running average for the frame; generate a plurality of crossing point pairs
by associating each up-crossing frame with a down-crossing frame; determine a plurality of
minima frames wherein each minima frame is a frame between two of the crossing point
pairs and the object height for each minima frame is the minimum object height for all
frames between the two crossing point pairs; identify a rep start frame, wherein the rep start
frame is one of the minima frames preceding one of the crossing point pairs; identify a rep
end frame, wherein the rep end frame is one of the minima frames following the one of the
crossing point pairs; and identify the rep as comprising the frames between the rep start
frame and the rep end frame.

[0047] In some embodiments, the processor is configured to: smooth the object height for
each frame between the rep start frame and rep end frame; calculate a slope of the object
height for each frame between the rep start frame and rep end frame; determine one or
more slope-crossing frames between the rep start frame and rep end frame where the slope
for the frame equals a threshold slope; update the rep start frame to the first slope-crossing
frame if the slope at the first slope-crossing frame is positive; and update the rep end frame
to the last slope-crossing frame if the slope at the last slope-crossing frame is negative.

[0048] In some embodiments, the processor is configured to smooth the object height for
each frame between the rep start frame and rep end frame by averaging the object height of
each frame with the object height of a first number of frames preceding each frame and the
object height of a second number of frames following each frame.

[0049] In some embodiments, the processor is configured to calculate the slope of the
object height for each frame between the rep start frame and rep end frame by dividing a
sum of the object height of the preceding frame and the object height of the following frame
with a sum of a maximum object height of all frames between the rep start frame and the
rep end frame and a minimum object height of all frames between the rep start frame and
the rep end frame.

[0050] In some embodiments, the processor is configured to crop each frame of the video
to a specific aspect ratio.

[0051] In some embodiments, the processor is configured to add pixels to each frame of the
video to format the video to a specific aspect ratio.

[0052] In some embodiments, the specific aspect ratio is one pixel by one pixel.
9
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[0053] In some embodiments, the video comprises a plurality of frames, and the processor
is configured to: execute the error indication model to generate a form error indication for
each frame of the rep; generate the form error indication based at least in part on the error
indication for at least one frame of the rep.

[0054] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and the processor is configured to generate a form error indication
indicating the presence of an error if the error probability for at least one frame of the rep
exceeds a probability threshold.

[0055] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and the processor is configured to generate a form error indication
indicating the presence of an error if the error probability for a threshold number of frames
of the rep exceed a probability threshold.

[0056] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and the processor is configured to generate a form error indication
indicating the presence of an error if the error probability for a threshold number of
consecutive frames of the rep exceed a probability threshold.

[0057] In some embodiments, the error indication for each frame of the rep comprises an
error probability, and the processor is configured to: calculate a sum of the error
probabilities of the frames of the rep; and generate a form error indication indicating the
presence of an error if the sum of the error probabilities exceeds a probability threshold.

[0058] In some embodiments, the processor is configured to retrieve the feedback
comprising a media file from the memory module based at least in part on an error type of

the form error indication model and the form error indication.

[0059] In some embodiments, the media file comprises video of an individual demonstrating
an error of the error type, and the processor is configured to display the media file with the
output module.

[0060] In some embodiments, the media file comprises audio instructions, and the
processor is configured to play the media file with the output module.

[0061] In some embodiments, the media file comprises video of corrective instructions, and
the processor is configured to display the media file with the output module.

10
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[0062] In some embodiments, the video capture device comprises a video capture device of
a mobile phone, a tablet computer, or a personal computer.

[0063] In some embodiments, the processor comprises a processor of a mobile phone, a
tablet computer, or a personal computer.

[0064] In some embodiments, the memory module comprises one or more of: a hard disk
drive, an optical data storage media, an electronic data storage media, a flash RAM, an
EPROM, and a preprogrammed chip.

[0065] In some embodiments, the input module comprises one or more of a keyboard and a
touch display.

[0066] In some embodiments, the output module comprises one or more of a speaker and a
display.

[0067] One aspect of the invention provides a method of generating a rep start frame and a
rep end frame for an exercise rep in a video of a user performing one or more exercise reps
of an exercise type, the method comprising: receiving the video of the user performing the
one or more exercise reps of the exercise type, wherein the video comprises a plurality of
numbered frames; identifying an object region in each frame of the video containing an
exercise object; calculating an object height for each frame based on the object region in
each frame; calculating a running average of the object height for each frame; determining a
plurality of up-crossing frames, wherein each up-crossing frame is a frame with an object
height equal to the running average for the frame and each up-crossing frame follows a
frame with an object height less than the running average for the frame; determining a
plurality of down-crossing frames wherein each down-crossing frame is a frame with an
object height equal to the running average for the frame and each down-crossing frame
follows a frame with an object height greater than the running average for the frame;
generating a plurality of crossing point pairs by associating each up-crossing frame with a
down-crossing frame; determining a plurality of minima frames wherein each minima frame
is a frame between two of the crossing point pairs and the object height for each minima
frame is the minimum object height for all frames between the two crossing point pairs;
generating a rep start frame, wherein the rep start frame is one of the minima frames
preceding one of the crossing point pairs; and generating a rep end frame, wherein the rep
end frame is one of the minima frames following the one of the crossing point pairs.

11



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

[0068] Some embodiments comprise smoothing the object height for each frame between
the rep start frame and rep end frame; calculating a slope of the object height for each
frame; determining one or more slope-crossing frames where the slope for the frame equals
a threshold slope; changing the rep start frame to the first slope-crossing frame if the slope
at the first slope-crossing frame is positive; and changing the rep end frame to the last
slope-crossing frame if the slope at the last slope-crossing frame is negative.

[0069] Some embodiments comprise smoothing the object height for each frame between
the rep start frame and rep end frame comprises averaging the object height of each frame
with the object height of a first number of frames preceding each frame and the object
height of a second number of frames following each frame.

[0070] Some embodiments comprise calculating the slope of the object height for each
frame comprises dividing a sum of the object height of the preceding frame and the object
height of the following frame with a sum of a maximum object height of all frames between
the rep start frame and the rep end frame and a minimum object height of all frames
between the rep start frame and the rep end frame.

[0071] Some embodiments comprise cropping the video between the rep start frame and
the rep end frame.

[0072] In some embodiments, identifying the object region in each frame of the video
containing the exercise object comprises identifying a bounding box in each frame of the
video containing the exercise object.

[0073] In some embodiments, calculating the object height for each frame based on the
object region in each frame comprises calculating a center of the object region.

[0074] In some embodiments, calculating the object height for each frame based on the
object region in each frame comprises calculating a distance between a bottom of each
frame and the center of the object region.

[0075] In some embodiments, the running average for each frame is the average of the
object height for the 200 frames preceding each frame.

[0076] One aspect of the invention provides a method of generating training data for an
error detection model from video of a user performing one or more exercise reps of an
exercise type, the method comprising: receiving a video of a user performing one or more
exercise reps of an exercise type; identifying a rep start frame and a rep end frame in the
video; identifying a rep video comprising the video frames between the rep start frame and

the rep end frame; generating an exercise label of the rep video with an exercise
12
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classification model; confirming the exercise label matches the exercise type; identifying an
error of an error type in the rep video; identifying an error start frame and an error end frame
of the rep video; labelling the rep video with the error type, error start frame, and error end
frame; identifying a relevant region in each frame of the rep video containing one or more
error objects corresponding to the error type; and cropping the rep video based on the
relevant region in each frame of the rep video.

[0077] In some embodiments, the exercise classification model comprises a machine
learning algorithm.

[0078] One aspect of the invention provides a method of training an error indication model,
the method comprising: generating training data according any method herein disclosed;
and training an error indication model with the training data.

[0079] In some embodiments, the error indication model comprises a machine learning
algorithm.

[0080] One aspect of the invention provides a method of generating a form error indication,
the method comprising: capturing a video of a user performing one or more exercise reps of
an exercise type; identifying a rep in the video according to any method herein disclosed;

and generating a form error indication of the rep with an error indication model.

[0081] In some embodiments, the error indication model is trained according to any method
herein disclosed.

[0082] One aspect of the invention provides a method of generating corrective feedback for
a user performing an exercise movement, the method comprising: generating a form error
indication according any method herein disclosed; and generating audio feedback based on

the form error indication.
[0083] In some embodiments, the form error indication comprises an error type.

[0084] In some embodiments, receiving the video of the user performing one or more
exercise reps of an exercise type comprises: searching an online database of videos for a
video associated in the online database with the exercise type; and downloading the video
associated with the exercise type from the online database.
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[0085] In some embodiments, labelling the rep video with the error type, error start frame,
and error end frame comprising storing the error type, error start frame, and error end frame

in a relational database.

[0086] In some embodiments, labelling the rep video with the error type, error start frame,
and error end frame comprising storing the error type, error start frame, and error end frame

in a metadata associated with the rep video.

[0087] In some embodiments, the exercise type is one of: squats, deadlifts, pull-ups, push-
ups, bench presses, planks, bicep curls, and a yoga pose.

[0088] In some embodiments, the exercise object is one of: a barbell, a dumbbell, a weight
plate, a TRX™ band, a medicine ball, an elastic band, a skipping rope, and an exercise

machine.

[0089] In addition to the exemplary aspects and embodiments described above, further
aspects and embodiments will become apparent by reference to the drawings and by study
of the following detailed descriptions.

Brief Description of the Drawings

[0090] Exemplary embodiments are illustrated in referenced figures of the drawings. It is
intended that the embodiments and figures disclosed herein are to be considered illustrative
rather than restrictive.

[0091] Figure 1A depicts an exemplary system for detecting potential problems (e.g. form
errors) of a user performing a physical exercise, according to one embodiment of the

present invention.

[0092] Figure 1B depicts an exemplary method for detecting potential problems (e.g. form
errors) of a user performing a physical exercise, according to one embodiment of the

present invention.

[0093] Figures 2A and 2B depict an exemplary method for generating training data for
training a form error detection model, according to one embodiment of the present

invention.
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[0094] Figure 3 depicts an exemplary method for training an error detection model

according to one embodiment of the present invention.

[0095] Figures 4A and 4B depict an exemplary method for detecting an exercise repetition
(rep) within a video of a person performing a physical exercise, according to one
embodiment of the present invention.

[0096] Figures 4C and 4D are schematic views of identifying an object region and
calculating an object height, according to one embodiment of the present invention.

[0097] Figures 5A to 5N are graphical representations of examples of method 400.

Description

[0098] Throughout the following description specific details are set forth in order to provide
a more thorough understanding to persons skilled in the art. However, well known elements
may not have been shown or described in detail to avoid unnecessarily obscuring the
disclosure. Accordingly, the description and drawings are to be regarded in an illustrative,

rather than a restrictive, sense.

[0099] Aspects of the technology described herein receive video of a user performing one
or more repetitions (reps) of an exercise type, and provide feedback to the user on the
user’s form (e.g. potential problems with the user’s form) when performing the reps shown
in the video. Example exercise types include, but are not limited to: squats, deadlifts, pull-
ups, push-ups, bench presses, planks, bicep curls, yoga poses, and/or the like. Exercises
may include exercise objects, such as, by way of non-limiting example, a barbell, one or
more dumbbells, weight plates, TRX™ bands, medicine balls, elastic bands, skipping ropes,
exercise machines and/or the like. Such exercise objects are not necessary, however.

[0100] The technology may be configured to receive video of a user performing the exercise
reps in any setting where the user may perform the reps. Example settings include, but are
not limited to: a home, a gym, outdoors, a hotel room, a field, and the like.

[0101] The technology described herein may utilize any form of video capture apparatus, or

a combination of two or more different types of video capture apparatus. The video capture

apparatus may store captured video locally or remotely. The video capture apparatus may

be configured to capture video of the user performing exercise reps in one or more of the
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settings. In a typical (but not limiting) scenario, a user might capture video of themselves
performing an exercise using their mobile phone.

[0102] The technology described herein may utilize video capture apparatus and machine
learning models to generate one or more form error indications from video of a user
performing one or more reps of an exercise type (i.e. back squat, bicep curl, etc.), store the
video and error indications, and use the error indications to provide feedback to the user on
the user’s form when performing the one or more reps shown in the video. The feedback

may include corrective cues which may improve the user’s exercise form.

[0103] Corrective cues may include audio and/or visual messages. For example:
* an audio queue indicating the presence of one or more form errors;
* an audio queue indication the presence of a specific form error;
¢ an audio message describing a form error;
* an audio message describing proper exercise form;
e avideo of an individual demonstrating a form error; and/or

¢ avideo of an individual demonstrating proper exercise form.

[0104] Initially, a user records a video of themselves or another user performing one or
more reps of an exercise type. The video may be transferred to a suitably programmed
computer that formats the video into a format suitable for input to a machine learning model
and/or computer vision algorithm. A suitably programmed computer could include a
smartphone or other video capture device with similar computing capabilities with which the
video was originally captured, thus not requiring transfer of the video to another computer.

[0105] For every exercise type, a set of predefined exercise errors (error types) may be
identified and a separate error indication model may be trained for each of the exercise
errors (error types) for each exercise type. The exercise errors (error types) may be related
to one body part or a combination of two or more body parts. Each error indication model
may generate an error indication for a respective error type of the exercise type. The error
indication may comprise an error identification corresponding to the error type that the
specific error indication model is trained for, a start frame of the error, and an end frame of

the error.

[0106] To generate an error indication from user video, the video may be processed using
an object detection model that detects suitable object(s) in each frame (or in each of a
16
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suitable subset of the frames) relevant to one or more exercise types for which the system
is configured to detect error.

[0107] In some embodiments, the object detection model draws (or otherwise identifies)
rectangular bounding boxes around the relevant object(s) in each frame of interest. The
relevant objects may include one or more of: the body of the user performing the reps, one
or more body parts (e.g. feet, knees, hips, hands, back, etc.) of the user performing the
reps, and any equipment or exercise objects (e.g. barbells, dumbbells, etc.) used by the

user to perform the exercise.

[0108] Once the relevant objects are detected in each frame of interest, a start frame and
an end frame of one or more individual reps in the video may be identified. Individual reps
may be identified by tracking one or more spatial coordinates of relevant objects between
frames. For example, when performing reps with a barbell, the barbell’s vertical position in
each frame can be used to identify when a rep starts and ends. One or more of the
individual reps may then be processed separately to generate one or more error indications
for each individual rep.

[0109] Entire video frames of a user performing exercise reps may not be required to
generate a form error indication for a given error, or to generate training data for training an
error indication model for a given error. For example, to detect errors related to feet stability,
feet positioning, balance on the feet and/or the like, it may be desirable to process only a
portion of the video frames containing the individual’'s feet. Therefore, the video may be
spatially cropped to include only, or otherwise focus on, the relevant objects for a given
error. Such spatial cropping can reduce processing requirements and may increase the
accuracy of the machine learning models. A video may be spatially cropped to generate a
form error indication for the video, and also to prepare training data for training a given error
indication model.

[0110] For example, to generate training data for an error indication model for a given error
related to the position of a user’s feet, a video may be spatially cropped to include only, or
otherwise focus on, the user’s feet. Similarly, to generate an error indication for video of a
user performing reps, the video may be spatially cropped to include only, or otherwise focus
on, the user’s feet. The videos may be spatially cropped based on one or more bounding
boxes generated by a relevant object detection model.
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[0111] To identify a specific error (e.g. a particular error type for a particular exercise type),
a specific recurrent neural network model with a 3D convolutional backbone may be trained
using suitable training data. Each error indication model may be trained with training data
comprising a set of rep videos labeled by expert annotators. Each rep video may be
separately annotated for each error type, and the start frame and the end frame of any error
along with an error type of the error may be identified in each rep video.

[0112] The input for each error indication model may comprise a series of video frames
which together show a single rep and which contain the relevant objects for the error. The
output of each error indication model may comprise a probability of the presence of the
error for each frame of the video.

[0113] The presence or absence of a form error may be inferred from the output of an error
indication model. Where the output of an error indication model is a probability of a form
error per frame of a video, the presence of the form error in the video may be inferred when:
* any frame in the video has an error probability exceeding a threshold probability;
¢ a number of frames exceeding a frame threshold have an error probability exceeding
a probability threshold;
* aconsecutive number of frames exceeding a frame threshold have an error
probability exceeding a probability threshold; and/or
+ asum of all error probabilities for the frames of the video exceed an error sum
threshold.

[0114] Once the user video is processed by all error detection models for a given exercise,
the error indications of the models may be used to provide audio or visual feedback to the

user.

[0115] The video capture apparatus utilized herein captures video of the user and their
environment. The video, once properly formatted, allows for evaluation by a suitably trained
object detection model to identify a user’s location throughout the video. Suitably trained
exercise identification models may also be utilized to determine or verify the exercise type
shown in the video. Suitably trained error indication models may be utilized to determine
one or more form errors for particular error types and for particular exercise types. The user
video may be used to generate training data for one or more of the object detection model,
exercise identification models, and/or error indication models.
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[0116] The length of an exercise video is determined by many factors including the exercise
type, the number of reps performed, and variations between specific users such as
technical skill and fitness ability. Therefore, the length of an uncropped video may range
from a few seconds to several minutes. In addition, video capture apparatus generally
capture video at a rate of 30 frames per second (fps). The error detection models described
herein may be configured to generate an error indication for videos of varying or different
lengths, and varying or different frame rates.

[0117] The one or more computer systems used to perform some or all of the steps of the
methods described herein may either be proximate a user and video capture device, or
remote from the user and video capture device. Where one or more computer systems are
remote from the user and video capture device, the video capture device and one or more
of the remote computers may be connected through a network connection (e.g. WiFi, a LAN
connection, a WAN connection and/or the like) to transmit captured video from the video
capture device to the one or more remote computers. The one or more of the remote
computers may be programmed to format the video into a format desired for input to the
error indication models. The one or more of the remote computers may be programmed to
generate one or more error indications of the formatted video, and provide feedback to the

user based on the one or more error indications.

[0118] A user video may be evaluated, by machine learning and computer vision
algorithms, that have been trained with a set of example videos of a variety of individuals
performing the exercise. The set of example videos may comprise videos labelled with form
errors, and without form errors (i.e. demonstrating proper form/technique). The set of
example videos may also comprise videos of a variety of individuals performing exercises
both with and without form errors. This variety of individuals may include, but is not limited
to a variety of ages, genders, body weights and compositions, heights, skill levels, athletic
abilities, etc.

[0119] User videos may be added to the set of example videos as users use the system,
and the error indication models may be retrained (or the training of the error indication
models may be updated) using user videos.

[0120] The example movement that will be referenced (without limitation) throughout this
description to describe the array of measurable parameters and the operation of the
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methods and systems of various aspect of the invention is a back squat. The back squat
exercise movement has the user standing with feet shoulder-distance apart and their feet
pointing slightly outward, and with a barbell resting parallel to the ground on the user’s
upper back. As the user performs the exercise, the user’'s knees and hips bend as the user
lowers their rear in a controlled manner as if sitting in a chair. The user stops descent once
the tops of the user’s thighs are parallel to the ground or lower. The user then reverses the

motion and exerts enough upward force to return to a standing position.

[0121] Throughout the evaluation of an exercise movement, the data extracted from the
video input may provide information about a location of a user, a location of body parts of
the user, one or more angles of joints of the user, etc. This information can be derived from
the user video using suitable object detection models to identify the user, the location of
relevant body parts of the user, and exercise equipment such as a barbell. The vertical
position of the barbell may be determined for the identification of the barbell in each frame,
and the barbell’'s vertical position may be used to separate (either by parsing the video or
indicating start frames and end frames) individual exercise reps in the video into rep videos.
For each error to be detected, each rep video may be spatially cropped, such that each
cropped rep video contains the relevant region (body parts and/or exercise objects) required
to identify each respective error. The cropped rep videos may then be formatted to match a
format of training videos used to train the error detection models. The error detection
models identify the presence of error types of an exercise type. Various form errors may
cause specific issues for an individual exhibiting the form error. For example, if a user’s
chest is identified as being insufficiently upright (a form error), the user may be placing
unnecessary stress on their lumbar spine. Such a form error (insufficiently upright chest)
may be one of the error types identified by an error detection model corresponding to the
back squat exercise.

[0122] Once any issues with a user’s exercise form have been identified, then feedback can
be provided back to the user regarding whether the user’s form is correct or not.
Furthermore, the feedback may convey to the user what they can focus on while completing

the exercise movement in the future in order to avoid exhibiting the form error.

[0123] Figure 1A depicts system 100 for detecting potential problems (e.g. form errors) of
user 110 performing one or more exercise reps of an exercise type, according to one

exemplary embodiment of the present invention.
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[0124] System 100 comprises video capture device 120, processor 122, memory module
124, input module 126, and output module 128. Video capture device 120, processor 122,
memory module 124, input module 126, and output module 128 are communicatively
coupled. All of video capture device 120, processor 122, memory module 124, input module
126, and output module 128 may be provided by a single device, for example a
smartphone, tablet computer and/or the like. In some embodiments, parts of video capture
device 120, processor 122, memory module, 124, input module 126 and/or output module
128 may be distributed (e.g. over a communication network or otherwise). For example, a
first portion of memory module 124 may be local to the smartphone of user 110 and a
second portion of memory module 124 may be resident on a server computer at some other
location.

[0125] Video capture device 120 may be arranged to view user 110 and capture video 16 of
user 110 performing an exercise rep 18 of exercise type 14. Exercise types 14 and reps 18
are described in more detail below.

[0126] Memory module 124 stores one or more rep detection models 10, and one or more
error indication models 12. Each of rep detection models 10 corresponds to an exercise
type. Each of error indication models 12 corresponds to a particular error type 38’ within a
corresponding exercise type. Error types 38’ are described in more detail below.

[0127] Processor 122 of system 100 may be configured to:

* receive, via input module 126, an exercise type 14. Exercise type 14 may be input by
user 110, for example;

e capture, via video capture device 120, a video 16 of user 110 performing one or
more reps 18 of exercise type 14;

* retrieve, via memory module 124, rep detection model 10’ corresponding to exercise
type 14. A particular rep detection model 10’ corresponding to exercise type 14 may
be selected from among a plurality of rep detection models 10 for various exercise
types;

s execute rep detection model 10’ to identify rep(s) 18 in video 16;

* retrieve, via memory module 124, one or more error indication models 12’
corresponding to exercise type 14, each error indication model 12’ corresponding to
a particular error type 38’ corresponding to exercise type 14. Particular error
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indication models 12’ and particular error types 38’ corresponding to exercise type
14 may be selected from among a plurality of error indication models 12 and a
plurality of error types corresponding for various exercise types;

+ for each error indication models 12', execute error indication model 12’ to generate
error indication 20 for each rep 18; and

* output, via output module 128, feedback 21 to user 110 based on one or more error
indications 20.

[0128] In some embodiments, feedback 21 may include, without limitation, suitable
indication(s) of the presence or absence of form errors in each rep 18 in user video 16,
indications of the times and/or frames of user video 16 that contain the form errors,
instructions for correcting one or more form errors that may be present in user video 16
and/or the like.
[0129] In some embodiments, memory module 124 stores exercise classification model 22.
Exercise classification model 22 receives as input a video 16 of a user performing one or
more exercise reps 18 and outputs an exercise type label 24 corresponding to the exercise
type of the exercise reps 18. Exercise classification model 122 may output an exercise label
24 for video 16 (e.g. as a whole) or for each rep 18 identified in video 16. Where memory
module 124 stores exercise classification model 22, processor 122 may be configured to:

* retrieve, via memory module 124, exercise classification model 22; and

* execute exercise classification model 22 to generate exercise type label 24 of video

16.

[0130] Exercise type label 24 may be used to confirm exercise type 14 received by input
module 126. In some embodiments, processor 122 may be configured to generate exercise
type label 24 instead of receiving exercise type 14. In such embodiments, processor 122
may be configured to use exercise type label 24 in the place of exercise type 14 for
functionality described elsewhere herein. For example, processor 122 may retrieve rep
detection model 10° (from among a plurality of rep detection models 10 corresponding to
various exercise types) and error indication model 12’ (from among a plurality of error
indication models 12 corresponding to various exercise types) based on exercise type label
24 instead of a received exercise type 14. Except where clearly indicated by the description
or by the context, exercise type 14 is used in the remainder of this without loss of generality.
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[0131] In some embodiments, memory module 124 stores feedback 21 comprising pre-
recorded audio and/or visual media. The media may include messages and/or instructions
to be played for user 110. The messages may include one or more of: directions on using
system 100, directions on performing a rep of exercise of type 14, corrective instructions for
remedying a form error in a rep 18 of exercise of type 14, and/or encouraging messages.
[0132] In some embodiments, one or more of video capture device 120, processor 122,
memory module 124, input module 126, and output module 128 may be provided by
separate devices, and communicatively coupled by a wired or wireless interface, for
example: USB, Ethernet, WiFi, Bluetooth, or a cellular network (i.e. 3g, 49, etc.).

[0133] Figure 1B depicts method 101 for detecting one or more form errors of user 110
performing a rep 18 of an exercise type 14, according to one embodiment of the present
invention. Method 101 may be performed by system 100. In the Figure 1B illustration, solid
lines with arrows are indicative of process flow, while dotted lines with arrows are indicative

of data flow.

[0134] Step 130 of method 101 comprises receiving (or otherwise obtaining) a user
exercise type 14. Exercise type 14 indicates a type of exercise, for example: back squat,
shoulder press, push-up, pull-up and/or the like. Exercise type 14 may be input or otherwise
provided by user 110, for example by user 110 selecting an exercise type 14 from among a
variety of exercise types, keying in an exercise type 14 and/or the like. Exercise type 14
may be generated from user video 16 as part of step 130, for example by using exercise
classification model 122 discussed above, which outputs an exercise type label 24 which
can be used as exercise type 14 for subsequent processing.

[0135] Step 132 of method 101 comprises selecting a rep detection model 10° from among
a plurality of detection models 10 (e.g. a database of rep detection models 10)
corresponding to various exercise types. Each of rep detection models 10 corresponds to
an exercise type. Step 132 comprises selecting rep detection model 10’ which corresponds
to exercise type 14.

[0136] Step 134 of method 101 comprises selecting one or more error indication models 12
from among a plurality of error indication models 12 (e.g. a database of error detection
models 12) corresponding to various exercise types. Each of error indication models 12
corresponds to an exercise type. Step 134 comprises selecting one or more error indication

models 12’ corresponding to exercise type 14.
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[0137] Each of the one or more error detection models 12’ selected in step 134 corresponds
to a different error type 38’ for exercise type 14 with a one to one correspondence between
error types 38’ and error detection models 12'. For example, where exercise type 14 is
“pack squat”, the error indication models 12’ selected in step 134 corresponding to exercise
type “back squat” may include “incorrect foot position”, “incorrect bar position”, “chest
insufficiently upright” and/or “incorrect knee position”. Each of “incorrect foot position”,
“‘incorrect bar position”, “chest insufficiently upright” and/or “incorrect knee position” may be
an error type 38’ corresponding to the exercise type “back squat” and each of the step 134

error detection models 12" may correspond to one of these error types 38'.

[0138] In some embodiments, method 101 may be performed only for a particular exercise
type 14 (e.g. for a back squat). In some such embodiments, steps 130, 132 and 134 may
not be required, as the exercise type 14 is given, rep detection model 10’ need not be
selected (since it may be hard-coded for the particular exercise type 14) and error indication
models 12’ need not be selected (since they may be hard-coded for the particular exercise
type 14).

[0139] From step 134, method 101 proceeds to step 136, which comprises receiving video
16 of user 110 performing one or more reps 18 of exercise type 14. As discussed elsewhere
herein, video 16 may be captured by any suitable image-capture apparatus and received at
system 100 by any suitable technique. In one exemplary embodiment, video 16 is captured
on the mobile phone of user 110 and some or all of system 100 and method 101 are
implemented by the same mobile phone.

[0140] In some embodiments, step 136 comprises formatting user video 16. Formatting
user video 16 may comprise cropping video 16 to a desired perspective. Formatting user
video 16 may comprise adding pixels to the frames of video 16 to generate frames of a
desired perspective. A desired perspective may be a horizontal to vertical pixel ratio of 1x1,
6x4, or 4x6 pixels.

[0141] Method 101 then proceeds to step 138 which comprises detecting one or more
rep(s) 18 in video 16 using the step 132 rep detection model 10’. Rep detection step 138 is
described in more detail below.

[0142] Method 101 then enters a loop 140, which comprises performing step 142 for each
step 134 error indication model 12’ and for each rep 18 detected in step 138. Step 142

24



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

comprises generating error indication 20 of the current rep 18 using the current error
indication model 12”. Error indication 20 may indicate a probability that an error of the type
of the current error indication model 12’ is present in the current rep 18.

[0143] Figures 2A to 2B depict method 200 for generating training data for training one or
more error indication models 12 for an exercise type 28, according to an example
embodiment.

[0144] Method 200 starts in step 210 which comprises selecting a set 30 of example
exercise videos 26 of an exercise type corresponding to exercise type 28. Exercise type 28
is the type of exercise for which method 200 will generate training data. Each of videos 26

comprises a plurality of numbered frames.

[0145] Example exercise videos 26 may comprise videos stored on the internet, for
example on a social media platform such as Instagram™, YouTube™, Facebook™ and/or
the like. Selecting set 30 may comprise downloading a set of social media videos 26
associated with exercise type 28. For example, InstagramTM videos may be associated with
a text tag used to describe the contents of the video. Selecting set 30 in step 210 may
comprise searching the tags of Instagram ™ videos for text generally matching exercise type
28. For example, if exercise type 28 is “back squat”’, then step 210 may comprise searching
Instagram™ for videos associated with tags containing the text “back squat”, or some

variation thereof, such as the text “backsquat”, “squat” or “bsquat”.

[0146] Method 200 then proceeds to a loop 212 which comprises performing steps 214 to
222 of method 200 for each video 30’ in set 30.

[0147] Step 214 of method 200 comprises detecting one or more reps 32 of exercise type
28 in video 30’ using a rep detection model 10’corresponding to exercise type 28. Rep
detection step 214 is described in more detail below.

[0148] Method 200 then proceeds to step 216, which comprises randomly selecting one rep
32’ from among the reps 32 detected in step 214. A rep 32° may be randomly selected from
among the step 214 reps 32 by assigning each of the step 214 reps 32 an index number,

and generating a random one of the index numbers.

[0149] Method 200 then proceeds to step 218 which comprises classifying rep 32" using
exercise classification model 22 to generate rep label 34. Exercise classification model 22
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may comprise any suitable model that can classify video clips showing exercise reps (e.g.
rep 32°) into exercise types (e.g. rep label 34).

[0150] For example, in one particular embodiment, exercise classification model 22
comprises a 3D spatio-temporal convolutional neural network trained, using supervised
machine learning based on the stochastic gradient descent machine learning technique,
with video clips showing exercise reps pre-labelled with a particular exercise type. During
training, exercise classification model 22 is rewarded if it is able to correctly identify/label
the exercise type (according to the pre-labelled exercise type) in a rep shown in a training
video clip and is penalized if it incorrectly identifies/labels the exercise type (according to
the pre-labelled exercise type) in a rep shown in a training video clip. After sufficient training
using pre-labelled training video clips showing various exercises labelled with their
corresponding exercise type, the neural network (exercise classification model 22) is able to
infer the exercise type in any video clip showing an exercise rep (e.g. rep 32°). The output of
step 218 is a rep label 34 corresponding to the block 216 randomly selected rep 32°. It will
be appreciated that other forms of neural networks could be used to implement
classification model 22 and/or other techniques for supervised or unsupervised machine
learning based training could be used to train classification model 22 provided that exercise
classification model 22 (once properly trained) is able to receive, as input, video comprising
one or more reps (e.g. rep 32’) and classify or label such reps as belonging to a particular
exercise type (e.g. outputting rep label 34).

[0151] Method 200 then proceeds to block 220 which comprises comparing the block 218
rep label 34 to the input exercise type 28 to verify whether the randomly selected rep 32’ is
indeed of the same exercise type as the input exercise type 28. If rep label 34 matches
exercise type 28, then rep 32’ is a rep of exercise type 28, and rep 32’ is added to labelled
rep video set 36A in step 222. If rep label 34 does not maich exercise type 28, then rep 32°
is not a rep of exercise type 28, and rep 32’ is discarded.

[0152] In some embodiments, rep label 34 generated by exercise classification model 22
may comprise an exercise type, and a confidence probability. Where rep label 34 comprises
a confidence probability, step 220 may comprise discarding rep 32’ if the confidence
probability of rep label 34 is below a threshold, for example 50% (in some embodiments) or
75% (in some embodiments).
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[0153] Steps 218 and 220 may be considered a verification step in the sense that they
involve verifying whether randomly selected rep 32’ from a particular video 30’ corresponds
to the input exercise type 28. In some embodiments, these verification steps can be
performed on a video prior to randomly selecting a rep. Instead, a larger portion of a
particular video 30’ (perhaps comprising several reps) may be verified and exercise
classification model 22 may be capable of labelling a video comprising several reps. In such
embodiments, a single rep 32" may be randomly selected and added to labelled rep video
set 36A after its corresponding video 30’ has been verified to comprise one or more reps of
the input exercise type 28.

[0154] Upon the completion of the loop 212 (i.e. after processing all of videos 30’ in set 30),
the output of loop 212 is labelled rep video set 36A comprising a number of randomly
selected reps 32’ from a corresponding number of videos 30, where each rep 32 has been
verified to be of the same exercise type as input exercise type 28. Method 200 then
proceeds to loop 224 (Figure 2B). Loop 224 comprises performing steps 226 to 232 for
each error type 38’ from among a set of exercise error types 38 which correspond to the
input exercise type 28. The set of exercise error types 38 may comprise individual error
types 38 each of which corresponds to a possible form error corresponding to input
exercise type 28. For example, where exercise type 28 is “back squat’, the set of exercise
error types 38 may include individual error types 38’ such as “incorrect foot position”,
“‘incorrect bar position”, “chest insufficiently upright”, “incorrect knee position” and/or the like.
It will be appreciated that if the input exercise type 28 is different, the set of exercise error
types 38 and the individual error types will be different. Furthermore, the number of error
types 38’ in each set of exercise error types 38 may be different for each input exercise. For
example, where input exercise 28 is a push up, the set of exercise error types 38 may
include individual error types 38’ such as “incorrect hand placement”, “bum too high” and/or
the like.

[0155] Method 200 then proceeds to loop 226 which involves performing steps 228 to 232
for each rep video 36A’ in labelled rep video set 36A.

[0156] Step 228 of method 200 comprises reviewing the current rep video 36A’ for an error
of the current error type 38’. If current rep video 36A’ contains an error of current error type
38’, then method 200 proceeds to step 230. If rep video 36A’ does not contain an error of

current error type 38’, then method 200 proceeds to step 232. Step 230 of method 200
27



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

comprises adding an error type label 40’ and an associated error period label 42’ to current
rep video 36A’ (e.g. as metadata attached to current rep video 36A’ or as separate fields in
a data structure corresponding to current rep video 36A’). The error type label 40’ assigned
in step 230 corresponds to current error type 38’. Error period label 42’ may indicate an
error start frame (or error start time) and an error end frame (or error end time) between
which an error of current error type 38’ occurs. Step 232 comprises adding an error type
label 40’ corresponding to current error type 38’ and a “correct” label to current rep video
36A’ (e.g. as metadata attached to current rep video 36A’ or as separate fields in a data
structure corresponding to current rep video 36A’).

[0157] The error identification and labelling procedures of steps 228, 230 and 232 may be
performed in part by a human expert (e.g. someone with experience identifying errors in
exercises). Specifically, a human expert may identify the existence or non-existence of an
error of the current error type 38" and the start/end frames/times of that error within the
current rep video 36A’ (as part of block 228) and may input this information to facilitate the
performance of steps 230 or 232.

[0158] The output of method 200 (at the conclusion of loops 226 and 224) is a training
video set 36B. Training video set 36B comprises labelled rep video set 36A once steps 224
to 232 have been performed for each of error types 38 corresponding to input exercise type
28 and for each video in set 36A. More specifically, training video set 36B comprises a set
of videos of single reps that have been verified to be of input exercise type 28 wherein each
rep video has been labelled with whether it contains any of exercise error types 38
(corresponding to the input exercise type 28) and, for each error type 38’ from among the
set of exercise error types 38, the start frame/time and end frame/time of that error type 38'.
It will be appreciated from the above discussion of training data preparation that method
200 may be performed to generate a training video set 36B for each exercise type that
could be considered by system 100 (Figure 1A) or method 101 (Figure 1B) and that each
such exercise type would be an input exercise type 28 to method 200. That is, training video
set 36B may be prepared (using method 200) for each exercise type that could be
considered by system 100 (Figure 1A) or method 101 (Figure 1B).

[0159] Figure 3 depicts method 300 for training an error indication model 52 according to
one embodiment of the present invention. Error indication model 52 trained according to

method 300 may be used as one of error indication models 12 in system 100 (Figure 1A)
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and/or method 101 (Figure 1B). Method 300 may train error indication model 52 using
training data (e.g. training video set 36B) prepared according to method 200 (Figures 2A,
2B). Method 300 trains an error indication model 52 to identify a particular error type 38’
corresponding to an exercise type. For example, method 300 may be used to train an error
indication model 52 for determining a probability of a “foot position” error (i.e. a particular
error type 38’) corresponding to a “back squat” (an exercise type). The error indication
models 52 trained in method 300 may provide the error indication models 12 of system 100
(Figure 1A) and method 101 (Figure 1A). The particular error type 38’ in method 300 may
correspond one of the error types 38’ in method 200 (Figure 2B). Method 300 may be
performed once for each error type 38’ (an input error type 38’) to generate an error
indication model 52 capable of identifying that error type 38'. As discussed elsewhere
herein, each exercise type 38 may be one of a set of exercise error types 38, all of which
correspond to a particular exercise type. Thus, if system 100 (Figure 1A) and method 101
(Figure 1B) are to be used for multiple exercise types, then method 300 may be performed
for each input error type 38 for among each set of exercise error types 38 for each exercise
type. Each error indication model 52 trained using method 300 generates one error
indication model 12 (Figures 1A, 1B) capable of identifying a particular error type 38’ (i.e.
the input error type 38’ to method 300).

[0160] Method receives (as input) training video set 36B (e.g. the output of training data
preparation method 200) for a particular exercise type and an error type 38’ from among the
set of error types 38 corresponding to the particular exercise type. Method 300 comprises a
loop 310 which involves performing steps 312 to 316 for each rep video 36B’ in training
video set 36B.

[0161] Step 312 of method 300 comprises determining and detecting one or more relevant
objects in video 36B’ that are relevant to input error type 38'. Such relevant objects may
include parts of a body, parts of the environment and/or parts of exercise equipment. Such
objects may be referred to as objects of interest for the purposes of method 300. For
example, if input error type 38’ is “foot position” for a “back squat” exercise type, then the
relevant objects of interest determined and detected in video 36B’ as part of step 312 may
comprise the feet of the person performing the exercise in video 36B’. As another example,
if input error type 38’ is “insufficient arm flexion” for a pull up exercise type, then the relevant
objects of interest determined and detected in video 36B’ as part of step 312 may comprise
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the chest of the person performing the exercise in video 36B’ and the pull up bar shown in
video 36B'.

[0162] Step 312 may be performed using an object detection model 55. For example, step
312 may be performed using an object detection model 55 based on a 3D spatio-temporal
convolutional neural network backbone which is able to segment (e.g. identify boundaries of or
bounding boxes around) different objects (e.g. on a per-frame basis). This backbone may then
be trained, using supervised machine learning based on the stochastic gradient descent
machine learning technique, with video clips showing pre-labelled objects (e.g. parts of
moving human bodies), exercise equipment or objects (e.g. barbells, dumbbells, exercise
machines and/or the like). During training, object detection model 55 may be rewarded if it
is able to correctly identify/label objects (according to the pre-labelled objects) in a rep
shown in a training video clip and may be penalized if it incorrectly identifies/labels objects
(according to the pre-labelled objects) in a rep shown in a training video clip. After sufficient
training using pre-labelled training video clips showing various pre-labelled objects, the
neural network (object detection model 55) is able to segment different objects (on a per-
frame basis) and to infer the types of such objects in any video clip showing an exercise rep
(e.g. rep video 36B’). The output of step 312 may comprise locations (on a per-frame basis)
and labels for different objects of interest that are relevant to error type 38’ in rep video
36B’. The locations of objects of interest (on a per-frame basis) may be identified using one
or more bounding boxes. It will be appreciated that other forms of neural networks could be
used to implement object detection model 55 and/or other techniques for supervised or
unsupervised machine learning based training could be used to train object detection model
55 provided that object detection model 55 (once properly trained) is able to receive, as
input, video comprising one or more reps (e.g. rep video 36B’) and is able to identify the
locations of different objects of interest (on a per-frame basis) and to infer the types of such
objects of interest in any video clip showing an exercise rep (e.g. rep video 36B’).

[0163] Method 300 then proceeds to step 314 which comprises spatially cropping the
frames of video 36B’ to a smaller portion of the original frames that still contains the step
312 objects of interest. Step 314 may comprise determining a cropping region, wherein the
cropping region is a region in each frame of video 36B’ which contains all bounding boxes
identified as belong to any objects of interest in any frame in video 36B'. The step 314
process of spatially cropping video 36B’ generates cropped rep video 44B'.
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[0164] Step 316 of method 300 comprises adding cropped rep video 44B’ to training data
44B. As part of block 314 or 316, the cropped rep video 44B’ may be up-sampled or down-
sampled using any suitable technique and may be padded with grey pixels, so that all
cropped rep videos 44B’ that are added to training data 44B in step 316 have the same
number of pixels and the same aspect ratio.

[0165] After the completion of loop 310, method 300 has generated training data 44B which
comprises a set of individual cropped rep videos 44B’ labelled with the presence, start
time/frame and end time/frame of a particular error type 38" and cropped to a region
corresponding to objects of interest for that particular error type 38'.

[0166] Method 300 then proceeds to step 318 which comprises training untrained model 50
using training data 44B to generate trained model 52.

[0167] As discussed elsewhere herein, trained model 52 may then be used as one of error
indication models 12 in system 100 depicted in Figure 1A, and/or in method 101 depicted in
Figure 1B.

[0168] Error identification model 52 trained in block 318 may comprise a 3D spatio-temporal
convolutional neural network backbone and may be trained, using supervised machine
learning based on the stochastic gradient descent machine learning technique, with training
data 44B which comprises comprises a set of individual cropped rep videos 44B’ each of
which is labelled (on a frame-by-frame basis) with the presence of a particular error type 38’
and cropped to a region corresponding to objects of interest for that particular error type 38'.
During training, error identification model 52 may be rewarded if it is able to correctly
identify/label frames where error type 38’ is present (or absent) and is penalized if it
incorrectly identifies/labels the presence (or absence) of error type 38’ (according to the pre-
labelled training data 44B. After sufficient training using training data 44B, the neural
network (error identification model 52) is able to infer the presence or absence of error type
38’ in the frames of any video clip showing an exercise rep (e.g. rep 18 — see Figure 1B).

[0169] The output of step 318 is a trained error identification model 52 which is able to
receive, as input, a video comprising one or more reps of an exercise type (for example,
reps 18 of exercise type 14) shown in method 101 (Figure 1B) and to infer the presence (or
absence) of a particular error type 38’ that is relevant to the exercise type 14. As discussed
elsewhere herein, trained error identification model 52 may be used as one of error
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identification models 12 in system 100 (Figure 1A) and/or method 101 (Figure 1B). It will be
appreciated that other forms of neural networks could be used to implement error
identification model 52 and/or other techniques for supervised or unsupervised machine
learning based training could be used to train error identification model 52, provided that
error identification model 52 (once properly trained) is able to receive, as input, video
comprising one or more reps (e.g. reps 18) of a particular exercise type (e.g. exercise type
14) and to identify (e.g. on a frame-by-frame basis) the presence or absence of an error
type 38’ within the input video.

[0170] In some embodiments, once trained, the inference aspect of the neural network used
in error identification model 52 may output a probability p (e.g. where O<=p<=1) of an error
of error type 38’ being present in a particular frame of an input video. In some such
embodiments, additional logic may be used to binarize the conclusion that an error is
present (or absent) in the frames of an input video. By way of simple example, if for a
particular frame of input video, p>pmresn, then error identification model 52 may conclude
that an error is present in that frame and may conclude that an error is absent from that
frame for any other value of p. The value of pgresn may be a configurable parameter,
depending on whether the system is configured to be more sensitive to false positive results
or false negative results. In some embodiments, error identification model 52 may conclude
that an error is present if a number n of consecutive frames with p>pmresy is greater than a
threshold (i.e. N>nNmrsy). The value of nyesn may be a configurable parameter, which may
depend on whether the system is configured to be more sensitive to false positive results or
false negative results and whether the system is configured to be sensitive or insensitive to
short temporal periods of fluctuation (e.g. noise). In some embodiments, a moving average
filter is applied to a window of length x frames. In some such embodiments, error
identification model 52 may conclude that an error is present if the average probability (p.y)
of the preceding x frames is greater than Piyesn (i-€. Pav> Pmresn). The value of x may be a
configurable parameter which may depend on whether the system is configured to be more
sensitive to false positive results or false negative results and whether the system is
configured to be sensitive or insensitive to short temporal periods of fluctuation (e.g. noise).
It will be appreciated from this discussion that there are a number of suitable techniques
that could be used alone and/or in combination to binarize the output of the inference
portion of error identification model 52.

32



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

[0171] Figures 4A and 4B depict method 400 for generating a rep start frame and a rep end
frame for an exercise rep in a video of an individual performing one or more exercise reps.
That is, method 400 may be used to parse input video into individual reps (identify the start
frame and stop frame of individual reps) within the input video. Method 400 may be used to
implement rep detection models 10 of system 100 (Figure 1A) or method 101 (Figure 1B)
and/or to perform step 138 of method 101 (Figure 1B). Method 400 may be additionally or
alternatively used to perform block 214 of method 200 (Figure 2A).

[0172] Method 400 start in block 410 and receives, as input, video 60 showing one or more
reps 62 of an exercise type 64. In the illustrated embodiment, step 410 also receives, as
input, one or more exercise objects 66 that are relevant to exercise type 64. In practice, any
computer system (e.g. system 100) or processor (e.g. processor 122) implementing method
400 may have access (via memory module 124 or otherwise) to the one or more exercise
objects 66 that are relevant for rep detection in relation to exercise type 64. Exercise objects
66 may comprise parts of a human body (e.g. a person’s shoulders or arms) and/or the
parts of exercise equipment (e.g. barbell, dumbbell(s), pull up bar, exercise machines
and/or the like). Step 410 of method 400 comprises identifying one or more exercise objects
66 in each frame of video 60 or determining that the exercise object 66 is not present in a
particular frame. Video 60 comprises a sequence of video frames of an individual
performing at least one rep 62 of a physical exercise of exercise type 64. Exercise object 66
is a visually recognizable object in video 60. The movement of object 66 between frames of
video 60 allows method 400 to detect a rep start frame and a rep end frame of rep 62.

[0173] Exercise object 66 is associated with an exercise type 64. For example, where
exercise type 64 is “back squat”’, exercise object 66 may comprise a visual representation of
a barbell.

[0174] Step 410 comprises identifying an object region in each frame of video 60 containing
exercise object 66. In some embodiments, step 410 comprises generating a bounding box
in each frame of video 60 containing object 66. Step 410 may be accomplished using an
object detection model that is the same or similar to object model 55 (Figure 3) discussed
elsewhere herein. Step 410 may involve steps that are the same or similar to those of block
312 (Figure 3) discussed elsewhere herein. In some embodiments, as part of block 410,
input video 60 may be temporally cropped at the beginning and end of the video based on

the presence or absence of exercise objects (e.g. exercise objects 66) and/or based on the
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lack of movement of exercise objects 66. For example, in the case of the back squat, block
410 may comprise temporally cropping input video 60 at the beginning or end where the
person performing the exercise and the barbell are not both detected in the same video
frame and/or where the barbell is not moving significantly between frames at or near its
minimum position (e.g. within a threshold distance from its minimum position).

[0175] Step 412 of method 400 comprises calculating an object height 68 for each frame of
video 60 based on the object region in each frame. Where step 410 comprises generating a
bounding box, object height 68 may be the average height of the bounding box in each
frame, the height of one edge (e.g. the bottom edge or top edge) of the bounding box in
each frame, or the height of one extremum (e.g. the bottom extremum or top extremum) of
the bounding box in each frame.

[0176] Step 416 of method 400 comprises determining a running average 72 of the step
412 object height 68 versus frame number. For example, running average 72 may represent
the average object height 68 for the previous x number of frames. The parameter x which
specifies the number of frames in the step 416 moving average may comprise a
configurable parameter.

[0177] Step 418 of method 400 comprises determining one or more “crossing” frames 74
wherein object height 68 crosses over the running average 72 for the frame. In some cases,
step 418 determines a crossing frame 74 when object height 68 is equal to the running
average 72. It will be appreciated that there may not be a particular frame where object
height 68 is exactly “equal” to the running average 72. Step 418 may, in some cases,
determine a crossing frame 74 when object height 68 is higher than running average 72 in a
first frame and then lower than running average in a second, immediately subsequent
frame. In some such instances, step 418 may determine the one of the first and second
frames where object height 68 is closest to the moving average 72 to be the crossing frame
74. Step 418 may, in some cases, determine a crossing frame 74 when object height 68 is
lower than running average 72 in a first frame and then higher than running average in a
second, immediately subsequent frame. In some such instances, step 418 may determine
the one of the first and second frames where object height 68 is closest to the moving
average 72 to be the crossing frame 74. In some cases, step 418 may determine a crossing
frame 74 when object height 68 is sufficiently close to (e.g. within a threshold distance)

moving average 72.
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[0178] Each of crossing frames 74 identified in step 418 is either an “up-crossing” frame, or
a “down-crossing” frame. An up-crossing frame 74 is a crossing frame where object height
68 is increasing when object height 68 crosses running average 72. A down-crossing frame
is a crossing frame where object height 68 is decreasing when object height 68 crosses
running average 72. An up-crossing frame 74 may be determined by identifying a frame
with an object height 68 greater than or equal to the running average 72 for the frame and
which follows a frame with an object height 68 less than the running average 72 for the
frame. A down-crossing frame 74 may be determined by identifying a frame with an object
height less than or equal to the running average 72 for the frame and which follows a frame
with an object height 68 greater than the running average 72 for the frame.

[0179] Step 420 of method 400 comprises pairing increasing and decreasing crossing
frame 74 into crossing frame pairs 74’. For some exercise types (such as the back squat),
crossing frame pairs 74’ may comprise an up-crossing frame 74 followed by a subsequent
and temporally adjacent down-crossing frame 74. For some exercise types (such as the pull
up), crossing frame pairs 74’ may comprise a down-crossing frame 74 followed by a
subsequent and temporally adjacent up-crossing frame 74. In the remainder of this
description, unless the description or context clearly dictates otherwise, it will be assume
(without loss of generality) that a crossing frame pair 74’ comprises an up-crossing frame 74
followed by a subsequent and temporally adjacent down-crossing frame 74.

[0180] Step 422 of method 400 comprises, for each step 420 crossing frame pair 74,
determining a minimum frame 76 (where object height 68 is a minimum) that precedes
(temporally) the first crossing frame 74 in the crossing frame pair 74" and a minimum frame
76 (where object height 68 is a minimum) that follows (temporally) the second crossing
frame 74 in the crossing frame pair 74’. The minimum frame 76 (where object height 68 is a
minimum) that precedes (temporally) the first crossing frame 74 in the crossing frame pair
74’ may be referred to as the preceding minimum frame 76A and the minimum frame 76
(where object height 68 is a minimum) that follows (temporally) the second crossing frame
74 in the crossing frame pair 74’ may be referred to as the succeeding minimum frame 76B.
It will be understood from the description herein that where a crossing frame pair 74’
comprises a down-crossing frame 74 followed by a subsequent and temporally adjacent up-
crossing frame 74 (e.g. in the case of a pull up), step 422 may detect a preceding maximum

frame and a succeeding maximum frame.
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[0181] Step 424 of method 400 comprises generating a rep start frame which comprises the
step 422 preceding minimum frame 76A and a rep end frame which comprises the step 422
succeeding minimum frame 76B. Step 424 may comprise temporally cropping video 60 to
keep only the portion of the video between each rep start frame 76A and each subsequent
rep end frame 76B and discarding other parts of the video that is not between a pair of rep
start and end frames 76A, 76B. The output of step 424 is rep video 78.

[0182] Method 400 then continues to step 428 (Figure 4B) which comprises smoothing
object height 68 for each frame of rep video 78 to generate smoothed object height 68'.
Smoothing object height 68 for each frame may comprise applying a moving average filter
which averages the object height 68 for each frame with the object height 68 of a number x
of previous frames. The number x of frames taken into the moving average filter is a
configurable parameter of method 400. In one example, step 428 involves a moving
average filter of length x=9 previous frames.

[0183] Step 430 of method 400 comprises calculating the absolute value of the normalized
slope (absolute value of the normalized time-derivative or frame-derivative) 80 of smoothed
height 68’. For brevity, unless the description or the context clearly indicates otherwise, the
absolute value of the normalized slope 80 may be referred to herein as the normalized
slope 80 or the slope 80. Normalized slope 80 may be determined, for each frame, by
determining a difference between the smoothed height 68’ of the current frame and the
smoothed height 68’ of the preceding frame, divided by the difference between the
maximum smoothed height 68" and minimum smoothed height 68’ of rep video 78.

[0184] Step 434 of method 400 comprises determining one or more slope crossing frames
82 where normalized slope 80 crosses a normalized slope threshold 84. Each of slope
crossing frames 82 is either an increasing crossing frame, or a decreasing crossing frame.
An increasing slope crossing frame 82 is where normalized slope 80 is increasing when
normalized slope 80 crosses threshold 84. A decreasing crossing frame 82 is where
normalized slope 80 is decreasing when normalized slope 80 crosses threshold 84. As
discussed above in connection with the step 418 determination of crossing frames 74, a
“crossing” of normalized slope 80 with a threshold 84 might not involve locating a frame
where normalized slope 80 is exactly equal to threshold 84. Instead, any of the techniques
described above for detecting the step 418 crossing frames may be applied to detect the

slope crossing frames 82 in step 434. s
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[0185] Threshold 84 may be a configurable parameter of method 400 and may be
determined empirically.

[0186] Method 400 then enters a loop 450 which is performed once per each rep in rep
videos 78 (i.e. for each rep between each start frame 76A and end frame 76B). Step 436 of
method 400 comprises determining if the first slope crossing frame of crossing frames 82 in
arep is an increasing crossing frame 82. If the first slope crossing frame 82 is an increasing
slope crossing frame 82, then method 400 proceeds to step 440. If the first slope crossing
frame 82 is not an increasing slope crossing frame 82, then method 400 proceeds to step
438.

[0187] Step 440 of method 400 comprises changing the rep start frame 76A to be the first
slope-crossing frame 82 (and discarding frames preceding the new rep start frame 76A) if
the slope at the first slope-crossing frame 82 is an increasing slope crossing frame 82. This
step 440 procedure effectively temporally crops beginning (rep start frame76A) of the
current rep even further within rep video 78.

[0188] Whether arriving from step 436 or from step 440, method 400 proceeds to step 438
which comprises determining if the last slope crossing frame 82 in a rep is a decreasing
slope crossing frame 82. If the last slope crossing frame 82 is a decreasing slope crossing
frame 82, then method 400 proceeds to step 442. If the last slope crossing frame 82 is not a
decreasing slope crossing frame 82, then method 400 is finished for the current rep and
loops back to block 436 (not shown) to determine if the next rep can be further temporally
cropped. If the last slope crossing frame 82 is not a decreasing slope crossing frame 82 and
the current rep is the last rep in rep video 78, then method 400 ends with the start frames
76A and end frames 76B determined for each rep.

[0189] Step 442 of method 400 comprises changing the rep end frame 76B to be the last
slope-crossing frame 82 (and discarding frames following the new rep end frame 76B) if the
slope at the last slope-crossing frame 82 is a decreasing slope crossing frame 82. This step
442 procedure may effectively temporally crop the end (rep end frame 76B) of the current
rep even furthering within rep video 78.

[0190] Figures 4C and 4D are schematic views of identifying an object region and
calculating an object height, according to one embodiment of the present invention.
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[0191] Figure 4C depicts an example video frame 450 of individual 452 performing an
exercise rep of an exercise type. As depicted in Figure 4C, the exercise type is one
involving barbell 454. A barbell may be designated as the exercise object for the exercise

type.

[0192] Bounding box 456 containing exercise object 454 may be generated for frame 450.
Bounding box 456 may be generated by object detection model (e.g. in block 410) which
receives video frame 450 and is trained to identify a barbell 454. The object detection model
may identify barbell 454 and generate bounding box 456 from identified barbell 454.

[0193] Figure 4D depicts an average object height 460 of bounding box 456. Average
object height 460 may be calculated by averaging a top and a bottom of bounding box 456.
Object height 460 may be the distance between a bottom of frame 450 and average object
height 460. As discussed elsewhere herein, other aspects of bounding box 456 may be
used to determine object height 460.

[0194] Figures 5A to 5N are graphical representations of an example of method 400.

[0195] Figures 5A to 5H depict example graphs of the height of a center of a barbell and a
running average of barbell height versus frame number for multiple videos of reps of various
exercise types involving raising and lowering a barbell. Figures 5A, 5C, 5E and 5G depict
crossing fames 74 (a number of which are enumerated in Figure 5C) where the barbell
height crosses the running average as dashed vertical lines. Figures 5B, 5D, 5F and 5|
(which correspond respectively to Figure 5A, 5C, 5E and 5G) depict minima frames 76 (a
number of which are enumerated in Figure 5D) where the barbell height is a minimum
between a crossing frame pair as dashed vertical lines.

[0196] Figures 51, 5K and 5M depict example graphs of the smoothed height of the barbell
for a rep and Figures 5J, 5L and 5N (which corresponding respectively to Figures 51, 5K and
5M) depict the absolute value of the normalized slope of the barbell height and the slope
threshold 84 (depicted as a dashed horizontal lines) for these reps. The slope crossing
frames 82 are show in Figures 51, 5K and 5M as vertical dashed lines. Figures 5|-5N show
how the start frame 76A and the end frame 76B can be further temporally cropped to the
slope crossing frames 82 (shown in Figures 51, 5K and 5M as vertical dashed lines) using
the procedure of method 400.
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[0197] Embodiments of the invention have been described above in the context of physical
exercise involving repetitive movements or reps. Embodiments of the present invention may
provide corrective feedback for any physical movement, for example sport movements such
as: swinging a golf club, swinging a tennis racking, shooting a basketball or swinging a
baseball bat. Embodiments of the invention have been described using exercise equipment
(e.g. a barbell). This is not necessary and it will be appreciated that the systems and
methods described herein can be used for body weight exercises or the like (e.g. pull ups,
push ups, lunges and/or the like). Embodiments of the present invention may also provide
corrective feedback for static exercises involving isometric muscle contract (e.g. that do not
strictly involve reps), such as stretching, yoga poses, planks and/or the like.

[0198] The technology herein can be implemented on various mediums of computer
hardware. Specifically, the various components of the implementation can be performed by
computing devices of varying complexity with satisfactory processing capacity to execute
the implementation. Examples of these devices might include: smartphones, server
computers, desktop PCs, laptops and tablet computers. Furthermore, the various actions
carried out by the implementation may be distributed across multiple devices. For instance,
one device may preprocess the video for a given machine learning algorithm, one more
other devices may generate outputs by running one or more machine learning algorithms,
other devices may handle the merging and further processing of output from one or more
machine learning algorithms, and one or more other devices may communicate outputs to

one or more other devices, for example the video input device.

[0199] Any implementation that relies on other software components already in existence
(e.g. standard mathematical operations), it is assumed that these functions are accessible
to a skilled programmer. These functions, as well as scripting functions and other basic
functions may be implemented in any number of programming languages. One or more
feature of the present disclosure may be implemented with C, C++, Java, Python, Perl, R,
or any other equivalent programming language. It should also be noted that the present
disclosure is not limited by or dependent on the programming language or languages used

to implement any basic functions.

[0200] The technology herein can be implemented to run on any of the widely used
computer operating systems currently in use. A partial list of these operating systems and

some of their associated version names include: Windows Phone, Windows Mobile,
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Windows 97, Windows 2000, Windows 10, Apple iOS 12, Apple iOS 11, Apple iOS 10,
Apple Macintosh OS X Mountain Lion, Apple Macintosh OS X Leopard, Apple Macintosh
OS X Tiger, UNIX Berkley Standard operating system, the Linux operating system, and the
Android operating systems.

[0201] It should be noted that the executable instructions that allow a computer of suitable
configuration to carry out the required methods for evaluating an individual’s exercise form
can be stored in any computer-readable storage medium. The storage medium might
include: an external hard drive, USB thumb drive, CD-Rom, or the like. Furthermore, the
executable instructions can be stored in any portable computer storage device in order to
be delivered to a user. Additionally, the executable instructions can be downloaded
remotely by an end-user onto their own computer given an internet connection (e.g. either
ethernet or WiFi). However, this option does not assume that the executable instructions
are represented as a signal. The executable instructions may also be run on a cloud-based
computer system or virtual machine.

[0202] An exemplary embodiment of the technology herein utilizes a smartphone’s camera
for video recording in conjunction with the smartphone’s memory storage and
communication links (i.e. WiFi, Bluetooth, or other mode of data transportation). The raw
data produced by the smartphone includes video of a user performing exercise.

[0203] The example movement that will be referenced throughout this rationale to describe
the array of measurable parameters is a back squat. This exercise movement has the user
standing with feet shoulder-distance apart with a barbell resting parallel to the ground on the
user’s upper back. As the user performs the exercise, the user’s knees and hips bend as
the user lowers their rear as if sitting in a chair. The user stops descent once the tops of the
user’s thighs are parallel to the ground or lower. The user then reverses the motion and
direction of forces exerted in order to return to a standing position.

[0204] Throughout the evaluation of an exercise movement, the data extracted from the
video input provides information about location of individual, body part locations, angles of
joints, etc. This information can be derived from the video input using an object detection
model to identify a user, the location of relevant body parts, and a barbell. Then the
barbell's vertical position can be used to separate individual repetitions. Then for each error
to be detected, videos are spatially cropped such that they contain the relevant regions
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(body parts) to identify respective errors. The cropped videos are then formatted to match
the same format used by the original training of the error detection model to evaluate the
body movements. These error detection models identify the presence of respective errors.
For example, if a user’'s chest is identified as not being upright enough, the user may be
placing unnecessary stress on their lumbar spine.

[0205] Once any issues with the individual's exercise form have been identified, then
feedback can be provided back to the individual regarding whether the individual's form is
correct or not. Furthermore, the feedback will convey to the user what they can focus on

while completing the exercise movement in the future in order to improve back squat form.
Interpretation of Terms

[0206] Unless the context clearly requires otherwise, throughout the description and the

claims:

e ‘“comprise”, “comprising”, and the like are to be construed in an inclusive sense, as
opposed to an exclusive or exhaustive sense; that is to say, in the sense of
“‘including, but not limited t0”;

e ‘“connected”, “coupled”, or any variant thereof, means any connection or coupling,
either direct or indirect, between two or more elements; the coupling or connection

between the elements can be physical, logical, or a combination thereof;

+ “herein”, “above”, “below”, and words of similar import, when used to describe this
specification, shall refer to this specification as a whole, and not to any particular
portions of this specification;

e “or’, in reference to a list of two or more items, covers all of the following
interpretations of the word: any of the items in the list, all of the items in the list, and
any combination of the items in the list;

¢ the singular forms “a@”, “an”, and “the” also include the meaning of any appropriate
plural forms.

, transverse”,

[0207] Words that indicate directions such as “vertical horizontal”, “upward”,

“‘downward”, “forward”, “backward”, “inward”, “outward”, “vertical’, “transverse”, “left”, “right”,
“front”, “back”, “top”, “bottom”, “below”, “above”, “under”, and the like, used in this
description and any accompanying claims (where present), depend on the specific
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orientation of the apparatus described and illustrated. The subject matter described herein
may assume various alternative orientations. Accordingly, these directional terms are not

strictly defined and should not be interpreted narrowly.

[0208] Embodiments of the invention may be implemented using specifically designed
hardware, configurable hardware, programmable data processors configured by the
provision of software (which may optionally comprise “firmware”) capable of executing on
the data processors, special purpose computers or data processors that are specifically
programmed, configured, or constructed to perform one or more steps in a method as
explained in detail herein and/or combinations of two or more of these. Examples of
specifically designed hardware are: logic circuits, application-specific integrated circuits
(“ASICs”), large scale integrated circuits (“LSIs”), very large scale integrated circuits
(“VLSIs"), and the like. Examples of configurable hardware are: one or more
programmable logic devices such as programmable array logic (“PALs”), programmable
logic arrays (“PLAs”), and field programmable gate arrays (“FPGAs”)). Examples of
programmable data processors are: microprocessors, digital signal processors (‘“DSPs”),
embedded processors, graphics processors, math co-processors, general purpose
computers, server computers, cloud computers, mainframe computers, computer
workstations, and the like. For example, one or more data processors in a control circuit for
a device may implement methods as described herein by executing software instructions in
a program memory accessible to the processors.

[0209] Processing may be centralized or distributed. Where processing is distributed,
information including software and/or data may be kept centrally or distributed. Such
information may be exchanged between different functional units by way of a
communications network, such as a Local Area Network (LAN), Wide Area Network (WAN),
or the Internet, wired or wireless data links, electromagnetic signals, or other data

communication channel.

[0210] For example, while processes or steps are presented in a given order, alternative
examples may perform routines having steps, or employ systems having steps, in a
different order, and some processes or steps may be deleted, moved, added, subdivided,
combined, and/or modified to provide alternative or subcombinations. Each of these
processes or steps may be implemented in a variety of different ways. Also, while
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processes or steps are at times shown as being performed in series, these processes or
steps may instead be performed in parallel, or may be performed at different times.

[0211] In addition, while elements are at times shown as being performed sequentially, they
may instead be performed simultaneously or in different sequences. It is therefore intended
that the following claims are interpreted to include all such variations as are within their
intended scope.

[0212] Software and other modules may reside on servers, workstations, personal
computers, tablet computers, image data encoders, image data decoders, PDAs, color-
grading tools, video projectors, audio-visual receivers, displays (such as televisions), digital
cinema projectors, media players, and other devices suitable for the purposes described
herein. Those skilled in the relevant art will appreciate that aspects of the system can be
practised with other communications, data processing, or computer system configurations,
including: Internet appliances, hand-held devices (including personal digital assistants
(PDAs)), wearable computers, all manner of cellular or mobile phones, multi-processor
systems, microprocessor-based or programmable consumer electronics (e.g., video
projectors, audio-visual receivers, displays, such as televisions, and the like), set-top boxes,

color-grading tools, network PCs, mini-computers, mainframe computers, and the like.

[0213] The invention may also be provided in the form of a program product. The program
product may comprise any non-transitory medium which carries a set of computer-readable
instructions which, when executed by a data processor, cause the data processor to
execute a method of the invention. Program products according to the invention may be in
any of a wide variety of forms. The program product may comprise, for example, non-
transitory media such as magnetic data storage media including floppy diskettes, hard disk
drives, optical data storage media including CD ROMs, DVDs, electronic data storage
media including ROMSs, flash RAM, EPROMs, hardwired or preprogrammed chips (e.g.,
EEPROM semiconductor chips), nanotechnology memory, or the like. The computer-
readable signals on the program product may optionally be compressed or encrypted.

[0214] In some embodiments, the invention may be implemented in software. For greater
clarity, “software” includes any instructions executed on a processor, and may include (but
is not limited to) firmware, resident software, microcode, and the like. Both processing
hardware and software may be centralized or distributed (or a combination thereof), in
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whole or in part, as known to those skilled in the art. For example, software and other
modules may be accessible via local memory, via a network, via a browser or other
application in a distributed computing context, or via other means suitable for the purposes
described above.

[0215] Where a component (e.g. a software module, processor, assembly, device, circuit,
etc.) is referred to above, unless otherwise indicated, reference to that component
(including a reference to a “means”) should be interpreted as including as equivalents of
that component any component which performs the function of the described component
(i.e., that is functionally equivalent), including components which are not structurally
equivalent to the disclosed structure which performs the function in the illustrated exemplary

embodiments of the invention.

[0216] Specific examples of systems, methods and apparatus have been described herein
for purposes of illustration. These are only examples. The technology provided herein can
be applied to systems other than the example systems described above. Many alterations,
modifications, additions, omissions, and permutations are possible within the practice of this
invention. This invention includes variations on described embodiments that would be
apparent to the skilled addressee, including variations obtained by: replacing features,
elements and/or acts with equivalent features, elements and/or acts; mixing and matching
of features, elements and/or acts from different embodiments; combining features, elements
and/or acts from embodiments as described herein with features, elements and/or acts of
other technology; and/or omitting combining features, elements and/or acts from described
embodiments.

[0217] Various features are described herein as being present in “some embodiments”.
Such features are not mandatory and may not be present in all embodiments. Embodiments
of the invention may include zero, any one or any combination of two or more of such
features. This is limited only to the extent that certain ones of such features are
incompatible with other ones of such features in the sense that it would be impossible for a
person of ordinary skill in the art to construct a practical embodiment that combines such
incompatible features. Consequently, the description that “some embodiments” possess
feature A and “some embodiments” possess feature B should be interpreted as an express
indication that the inventors also contemplate embodiments which combine features A and
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B (unless the description states otherwise or features A and B are fundamentally

incompatible).

[0218] It is therefore intended that the following appended claims and claims hereafter
introduced are interpreted to include all such modifications, permutations, additions,
omissions, and sub-combinations as may reasonably be inferred. The scope of the claims
should not be limited by the preferred embodiments set forth in the examples, but should be
given the broadest interpretation consistent with the description as a whole.
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1. A method of generating user feedback from video of a user performing one or more

reps of an exercise type, the method comprising:
receiving an exercise type;
selecting a rep detection model from a plurality of rep detection models,
wherein the selected rep detection model corresponds to the exercise type;
selecting an error indication model from a plurality of error indication models,
wherein the selected error indication model corresponds to the exercise type;
receiving a video of a user performing one or more reps of the exercise type;
identifying a rep in the video with the selected rep detection model;
generating a form error indication for the rep with the selected error indication
model; and
generating feedback based on the form error indication.

The method according to claim 1 or any other claim herein, wherein receiving the

exercise type comprises receiving a user selection of one of a plurality of exercise

types.

The method according to claim 1 or any other claim herein, wherein receiving the
exercise type comprises generating an exercise type for the video with an exercise
classification model.

The method according to claim 1 or any other claim herein, wherein receiving the
video of the user performing one or more reps of the exercise type comprises
capturing video of the user performing the reps with a video capture device.

The method according to claim 1 or any other claim herein, wherein the video
comprises a plurality of frames, and identifying a rep in the video with the selected
rep detection model comprises:

identifying an object region in each frame of the video containing an exercise
object, wherein the exercise object corresponds to the exercise type;
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calculating an object height for each frame based on the object region in each
frame;

calculating a running average of the object height for each frame;

determining a plurality of up-crossing frames, wherein each up-crossing
frame is a frame with an object height equal to the running average for the frame and
each up-crossing frame follows a frame with an object height less than the running
average for the frame;

determining a plurality of down-crossing frames wherein each down-crossing
frame is a frame with an object height equal to the running average for the frame and
each down-crossing frame follows a frame with an object height greater than the
running average for the frame;

generating a plurality of crossing point pairs by associating each up-crossing
frame with one of the down-crossing frames;

determining a plurality of minima frames wherein each minima frame is a
frame between two of the crossing point pairs and the object height for each minima
frame is the minimum object height for all frames between the two crossing point
pairs;

identifying a rep start frame, wherein the rep start frame is one of the minima
frames preceding one of the crossing point pairs;

identifying a rep end frame, wherein the rep end frame is one of the minima
frames following the one of the crossing point pairs; and

identifying the rep as comprising the frames between the rep start frame and
the rep end frame.

The method according to claim 5 or any other claim herein, wherein detecting the
rep in the video with the selected rep detection model comprises:

smoothing the object height for each frame between the rep start frame and
rep end frame;

calculating a slope of the object height for each frame between the rep start
frame and rep end frame;

determining one or more slope-crossing frames between the rep start frame

and rep end frame where the slope for the frame equals a threshold slope;
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10.

11.

12.

updating the rep start frame to the first slope-crossing frame if the slope at the
first slope-crossing frame is positive; and

updating the rep end frame to the last slope-crossing frame if the slope at the
last slope-crossing frame is negative.

The method according to claim 6 or any other claim herein, wherein smoothing the
object height for each frame between the rep start frame and rep end frame
comprises averaging the object height of each frame with the object height of a first
number of frames preceding each frame and the object height of a second number

of frames following each frame.

The method according to claim 6 or any other claim herein, wherein calculating the
slope of the object height for each frame comprises dividing a sum of the object
height of the preceding frame and the object height of the following frame with a sum
of a maximum object height of all frames between the rep start frame and the rep
end frame and a minimum object height of all frames between the rep start frame
and the rep end frame.

The method according to claim 1 or any other claim herein, comprising cropping the
video to a specific aspect ratio.

The method according to claim 1 or any other claim herein, comprising adding pixels
to the video to format the video to a specific aspect ratio.

The method according to claim 9 or any other claim herein, wherein the specific
aspect ratio is one pixel by one pixel.

The method according to claim 1 or any other claim herein, wherein the video
comprises a plurality of frames, and generating the form error indication for the
detected rep with the selected error indication model comprises:

generating an error indication for each frame of the rep; and

generating the form error indication based at least in part on the error

indication for at least one frame of the rep.
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13.

14.

15.

16.

17.

The method according to claim 12 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and generating
the form error indication based at least in part on the error indication for at least one
frame of the rep comprises generating a form error indication indicating the presence
of an error if the error probability for at least one frame of the rep exceeds a
probability threshold.

The method according to claim 12 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and generating
the form error indication based at least in part on the error indication for at least one
frame of the rep comprises generating a form error indication indicating the presence
of an error if the error probability for a threshold number of frames of the rep exceed
a probability threshold.

The method according to claim 12 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and generating
the form error indication based at least in part on the error indication for at least one
frame of the rep comprises generating a form error indication indicating the presence
of an error if the error probability for a threshold number of consecutive frames of the
rep exceed a probability threshold.

The method according to claim 12 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and generating
the form error indication based at least in part on the error indication for at least one
frame of the rep comprises:
calculating a sum of the error probabilities of the frames of the rep; and
generating a form error indication indicating the presence of an error if the
sum of the error probabilities exceeds a probability threshold.

The method according to claim 1 or any other claim herein, wherein generating
feedback based on the form error indication comprises selecting a media file
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18.

19.

20.

21.

22.

23.

corresponding to an error type of the error indication model if the form error
indication indicates the presence of an error in the rep.

The method according to claim 17 or any other claim herein, wherein the media file
comprises video of an individual demonstrating an error of the error type.

The method according to claim 17 or any other claim herein, wherein the media file

comprises corrective audio instructions.

The method according to claim 17 or any other claim herein, wherein the media file
comprises corrective video instructions.

The method according to claim 1 or any other claim herein, wherein the method is
performed by a processor of a computer system.

A non-transitory medium having stored thereon computer-readable instructions,
which when executed by a data processor, cause the data processor to execute the
method according to claim 1 or any other claim herein.

A system for providing feedback to a user performing one or more reps of an
exercise type, the system comprising:
a video capture device;
a processor;
a memory module;
an input module; and
an output module;
wherein the processor is configured to:
receive an exercise type;
capture video of the user performing one or more reps of the exercise
type with the video capture device;
retrieve a rep detection model corresponding to the exercise type from
the memory module;

execute the rep detection model to identify a rep in the video;
50



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

24,

25.

26.

retrieve an error indication model corresponding to the exercise type
from the memory module;

execute the error indication model to generate a form error indication
for the identified rep; and

output feedback with the output module based on the form error

indication.

The system according to claim 23 or any other claim herein, wherein the processor
is configured to receive the exercise type from the input module.

The system according to claim 23 or any other claim herein, wherein the processor
is configured to:
retrieve an exercise classification model from the memory module; and
execute the exercise classification model to generate the exercise type from
the video.

The system according to claim 23 or any other claim herein, wherein the video
comprises a plurality of frames, and the processor is configured to:

retrieve an object detection model from the memory module;

execute the object detection model to detect an object region in each frame of
the video;

calculate an object height for each frame based on the object region in each
frame;

calculate a running average of the object height for each frame;

determine a plurality of up-crossing frames, wherein each up-crossing frame
is a frame with an object height equal to the running average for the frame and each
up-crossing frame follows a frame with an object height less than the running
average for the frame;

determine a plurality of down-crossing frames wherein each down-crossing
frame is a frame with an object height equal to the running average for the frame and
each down-crossing frame follows a frame with an object height greater than the

running average for the frame;
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27.

28.

29.

generate a plurality of crossing point pairs by associating each up-crossing
frame with a down-crossing frame;

determine a plurality of minima frames wherein each minima frame is a frame
between two of the crossing point pairs and the object height for each minima frame
is the minimum object height for all frames between the two crossing point pairs;

identify a rep start frame, wherein the rep start frame is one of the minima
frames preceding one of the crossing point pairs;

identify a rep end frame, wherein the rep end frame is one of the minima
frames following the one of the crossing point pairs; and

identify the rep as comprising the frames between the rep start frame and the
rep end frame.

The system according to claim 26 or any other claim herein, wherein the processor
is configured to:

smooth the object height for each frame between the rep start frame and rep
end frame;

calculate a slope of the object height for each frame between the rep start
frame and rep end frame;

determine one or more slope-crossing frames between the rep start frame
and rep end frame where the slope for the frame equals a threshold slope;

update the rep start frame to the first slope-crossing frame if the slope at the
first slope-crossing frame is positive; and

update the rep end frame to the last slope-crossing frame if the slope at the
last slope-crossing frame is negative.

The system according to claim 25 or any other claim herein, wherein the processor
is configured to smooth the object height for each frame between the rep start frame
and rep end frame by averaging the object height of each frame with the object
height of a first number of frames preceding each frame and the object height of a

second number of frames following each frame.

The system according to claim 25 or any other claim herein, wherein the processor

is configured to calculate the slope of the object height for each frame between the
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30.

31.

32.

33.

34.

35.

rep start frame and rep end frame by dividing a sum of the object height of the
preceding frame and the object height of the following frame with a sum of a
maximum object height of all frames between the rep start frame and the rep end
frame and a minimum object height of all frames between the rep start frame and the
rep end frame.

The system according to claim 23 or any other claim herein, wherein the processor
is configured to crop each frame of the video to a specific aspect ratio.

The system according to claim 23 or any other claim herein, wherein the processor
is configured to add pixels to each frame of the video to format the video to a specific
aspect ratio.

The system according to claim 30 or any other claim herein, wherein the specific
aspect ratio is one pixel by one pixel.

The system according to claim 23 or any other claim herein, wherein the video
comprises a plurality of frames, and the processor is configured to:

execute the error indication model to generate a form error indication for each
frame of the rep;

generate the form error indication based at least in part on the error indication
for at least one frame of the rep.

The system according to claim 33 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and the processor
is configured to generate a form error indication indicating the presence of an error if

the error probability for at least one frame of the rep exceeds a probability threshold.

The system according to claim 33 or any other claim herein, wherein the error

indication for each frame of the rep comprises an error probability, and the processor
is configured to generate a form error indication indicating the presence of an error if
the error probability for a threshold number of frames of the rep exceed a probability

threshold.
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36.

37.

38.

39.

40.

41,

The system according to claim 33 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and the processor
is configured to generate a form error indication indicating the presence of an error if
the error probability for a threshold number of consecutive frames of the rep exceed
a probability threshold.

The system according to claim 33 or any other claim herein, wherein the error
indication for each frame of the rep comprises an error probability, and the processor
is configured to:
calculate a sum of the error probabilities of the frames of the rep; and
generate a form error indication indicating the presence of an error if the sum

of the error probabilities exceeds a probability threshold.

The system according to claim 23 or any other claim herein, wherein the processor
is configured to retrieve the feedback comprising a media file from the memory
module based at least in part on an error type of the form error indication model and

the form error indication.

The system according to claim 38 or any other claim herein, wherein the media file
comprises video of an individual demonstrating an error of the error type, and the
processor is configured to display the media file with the output module.

The system according to claim 38 or any other claim herein, wherein the media file
comprises audio instructions, and the processor is configured to play the media file
with the output module.

The system according to claim 38 or any other claim herein, wherein the media file

comprises video of corrective instructions, and the processor is configured to display
the media file with the output module.
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42,

43.

44,

45.

46.

47.

The system according to claim 23 or any other claim herein, wherein the video
capture device comprises a video capture device of a mobile phone, a tablet

computer, or a personal computer.

The system according to claim 23 or any other claim herein, wherein the processor
comprises a processor of a mobile phone, a tablet computer, or a personal

computer.

The system according to claim 23 or any other claim herein, wherein the memory
module comprises one or more of: a hard disk drive, an optical data storage media,
an electronic data storage media, a flash RAM, an EPROM, and a preprogrammed
chip.

The system according to claim 23 or any other claim herein, wherein the input
module comprises one or more of a keyboard and a touch display.

The system according to claim 23 or any other claim herein, wherein the output
module comprises one or more of a speaker and a display.

A method of generating a rep start frame and a rep end frame for an exercise rep in
a video of a user performing one or more exercise reps of an exercise type, the
method comprising:

receiving the video of the user performing the one or more exercise reps of
the exercise type, wherein the video comprises a plurality of numbered frames;

identifying an object region in each frame of the video containing an exercise
object;

calculating an object height for each frame based on the object region in each
frame;

calculating a running average of the object height for each frame;

determining a plurality of up-crossing frames, wherein each up-crossing
frame is a frame with an object height equal to the running average for the frame and
each up-crossing frame follows a frame with an object height less than the running

average for the frame;
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48.

49.

determining a plurality of down-crossing frames wherein each down-crossing
frame is a frame with an object height equal to the running average for the frame and
each down-crossing frame follows a frame with an object height greater than the
running average for the frame;

generating a plurality of crossing point pairs by associating each up-crossing
frame with a down-crossing frame;

determining a plurality of minima frames wherein each minima frame is a
frame between two of the crossing point pairs and the object height for each minima
frame is the minimum object height for all frames between the two crossing point
pairs;

generating a rep start frame, wherein the rep start frame is one of the minima
frames preceding one of the crossing point pairs; and

generating a rep end frame, wherein the rep end frame is one of the minima

frames following the one of the crossing point pairs.

The method according to claim 47 or any other claim herein, further comprising:

smoothing the object height for each frame between the rep start frame and
rep end frame;

calculating a slope of the object height for each frame;

determining one or more slope-crossing frames where the slope for the frame
equals a threshold slope;

changing the rep start frame to the first slope-crossing frame if the slope at
the first slope-crossing frame is positive; and

changing the rep end frame to the last slope-crossing frame if the slope at the
last slope-crossing frame is negative.

The method according to claim 48 or any other claim herein, wherein smoothing the
object height for each frame between the rep start frame and rep end frame
comprises averaging the object height of each frame with the object height of a first
number of frames preceding each frame and the object height of a second number

of frames following each frame.
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50.

51.

52.

53.

54.

55.

56.

The method according to claim 47 or any other claim herein, wherein calculating the
slope of the object height for each frame comprises dividing a sum of the object
height of the preceding frame and the object height of the following frame with a sum
of a maximum object height of all frames between the rep start frame and the rep
end frame and a minimum object height of all frames between the rep start frame
and the rep end frame.

The method according to claim 47 or any other claim herein, further comprising
cropping the video between the rep start frame and the rep end frame.

The method according to claim 47 or any other claim herein, wherein identifying the
object region in each frame of the video containing the exercise object comprises
identifying a bounding box in each frame of the video containing the exercise object.

The method according to claim 47 or any other claim herein, wherein calculating the
object height for each frame based on the object region in each frame comprises
calculating a center of the object region.

The method according to claim 53 or any other claim herein, wherein calculating the
object height for each frame based on the object region in each frame comprises
calculating a distance between a bottom of each frame and the center of the object
region.

The method according to claim 47 or any other claim herein, wherein the running
average for each frame is the average of the object height for the 200 frames
preceding each frame.

A method of generating training data for an error detection model from video of a
user performing one or more exercise reps of an exercise type, the method
comprising:

receiving a video of a user performing one or more exercise reps of an

exercise type;
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57.

58.

59.

60.

identifying a rep start frame and a rep end frame in the video according to the
method of claim 47 or any other claim herein;

identifying a rep video comprising the video frames between the rep start
frame and the rep end frame;

generating an exercise label of the rep video with an exercise classification
model;

confirming the exercise label matches the exercise type;

identifying an error of an error type in the rep video;

identifying an error start frame and an error end frame of the rep video;

labelling the rep video with the error type, error start frame, and error end
frame;

identifying a relevant region in each frame of the rep video containing one or
more error objects corresponding to the error type; and

cropping the rep video based on the relevant region in each frame of the rep
video.

The method according to 56 or any other claim herein, wherein the exercise

classification model comprises a machine learning algorithm.

A method of training an error indication model, the method comprising:
generating training data according to claim 56 or any other claim herein; and
training an error indication model with the training data.

The method according to 58 or any other claim herein, wherein the error indication

model comprises a machine learning algorithm.

A method of generating a form error indication, the method comprising:

capturing a video of a user performing one or more exercise reps of an
exercise type;

identifying a rep in the video according to claim 47 or any other claim herein;
and

generating a form error indication of the rep with an error indication model.

58



10

15

20

25

30

WO 2020/252599 PCT/CA2020/050865

61.

62.

63.

64.

65.

66.

67.

The method according to claim 60, wherein the error indication model is trained
according to the method of claim 58 or any other claim herein.

A method of generating corrective feedback for a user performing an exercise
movement, the method comprising:

generating a form error indication according to claim 60 or any other claim
herein; and

generating audio feedback based on the form error indication.

The method according to claim 62 or any other claim herein, wherein the form error

indication comprises an error type.

The method according to claim 56 or any other claim herein, wherein receiving the
video of the user performing one or more exercise reps of an exercise type
comprises:

searching an online database of videos for a video associated in the online
database with the exercise type; and

downloading the video associated with the exercise type from the online
database.

The method according to claim 47 or any other claim herein, wherein labelling the
rep video with the error type, error start frame, and error end frame comprising

storing the error type, error start frame, and error end frame in a relational database.

The method according to claim 47 or any other claim herein, wherein labelling the
rep video with the error type, error start frame, and error end frame comprising
storing the error type, error start frame, and error end frame in a metadata
associated with the rep video.

A method or system according to any other claim herein, wherein the exercise type
is one of: squats, deadlifts, pull-ups, push-ups, bench presses, planks, bicep curls,

and a yoga pose.
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68.

69.

70.

A method or system according to any other claim herein, wherein the exercise object
is one of: a barbell, a dumbbell, a weight plate, a TRX™ band, a medicine ball, an
elastic band, a skipping rope, and an exercise machine.

Methods comprising any functional features, combinations of features or sub-
combinations of features described herein.

Systems comprising any functional features, combinations of features or sub-

combinations of features described herein.
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