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ACTIVITY RECOGNITION METHOD USING VIDEOTUBES

Cross Reference to Related Applications
[0001] This application claims priority to U.S. Application 15/867,932, filed on
January 11, 2018, and entitled “Activity Recognition Method Using Videotubes,” which is

hereby incorporated by reference in its entirety.

Technical Field
[0002] The present disclosure is related to automated activity recognition, and in

particular to an automated driver assistance system.

Background
[0003] Vehicle perception relates to sensing information around a vehicle related to
the operation of the vehicle. Vehicle perception acts as eyes of the vehicle to feed itself with
knowledge of what is happening around it. In-cabin perception is an important aspect of
vehicle perception because the state and activity of the driver and passengers provide crucial
knowledge in terms of assisting the driver driving safely, and in providing an improved
human machine interface (HMI). With the awareness of the driver’s activities, the vehicle
can determine whether the driver is distracted, fatigued, distressed, raged, or inattentive so it
may provide alerts or support mechanisms to keep the driver safe from accidents and to
improve the comfort level of the driver. Automated activity recognition is an emerging
technology. Current activity recognition methods rely heavily on powerful computing
resources that can consume a large amount of energy while occupying a large amount of
space of the vehicle. The present inventors have recognized a need for improved activity

detection for vehicle perception.

Summary
[0004] Various examples are now described to introduce a selection of concepts in a
simplified form that are further described below in the Detailed Description. The Summary
is not intended to identify key or essential features of the claimed subject matter, nor is it
intended to be used to limit the scope of the claimed subject matter.
[0005] According to one aspect of the present disclosure, there is provided a
computer implemented method of machine recognition of an activity. The method comprises

obtaining a video stream of a first object and a second object using a video source; selecting
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portions of image frames of the video stream based on presence of a first object in the
portions; determining areas within the portions of the image frames that bound locations of
the first object; determining a motion of the first object and locations of the second object
within the determined areas; identifying an activity using the determined motion of the first
object and locations of the second object; and generating one or both of an audible alert and a
visual alert according to the identified activity.

[0006] Optionally, in the preceding aspect another implementation of the aspect
provides obtaining a video stream of an image using a video source, and generating a
videotube using the video stream using one or more processors. The videotube includes
rearranged portions of the image frames that include an image of a human hand. The
videotube can be reconstructed from a given video stream around the activity active areas.
An activity active area may include a combination of hands, objects, and the pixels of interest
that enable detecting the type of activity. The videotube may include multiple windowed,
processed, rearranged regions of video frames and corresponding features such as motion,
gradient, and object heatmaps. The combination of all of these regions and computed feature
images can be normalized, scaled and rearranged into a scalable tensor video structure and
into a temporal structure. The method further includes determining a hand motion, or gesture,
and a heatmap using the hand image, identifying an activity using the determined hand
motion and heatmap, and generating one or both of an audible alert and a visual alert
according to the identified activity.

[0007] Optionally, in any of the preceding aspects another implementation of the
aspect provides that generating a videotube includes: receiving a first image frame and a
subsequent second image frame of the video stream; determining a similarity score between a
first windowed portion of the first image frame and the first windowed portion of the second
image frame, wherein the videotube is positioned in the first windowed portion of the image
frames; omitting processing of the first windowed portion of the second image frame when
the similarity score is greater than a specified similarity threshold; and when the similarity
score is less than the specified similarity threshold, triggering hand detection in the second
image frame to generate a second windowed portion of the image frames more likely to
include the hand image than other portions of the image frames, and including the second
windowed portion of the image frames in the videotube.

[0008] Optionally, in any of the preceding aspects, another implementation of the

aspect provides that generating a videotube includes recurrently determining a window size
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of the videotube, wherein the window size is minimized to completely include the hand
image.

[0009] Optionally, in any of the preceding aspects, another implementation of the
aspect provides that determining a hand motion in the hand area of the videotube includes
identifying pixels that include the hand image, and tracking the change in pixels that include
the hand image between the image frames of the video stream; and wherein the videotube
includes hand motion information.

[0010] Optionally, in any of the preceding aspects, another implementation of the
aspect provides that generating the videotube includes generating a videotube that includes a
collection of rearranged portions of the image frames of the video stream that include hands,
objects of interest, and corresponding feature maps.

[0011] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a method further including determining object information in the videotube,
wherein the object information includes a heatmap of the object; and wherein associating the
activity includes determining the activity using the object information and the determined
hand motion.

[0012] Optionally, in any of the preceding aspects, another implementation of the
aspect provides that identifying an activity using the determined hand motion or gesture
includes applying the object information and the hand motion information obtained from the
videotube as input to a machine learning process performed by the processing unit to identify
the activity.

[0013] Optionally, in any of the preceding aspects, another implementation of the
aspect provides that obtaining a video stream of an image includes obtaining a video stream
of an image of a vehicle compartment using an imaging array of the vehicle; and wherein
generating a videotube includes generating a videotube by a vehicle processing unit using the
video stream of the image of the vehicle compartment.

[0014] According to another aspect of the present disclosure, an activity recognition
device comprises a port configured to receive a video stream from a video source; a memory
configured to store image frames of the video stream; and one or more processors. The one
or more processors execute instructions stored in the memory. The instructions configure the
one or more processors to select portions of the image frames based on presence of the first
object; determine areas within the portions of image frames, wherein locations of the first
object in the video frames are bounded by the determined areas; determine motion of the first

object and locations of a second object within the areas of the image frames; and identify an
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activity according to the determined motion and locations of the second object, and generate
an alert according to the identified activity.

[0015] Optionally, in any of the preceding aspects, another implementation of the
aspect provides one or more processors that include a global region of interest (ROI) detector
component configured to generate a videotube using the image frames; a dynamic activity
active area (AAA) generator component configured to detect portions of image frames that
include a hand of a person, wherein the videotube includes rearranged AAAs; a key feature
generator component configured to determine a hand motion and a heatmap using the hand
area; and an activity recognition classifier component configured to identify an activity
according to the determined hand motion, and generate an alert according to the identified
activity. The key feature generator component may use heatmaps of identified objects to
determine the hand motion.

[0016] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a global ROI detector component configured to: determine a similarity score
between a first windowed portion of a first image frame and the same first windowed portion
of a second image frame, wherein the videotube is included in the first windowed portion of
the first and second image frames; omit processing of the first windowed portion of the
second image frame when the similarity score is greater than a specified similarity threshold;
and when the similarity score is less than the specified similarity threshold, perform hand
detection in the second image frame to generate a second windowed portion of the image
frames of the video stream more likely to include the hand image than other portions of the
image frames, and include the second windowed portion of the image in the videotube.
[0017] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a dynamic activity active area (AAA) generator component configured to
recurrently set a window size of the videotube, wherein the window size is minimized to
completely include the hand image.

[0018] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a dynamic AAA generator component configured to: determine a center of a
hand area that includes the hand image; identify a search area by scaling a boundary of the
hand area with respect to the determined center; perform hand detection in the identified
search area; and set the size window according to a result of the hand detection.

[0019] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a dynamic AAA generator component configured to: determine a center of a

hand area that includes the hand image; identify a search area by scaling a boundary of the
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hand area with respect to the determined center; perform hand detection in the identified
search area; and set the size window according to a result of the hand detection.

[0020] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a dynamic AAA generator component configured to: use the determined hand
motion to predict a next window, perform hand image detection using the next window;
replace the current window with the next window when the next window contains the
boundaries of a detected hand image; and when the boundaries of the detected hand image
extend beyond the next window, merge the current window and the next window; identify a
hand image in the merged windows; and determine a new minimized window size that
contains the identified hand image.

[0021] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a key feature generator component configured to identify pixels in the hand
area that include a hand image; and track the change in pixels that include the image of the
hand between the windowed portions of the image frames to determine the hand motion.
[0022] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a key feature generator component configured to determine locations of
fingertips and joint points in the image frames; and track the change in fingertips and joint
points between the windowed portions of the image frames to determine the hand motion.
[0023] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a videotube that includes a collection of rearranged portions of the image
frames of the video stream that include hands, objects of interest, and corresponding feature
maps.

[0024] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a key feature generator component configured to identify an object in the
videotube; and identify the activity using the identified object and the determined hand
motion.

[0025] Optionally, in any of the preceding aspects, another implementation of the
aspect provides an activity recognition classifier component configured to compare a
combination of the identified object and the determined hand motion to one or more
combinations of objects and hand motions stored in the memory; and identify the activity
based on a result of the comparison.

[0026] Optionally, in any of the preceding aspects, another implementation of the
aspect provides an activity recognition classifier component configured to: detect a sequence

of hand motions using image frames of the videotube; compare the detected sequence of hand
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motions to a specified sequence of hand motions of one or more specified activities; and
select an activity from the one or more specified activities according to a result of the
comparing.

[0027] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a key feature generator component configured to store videotube information
in the memory as a scalable tensor videotube; and wherein the activity recognition classifier
component is configured to apply the scalable tensor videotube as input to a deep learning
algorithm performed by the activity recognition classifier component to identify the activity.
[0028] Optionally, in any of the preceding aspects, another implementation of the
aspect provides an activity recognition classifier component configured to select a row-wise
configuration of AAAs within the scalable tensor videotube according to the identity of the
person and apply the selected row-wise configuration of AAAs as the input to the deep
learning algorithm to identify the activity of the person.

[0029] Optionally, in any of the preceding aspects, another implementation of the
aspect provides an activity recognition classifier component configured to select a column-
wise configuration of AAAs within the scalable tensor videotube according to identities of
multiple persons and apply the selected column-wise configuration of AAAs as the input to
the deep learning algorithm to identify an interactivity between the multiple persons.

[0030] Optionally, in any of the preceding aspects, another implementation of the
aspect provides an activity recognition classifier component configured to select multiple
column-wise configuration of AAAs within the scalable tensor videotube according to
identities of multiple groups of persons and apply the selected multiple column-wise
configuration of AAAs as the input to the deep learning algorithm to identify multiple
interactivities between the multiple groups of persons.

[0031] Optionally, in any of the preceding aspects, another implementation of the
aspect provides a video source that includes an imaging array configured to provide a video
stream of an image of a vehicle compartment; and wherein the processing unit is a vehicle
processing unit configured to generate the videotube using the video stream of the image of
the vehicle compartment.

[0032] According to another aspect of the present disclosure, there is a computer-
readable storage medium including instructions, that when performed by one or more
processors of an activity recognition device, cause the activity recognition device to perform
acts comprising: obtaining a video stream of an image using a video source; selecting

portions of image frames of the video stream based on presence of a first object in the
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portions; determining areas within the portions of the image frames that bound locations of
the first object; determining a motion of the first object and locations of the second object
within the determined areas; identifying an activity using the determined motion of the first
object and locations of the second object; and generating one or both of an audible alert and a
visual alert according to the identified activity. Optionally, the computer-readable storage
medium is non-transitory.

[0033] Optionally, in any of the preceding aspects, another implementation of the
aspect includes a computer-readable storage medium including instructions that cause the
activity recognition device to perform acts including: generating a videotube using the video
stream, wherein the videotube includes rearranged portions of image frames of the video
stream that include a hand image; determining a hand motion and a heatmap using the hand
image; associating an activity with the determined hand motion and heatmap; and generating
one or both of an audible alert and a visual alert according to the activity.

[0034] Optionally, in any of the preceding aspects, another implementation of the
aspect includes a computer-readable storage medium including instructions that cause the
activity recognition device to perform acts including: recurrently determining a window size
of the videotube, wherein the window size is minimized to completely include the hand
image.

[0035] Optionally, in any of the preceding aspects, another implementation of the
aspect includes a computer-readable storage medium including instructions that cause the
activity recognition device to perform acts including: predicting a next window using the
determined hand motion to; performing hand image detection using the next window;
replacing the current window with the next window when the next window contains the
boundaries of a detected hand image; and when the boundaries of the detected hand image
extend beyond the next window, merging the current window and the next window;
identifying a hand image in the merged windows; and determining a new minimized window

size that contains the identified hand image.

Brief Description of the Drawings

[0036] FIG. 1 is an illustration of an occupant in a vehicle cabin according to example
embodiments.
[0037] FIG. 2 is flow diagram of a method of machine recognition of an activity

according to example embodiments.
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[0038] FIG. 3 is a block diagram of a system for activity recognition according to
example embodiments.

[0039] FIG. 4 is a flow diagram of a machine or computer-implemented method for
detection of a global region of interest in image data according to example embodiments.
[0040] FIG. 5 is an illustration of image over union for imaging processing windows
according to example embodiments.

[0041] FIG. 6 is a flow diagram of a computer-implemented method for detection of a
hand in image data according to example embodiments.

[0042] FIGS. 7A-7D illustrate setting search windows for hand detection according to
example embodiments.

[0043] FIG. 8 is an illustration of the more detailed image detection according to
example embodiments.

[0044] FIG. 9 is a block diagram of a dynamic windowing component according to
example embodiments.

[0045] FIG. 10 is an illustration of the triggered process of dynamic windowing
according to example embodiments.

[0046] FIG. 11 is a block diagram of portions of the system for automated activity
recognition according to example embodiments.

[0047] FIG. 12 shows a result of using optical flow to determine motion flow

information according to example embodiments.

[0048] FIG. 13 is an illustration of heatmap generation according to example
embodiments.
[0049] FIG. 14 is an illustration showing key features for a videotube according to

example embodiments.
[0050] FIG. 15 is an illustration demonstrating normalization of image frames to a

spatial dimension according to example embodiments.

[0051] FIG. 16 is an illustration of normalization of video tubes according to example
embodiments.
[0052] FIG. 17 is a flow diagram illustrating the rearrangement of key features for

two different videotube structures according to example embodiments.

[0053] FIG. 18 is an illustration of a graphical three dimensional representation of a
scalable tensor videotube according to example embodiments.

[0054] FIG. 19 is a block diagram of an example of a specific activity recognition

network architecture that is based on videotubes according to example embodiments.
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[0055] FIG. 20 is a block diagram of another example of a specific activity
recognition network architecture that is based on videotubes according to example
embodiments.

[0056] FIG. 21 is an illustration of a portion of an image frame that includes the hand
area according to example embodiments.

[0057] FIG. 22 is a block diagram illustrating circuitry for performing methods

according to example embodiments.

Detailed Description
[0058] In the following description, reference is made to the accompanying drawings
that form a part hereof, and in which is shown by way of illustration specific embodiments
which may be practiced. These embodiments are described in sufficient detail to enable
those skilled in the art to practice the invention, and it is to be understood that other
embodiments may be utilized and that structural, logical and electrical changes may be made
without departing from the scope of the present invention. The following description of
example embodiments is, therefore, not to be taken in a limited sense, and the scope of the
present invention is defined by the appended claims.
[0059] The functions or algorithms described herein may be implemented in software
in one embodiment. The software may consist of computer executable instructions stored on
computer readable media or computer readable storage device such as one or more non-
transitory memories or other type of hardware based storage devices, either local or
networked. Further, such functions correspond to components, which may be software,
hardware, firmware or any combination thereof. Multiple functions may be performed in one
or more components as desired, and the embodiments described are merely examples. The
software may be executed on a digital signal processor, application specific integrated circuit
(ASIC), field programmable gate array (FPGA), microprocessor, or other type of processor
operating on a computer system, such as a personal computer, server or other computer
system, turning such computer system into a specifically programmed machine.
[0060] As explained previously herein, automated activity recognition is desirable for
such applications as vehicle perception to improve the safety of vehicle operation. Current
approaches to activity recognition require complex computations by computing devices that
use an inordinately large amount of energy and space of a vehicle.
[0061] FIG. 1 is an illustration of an occupant in a vehicle cabin. As shown in the

Figure, occupants of a vehicle cabin often perform different activities using their hands, such
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as steering or operating the vehicle radio. Hand areas can be used by an activity recognition
system as areas on which to focus in order to recognize activities of the occupants. The
vehicle cabin or compartment includes an imaging device 105 (e.g., a camera) or array of
devices that provide video of an interior view of the vehicle. Hand areas 103 and 107 can be
clearly seen from the point of view of the imaging device 105.

[0062] The image sensor array 105 of FIG. 1 is connected to a vehicle processing unit
(not shown). The vehicle processing unit can include one or more video processors and
memory, and the vehicle processing unit runs the activity recognition processes. The image
sensor array 105 can capture video of the entire cabin of the vehicle. A region of interest
(ROI) component of the vehicle processing unit receives the video stream captured by the
image sensor array, and searches through the full image to locate the rough hand area. This
global ROI detector uses a classifier/detector that is faster and cheaper in terms of power and
complexity to roughly identify whether a detected object is actually a human hand using the
corresponding detection confidence.

[0063] Videotubes contain local video patches and features generated from the raw
video images returned by the imaging device 105. Videotubes can include rearranged
portions of the image frames that include the image of a human hand. The videotube can be
reconstructed from a given video stream around the activity active areas. An activity active
area may include a combination of hands, objects, and the pixels of interest that enable
detecting the type of activity. Videotubes may include multiple windowed, processed,
rearranged regions of video frames and corresponding features such as motion, gradient, and
object heatmaps. The combination of all of these regions and computed feature images can
be normalized, scaled and rearranged into a scalable tensor video structure and into a
temporal video structure.

[0064] For use in automated activity recognition, a videotube is produced from the
raw images by removing areas that are not related to the activity of the driver (or the
passenger). The videotube can contain several portions of information that describe an
activity happening inside a vehicle. Activities inside a vehicle typically involve the hands of
the driver and passenger. A videotube can be generated that contains a windowed portion of
the original image that contains a human hand and the object with which the hand is
interacting. A videotube can also contain the motion profile of the hand (e.g., hand motion
flow or hand motion). In some embodiments, the videotube can include a heatmap. A
heatmap can be defined as the location of the first object (e.g., a hand) within the determined

active activity area. The location information can be represented with respect to a coordinate
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system centered on the active area or the image frame. Using the image frame coordinates
enables the capturing of the relative positions of multiple objects of the first type (e.g.,
multiple hands visible in a given image).

[0065] In some embodiments, a videotube is the collection of rearranged portions of
the image frames of the video streams, and can include images of hands, other objects of
interest, and corresponding feature maps. In some embodiments, a videotube contains a data
structure that can be referred to as a scalable tensor videotube, which is used to organize the
information regarding the portions of the original image that include hands and objects, the
hand motion profile, and the heatmap of the objects being used by each occupant inside the
vehicle cabin.

[0066] To generate a videotube, hand area detection is first performed over the raw
video streams to locate approximate hand areas in the image data. A more fine-grained hand
detector and an activity-oriented objects detector are then run within the approximated hand
areas. Bounding boxes of these hand and object locations are determined and merged to
generate the videotubes. A full landscape of the hands and objects are contained in the
videotubes while the scale of the videotubes is kept as small as possible. For example, a
videotube may be generated for FIG. 1 just in the area of the hand operating the radio.
Keeping the videotubes as small as possible reduces the amount of image processing needed
to be performed to identify activities.

[0067] In some embodiments, hand motion (e.g., a hand gesture) can be detected
using optical flow processing that is performed only on the videotubes. The optical flow
produces temporal information about a hand or the hands of the occupant. The hand motion
detection information and the detected object information can be fed into a recurrent neural
network (or other automated decision technology) to detect and identify the activities of the
occupant. In other embodiments, each hand section of a videotube can be fed into a feature
extractor. Temporal information related to extracted features can then be fed into a deep
learning based classifier to identify activity.

[0068] FIG. 2 is a high-level flow diagram of a method of machine recognition of an
activity. The method 200 may be performed in a vehicle using a vehicle processing unit that
can include one or more processors. At operation 205, a video stream of raw images is
obtained or read using a video source. The video source can be an imaging device in a cabin
of a vehicle (e.g., car, truck, tractor, airplane, etc.). The video stream includes images of a

first object and a second object. The first object may include a hand of an occupant of the
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vehicle and the second object can include an object with which the hand is interacting (e.g., a
smartphone, drinking vessel, etc.).

[0069] At operation 210, a global region of interest (ROI) is detected based on the
presence of the first object in the images. A ROI detector receives the raw image as input
and outputs the rough region of interest. The image frames are processed to detect the first
object in the image frames. For detection of activity, the first object may be a hand. Machine
learning can be used to recognize features in an image that represent a human hand. The ROI
may contain a detected hand area and the surrounding objects within certain range of the
hand area.

[0070] At operation 215, the activity active area (AAA) within a portion of the image
frames is determined. Locations of the first object in the video frames are bounded by the
determined areas. The areas are recurrently sized and minimized to reduce image processing
needed, yet still include the entire image of the first object. The vehicle processing unit
includes an active area generator. The active area generator attempts to achieve minimum
window dimensions for generating a videotube while retaining information regarding objects
such as hands and activity-related objects. The image processing used to set the active areas
bounding the image is more extensive than the image processing used to identify the ROL
When the first object is a hand, the AAA is generated and updated using the locations of
hands and objects near the hands by proposing search boxes in different scales and different
aspect ratios. The AAA isused to generate a videotube. The videotube is a specific
organization of the image data that is optimized for later processing to identify activity.
[0071] Videotube generation 217 is performed using operations 220 through 245 of
the method 200 of FIG. 2. At operation 220, key features of the videotube (or videotubes) are
determined. The vehicle processing unit includes a feature generator. The feature generator
determines motion of the first object and locations of a second object within the active areas
of the image frames. Determining motion may involve tracking the location of the image of
the first object in a previous frame versus the current frame. If the first object is a human
hand, the feature generator receives the AAA as input, and may output key features such as
hand motion flow information and a heatmap of the second object or objects, which may be
objects with which the detected hand is interacting. Because the active areas are optimized
by the recurrent window minimization, the image processing required to determine motion is
reduced.

[0072] At operation 225, spatial normalization is performed. In spatial normalization,

a videotube for a specific time “T” is determined using the key feature information obtained
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at that time “T.” This information is then concatenated together and normalized to a
dimension where each piece of information can be used as a frame of image and feature data.
[0073] At operation 230, key feature rearrangement is performed. In key feature
rearrangement, the key feature frames are organized into two structures. The first structure
stores the key feature information for multiple occupants of the vehicle. At operation 235,
the method may include identity assignment to assign key features to the different occupants.
The second structure organizes the key feature frames into a scalable tensor videotube which
is described below. Key feature information obtained for a specific time “T” can be one
portion of the scalable tensor videotube. At operation 240, image information of the first and
second objects (e.g., hand-object information) can be used to re-optimize the AAA; referred
to as AAA tracking.

[0074] At operation 245, temporal normalization is performed. In some aspects,
hand-object pairs and motion information can be concatenated together, and the videotubes
can be optimized for objects such as hands in the image frames. But before the generated
videotubes can be fed into the activity recognition process, the videotubes should be scaled to
the same dimension. The videotubes can be scaled (up or down) in order to obtain a stream
of multiple videotubes with the same dimensions (temporal normalization).

[0075] At operation 250, activity recognition is performed using the videotubes. The
videotubes can be input into an activity classifier. The activity classifier can be a deep
learning based classifier that identifies an activity according to the determined motion of the
first object and locations of the second object or objects. For example, hand-area videotubes
can be input into the activity classifier and hand-object information can be used to identify an
activity of an occupant of a vehicle cabin. Because the videotube is a reduced area of
processing, less computing power and time is needed for the activity recognition.

[0076] The identified activities of the occupant of the cabin of the vehicle can be
monitored. An alert can be generated by the vehicle processing unit according to the
identified activity. For example, the machine recognition may be included in an automated
driver assistance system, and the identified activity may indicate that the driver is inattentive
to operation of the vehicle. The alert can be an audible alert generated using a speaker or can
be a visual alert generated using a display present in the vehicle cabin. The driver may then
take corrective action.

[0077] The method of FIG. 2 can be performed by modules of the vehicle processing
unit. The modules can include or be included in the one or more processors such as a

microprocessor, a video processor, a digital signal processor, ASIC, FPGA, or other type of
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processor. The modules can include software, hardware, firmware or any combination
thereof to perform the operations described.

[0078] FIG. 3 is a block diagram of an example of a system for automated activity
recognition. In the example of FIG. 3, the system 300 includes an activity recognition device
310 and a video source 305 operatively coupled to the activity recognition device 310. The
video source 305 can include a near infrared (NIR) camera or array of NIR cameras and
generates a video stream that includes frames of image data.

[0079] The system 300 in the example of FIG. 3 is included in a vehicle 301 and the
activity recognition device 310 can be a vehicle processing unit. In some embodiments, the
activity recognition device 310 can include one or more video processors. The activity
recognition device 310 includes a port 315 that receives the video stream and a memory 320
to store the image frames of the video stream. The activity recognition device 310 can
include one or more video processors to process the image frames to perform machine
recognition of activity using the video stream.

[0080] The activity recognition device 310 includes a global ROI detector component
325, dynamic AAA detector component 330, a key feature generator component 335, a
spatial normalizer component 340, a key feature rearrangement component 345, and a
temporal normalizer component 350, and an activity recognition classifier component 355.
The components can include or be included in one or more processors such as a
microprocessor, a video processor, a digital signal processor, ASIC, FPGA, or other type of
processor. The components can include software, hardware, firmware or any combination of
software, hardware, and firmware.

[0081] FIG. 4 is a flow diagram of an example of a machine or computer-
implemented method for detection of a global region of interest (ROI). The global ROI is an
approximate or rough hand area of the image data from the video stream. The method 400
can be performed using the global ROI detector component 325 of the activity recognition
device 310 in FIG. 3. The global ROI detector component 325 selects portions of the image
frames based on presence of the first object, such as a hand for example. The detection by
the global ROI detector component is a rough or approximate detection of the first object.
The rough detection of the presence of the first object is applied to a large are of the image
frames. The rough image detection can be a fast objectness detection that uses an image level
similarity method to detect the presence of the first object. The global ROI detector

component 325 receives the raw image data as input and outputs the global ROI. The global
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ROI may contain a hand area and the surrounding objects within certain range of the hand
area.

[0082] At operation 405, raw image data is received from the video source or
retrieved from memory. The raw images can be color, gray level, near infrared, thermal
infrared, etc., are acquired from an image sensor array. The image data includes a first image
frame and a subsequent image frame of the video stream.

[0083] These images are masked with a global region of interest (ROI) that can be
learned offline for specific camera setups using 3D information. The global ROI defines the
portion or portions of the image frames where salient and important objects for action and
activity recognition, such as hands, human body, and objects exist. In a vehicle, the global
ROI refers to areas of the vehicle cabin where the hands of the occupants (including driver
and passengers) are potentially visible in the video images. In other words, the global ROI
contains all possible hand areas and the surrounding objects within certain range of the hand
areas. This allows hands that are outside the vehicle, e.g. behind the front and rear
windshields or far away from the side windows, to be excluded from the processing to
identify activity.

[0084] The global ROI is used to select the areas where consecutive processing will
be applied. By determining whether the global ROIs of the consecutive images have a high
similarity score (this score can be obtained, for instance, by using a change detection
techniques or a logistic regression method) it is also possible to use the global ROI to skip
very similar images in order to speed up the activity recognition process by focusing only on
video images that are different. Such a similarity threshold is manually set or automatically
learned from the data. This threshold can be used to control the number of frames to skip
(this can help the better use computational resources available). The global ROI can also be
extracted using deep learning based objectness detectors that also extract features to
represents the salient and important objects in different shapes, colors, scales, and poses.
Using the objectness detectors and a given training dataset, objectness scores for all image
pixels in the training images and corresponding bounding boxes are obtained and aggregated
into a spatial map, and the spatial map is used to set the global ROL

[0085] At operation 410, the similarity between image frames is determined. In some
embodiments, the global ROI detector component 325 includes a spatial constraint
component (not shown). The raw image frames are fed into the spatial constraint component
which may use a similarity estimation algorithm to determine a similarity score for the

images. In the similarity estimation, similar images are given a higher similarity score. The
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similarity score may reflect global similarity between the first image and the second image or
may reflect similarity between a first windowed portion of the first image frame and the first
windowed portion of the second image frame. In certain embodiments, logistic regression is
used to determine the similarity score for the images. In variations, the output of the logistic
regression is binary and the images are either deemed similar or not similar.

[0086] At operation 415 of FIG. 4, the similarity estimation skips images that are
indicated to be similar according to the similarity score in order to speed up hand detection in
the images. The similarity score threshold that determines to skip an image may be manually
specified (e.g., programmed) or can be learned by the activity recognition device from
training data. The number of frames skipped or omitted in the hand detection processing is
determined by the similarity score threshold. The initial similarity score may be blanked or
set to zero so when the first image is received in order to trigger an initial detection for the
first object.

[0087] At operation 420, if the similarity score between the two image frames is
below the specified similarity threshold, hand detection is triggered and performed in the
second image frame. The global ROI detector may include a machine learning component to
perform the object detection. The machine learning component may utilize deep learning
technology (e.g., convolutional neural networks (CNN), recurrent neural networks (RNN), or
long/short term memory (LSTM)) to learn to recognize features in an image that represent the
first object of interest. In some aspects, these image features can include different shapes,
colors, scales, and motions that indicate a hand. The output of the hand detection can be a
confidence of detection with respect to one or both of category and type. The confidence of
detection may be a probability of correct detection. The output of the detection of the first
object is also a bounding box that defines the boundary of the object detection. The bounding
box can be used to calculate intersection over union in the image area. FIG. 5 is an
illustration of image over union (IoU) for imaging processing windows, where IoU = (Area
of Intersection) / (Area of Union).

[0088] Returning to FIG. 4 at operation 425, the IoU and Confidence are used to
determine if the results of the image detection are trustable. Thresholds for IoU and
Confidence can be specified manually or determined using machine training as for the
similarity score threshold. If either of the IoU or confidence does not satisfy the threshold,
the image is skipped and the method returns to 405 to acquire the next image for the analysis.
At 435, the global ROl is set for the frames of image data. The output of the bounding boxes
is treated as the initial global ROI for the videotube.
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[0089] Returning to FIG. 3, the activity recognition device 310 includes a dynamic
activity active area detector component 330 to determine an activity active area (AAA) using
the global ROI determined by the global ROI detector component 325. The AAA is used in
determining the image area of the actual videotube. Locations of objects of interest (e.g.,
hands) in the video frames are bounded by the determined areas. The dynamic AAA detector
component 330 attempts to achieve minimum window dimensions for the videotube while
retaining the information related to hands and the activity-related objects.

[0090] FIG. 6 is a flow diagram of a method of determining the AAA. At operation
605, the global ROI and previous Activity Active Areas (AAAs) are combined in order to
find a local region of interest for each AAA. The local ROl is used to determine the search
area and it is derived from the previous AAA after tracking them within the global ROI. The
local ROI has larger size than its AAA to ensure a full detection of hands and surrounding
objects. Search areas or boxes can be used to locate the objects of interest in the global ROIL
In some embodiments, search boxes of different scales and aspect ratios are proposed as
search areas. Based on the determined approximate object area of the global ROI, search
areas in different scales and aspect ratios (or length-width ratios) are generated. In some
aspects, a pre-defined set of scales and length-width ratios can be used to multiply the
bounding box of a hand area to generate search boxes. This pre-defined set can be either
manually set based on experience or automatically learned from original data, such as by a
clustering method for example. Hands and objects detection can be performed on these
generated search areas.

[0091] FIGS. 7A-D illustrate determining search windows or search boxes for hand
and object detection. FIG. 7A represents the initially identified approximate area of the first
object. In some aspects, the center of the initial hand area is determined and the size of the
window of the hand area is scaled with respect to the center to identify a search area. FIG.
7B is an example of reducing the scale of the initial search area while changing the length
and width of scaled windows. The scale of the windowing is reduced by 1 to 7, with 7 being
a positive integer. FIG. 7C is an example of maintaining the scale of the initial search area,
and FIG. 7D is an example of expanding the scale of the initial search area. The scaling used
can be pre-defined and specified manually or the scaling can be determined by machine
training. For example, the scaling can be machine learned from initial data using a clustering
method.

[0092] Returning to FIG. 6, detection at operation 610 can be performed in the

proposed search area to identify an image of the first object. At operation 612, the search
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region can be updated based on the result of the hand detection. At operation 612, object
detection at operation 612 can be performed in the search area, such as to identify objects
with which a detected hand may be interacting. This iteration of image detection of the first
object is more detailed than the rough search area detection described previously herein. The
window size of the videotube can be minimized by reducing the size of the window based on
the result of the image detection. In some aspects, a hand detector is applied in the local ROI
to find the locations of the hand in the current video frame (image). Each AAA can
correspond to a single hand (e.g., an AAA is based on a hand region).

[0093] FIG. 8 is an illustration of an example of the more detailed image detection.
In some aspects, an approximate or rough area of a hand 805 and the resized search area
window are input into a deep convolution neural network 810. The deep convolution neural
network 810 may be a deep learning based image detector that is trained for detection of
hands and objects 815 within the resized windows. In certain embodiments, the deep
learning based image detector is trained for detection of hands and objects with respect to
activities that take place in a vehicle cabin.

[0094] This detailed version of hand and object detection can be computationally
intensive. However, the detailed hand detection operates within the boundary of the search
area windows, which reduces the area of the image to be processed to identify a hand or
object. This can speed up detection, but can also reduce the focus of the detection to an area
with a higher probability of containing a hand, which reduces the possibility of misdetection.
Additionally, the spatial constraint component of the global ROI detector can determine (e.g.,
using logistic regression) when processing of an image can be skipped based on image
similarity.

[0095] The rough or approximate image detection used by the global ROI detector
component identifies and selects portions of an image that may contain an object of the first
type (e.g., a human hand for the activity recognition task in a vehicle). This is followed by a
more detailed, accurate, yet potentially more computationally intensive object detection by
the AAA detector component. The two-stage hand detection process decreases the overall
computational load and improves the detection accuracy by allowing the detector to focus on
the areas that are more likely to include hands. The rough image detection is fast,
computationally inexpensive, and is applied to a large portion of the image, and preferably
has a low false negative rate (i.e., it does not miss any of the true hand areas, yet it may
incorrectly identify or select non-hand areas as hands). In contrast, the detailed object

detection has a low false positive rate (i.e., it correctly identifies non-hand areas that may
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have been incorrectly identified by the rough image detection). Additionally, the rough
image detection may not be accurate when it comes to the window size of the hand region.
[0096] Considering these tradeoffs, the rough image detection can be a fast objectness
(e.g., human hand) detection that uses an image level similarity method such as one or more
of a logistic regression, a tracking algorithm, a conventional classifier (that uses simple
region descriptors and traditional classification methods such as support vector machines,
boosting, random trees, etc.), and a deep learning based classifier. The detailed object
detection can be a conventional classifier as well as a deep learning based classifier. In case
both the rough image detection and the detailed object detection use deep learning models,
the rough image detection might be operating at a lower spatial resolution, using only initial
layers of the deep architecture (e.g., first few convolutional layers connected to a fully
connected layer), trained as a binary classifier without estimating the object window size, or a
combination of all of these. The detailed object detection can use the feature maps generated
by the rough image detection, use much deeper processing layers, and regress the object
window size in addition to serving as a binary classifier

[0097] The detailed hand detection may not always guarantee correct results. In some
embodiments, the dynamic AAA detector component 330 may apply the results of the
detailed image detection to a false detection filter designed to get rid of false positive and
negative detections, or to determine missed detections. This can result in consistent
categories for the same hand and objects detected and provide reliable information for
activity recognition. New detected locations of hands and objects are updated based on valid
categories of hands and objects.

[0098] Windows of videotubes are dynamically sized and search regions are updated
based on the first object and second object detection. The detected location of the first may
be used to update the search region for detecting surrounding objects. For different
applications, AAA can be based on different objects, including human body, face, legs,
animals, etc. As part of generating a videotube, the video processor attempts to minimize the
resolution of the video tube to minimize the amount of image processing needed to identify
an activity. The window size of the video tube is recurrently determined to find a window
size that is minimized but still includes the identified first object area. In some embodiments,
the window size is recurrently determined according to the example method shown in FIGS.
7A-7D. The window size is recurrently updated based on the determined approximate areas,

and search areas or windows of different scales and length-to-width ratios are generated.
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[0099] Returning to FIG. 6 at operation 617, overlap scores between the
corresponding hand box and each surrounding objects can be computed for each detected
hand. The IoU (Intersection over Union) as shown in FIG. 5 may be used to measure the
overlap area between two bounding boxes. However, surrounding objects are usually
occluded by the hand so only partial objects can be detected in many cases, which generates
low IoU scores and may be treated as irrelevant objects. Distance between two bounding
boxes is another measure to compute the score. However, distance is subject to the bounding
boxes’ sizes. For example, bounding box A and B has the same distance to C. Only bounding
box A should be considered as surrounding object. Therefore, another method to determine
bounding boxes is to compute the overlap score that takes both the distance and size of
bounding box into account while it’s capable of measuring overlap between occluded objects
and an image of the hand.

[00100] An example of a formula to compute overlap is as follows:

2 2
(xcenterobl- _xcenterhand) (YCenterobl- _J’centerhand)
*

Overlap Area =

(1),

widthgpj+widthpang heightgpj+heightpang

where

(xcenterobl-r YCenterobir Widthobjr heightobj)r

and (xcenterhandr ycenterhandr Widthhandr he ighthand)

are the object’s and hand’s bounding box parameter, respectively. Accordingly, the overlap
score can be computed as:

Overlap Score = e Boverlap area (2)

where o and 3 are preset coefficients.

[00101] When the object and hand completely overlap each other, the overlap area
achieves the minimum value 0 and overlap score achieves the highest score 1. For an overlap
area between 0 and 1, the overlap occurs between the hand and object. When the object and
hand has the same size and adjacent to each other, overlap area equals to 1. For an overlap
area larger than 1, the overlap score reduces rapidly to 0. The updated equations for the AAA

box parameters are defined as:
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top =s+ mil’l(tophand ’ topobi) +(1—s)= tophand ®3)
left = s « min(left, g, leftyy;) + (1 —s) * lefty g (4)
bot = s x max(boty,nq, botey;) + (1 — ) * botyang (5)

right = s x max(righty,,q , right,p;) + (1 — s) = righty,,g (6),

where (top, left, bot, right),

(tovnana Lef thanda POthand, TLGAthana), (topobj, leftop), botop), rightobj) are alternative
representations of the parameters of the AAA box, hand region, and object region,
respectively. The variable s is the overlap score from Equation (2).

[00102] Objects without a high overlap score will be obsolete and the updated AAA
will remove those objects thereafter. For objects with high overlap scores, their bounding
boxes are merged into the AAA.

[00103] Other methods can be used to recurrently update the window size of the
videotube. In some embodiments, the dynamic window sizing includes window tracking of
the determined hand motion trajectory. FIG. 9 is a block diagram of an example of a
dynamic windowing component 930 that may be included in the dynamic AAA detector
component 330. Starting with the current window size as input, the dynamic windowing
component 930 uses the hand motion trajectory to predict the next window size and location.
Hand and object image detection is performed within the predicted window. Bounding
windows or boxes are generated to validate whether the predicted new window evolves
correctly in size and direction to contain the boundaries of the hand image. If a new
predicted window contains all the detected bounding boxes, the dynamic windowing
component 930 outputs the new window size as the next window size. The new window size
replaces the current window for the videotube in the subsequent image frames. Otherwise, if
the boundaries of the detected hand image extend beyond the next window, a reproduction
process will be triggered (e.g., by switch 932) which applies a set of pre-defined length-
height ratios on the current window.

[00104] FIG. 10 is an illustration of an example of the triggered process of dynamic
windowing performed using the dynamic windowing component 930. The example shows
the windows being changed in size and merged to accommodate the size of the detected
object (e.g., the human face) to ensure that all related objects are fully detected. For example,
a partially detected face in FIG. 10 may get lost over a period of object detection. Detection

of the entire object, rather than a partial object, helps prevent losing track of objects when
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minimizing the window size. If an object is partially detected, the dynamic windowing
component may change the windows using different aspect ratios and sizes to detect the
entire object. By merging all bounding boxes of the detected hand and objects, a minimum
window that contains the hand and objects of interest is generated as the next frame for
processing of the videotubes. The AAA includes all overlapping objects and hands.

[00105] Returning to FIG. 6 at 620, the AAA is generated using the windowing and
first object detection. The AAA is used to create the actual videotube. In some aspects, the
video stream can produce multiple AAAs in which can be organized by hand identity. Each
hand may generate one AAA. Each AAA is assigned to the identity of the hand it represents.
Objects in an AAA are assigned with and identity label, which is the AAA’s identity. Each
object can be assigned with more than one identity because frequently objects are exchanged
or connected to multiple persons in interactive activities. Information on the object type and
hand identity may be recorded in a registry, which retains the relationship between AAAs
from entire video stream and these relationships can be recovered later in the scalable tensor
videotube (described below in regard to FIG. 17) with the help of the registry.

[00106] The AAA can be designed to focus only on human activities, in particular the
ones related to hands. Determination of the AAA significantly suppresses the background
clutter and irrelevant visual information in images. This makes the activity recognition more
resilient and very robust to clutter, noise, and irrelevant details. It also improves the runtime
speed of the recognition algorithm thus reducing the need for computing resources, which
allows processing on low-cost computing platforms. Even though AAAs are much smaller
portions of the videos than image frame, they still keep all necessary and salient information
about target activities, in particular the ones involving hands.

[00107] AAA has several differences from the ROIs. In computer vision and optical
character recognition, the ROI defines the borders of an object under consideration. In
contrast, the AAA distinctly defines the borders of a cluster of objects that are salient and
related to recognition of activities under consideration. The AAA dynamically adds new
objects or remove irrelevant ones depending on the overlap scores and distance criteria with
the hand. ROI simply defines an image patch. However, the registry for an AAA contains
information in addition to the minimum available pixel area of the object cluster. The
registry records the relationship between different AAAs from entire video stream while ROI
cannot represent or record such a knowledge.

[00108] Key features are then identified in the AAA to provide the contents of the

videotube. The key feature generator component 335 of FIG. 3 determines the key features.
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In some aspects, after the hand region of interest is formulated for each hand in the image
data, each hand may receive an identification (hand ID). The hand ID may also identify to
which occupant a hand belongs. The key feature generator uses the AAA as input to identify
key features.

[00109] FIG. 11 is a block diagram showing the dynamic AAA generator component
1130, the key feature generator component 1135, and the key feature rearrangement
component 1145 of the system for automated activity recognition. The key feature generator
component 1135 may include a motion flow component 1137, and a heatmap component
1139.

[00110] In some aspects, after the AAA for each hand is determined and each AAA is
given an identification (e.g. a hand ID that indicates to which occupant the corresponding
hand belongs), the key feature generation component computes the key features for the AAA.
The features can include original image (color, intensity, near infrared, etc.) pixel values,
object locations, object motion flow, and object heatmaps, and can be arranged into a 3D data
structure for each AAA. These features can also be the feature responses of deep neural
networks, in particular deep convolutional networks. In this 3D data, first two dimensions
are spatial (corresponding to image region) and the third dimension has layers where each
layer corresponds to a feature. This can be considered as small AAA sized frames of color,
motion, feature responses are concatenated to each other on the third dimension.

[00111] There are different processes executed by the key feature generation
component 1135. The motion flow component 1137 generates the key feature of motion
profile of the hands being tracked in the videotube. The motion profile can provide
information regarding the previous and current location of each hand (e.g., the hand location
in the previous frame vs. the current frame), as well as how fast the hands are moving. These
key features of motion flow can provide temporal information regarding the hands to the
system. This temporal information may allow the system to better infer the activity of the
hand being tracked. For instance, drinking by an occupant may have a “whole hand” type of
global motion, in which the entire hand will move from the cup holder up to a person’s face
while holding the cup. Conversely, texting with a smartphone may involve a whole hand
motion, but the texting might not always involve large motion ranges of the entire hand.
Texting might be more related to finger motion than whole hand motion, and texting may be
inferred if the motion profile indicates more finger motion than whole hand motion. The
motion flow component 1137 may also determine velocity of the hand motion. Knowing

information of hand motion and hand velocity allows for improved determination of hand
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trajectory in the hand tracking, because the information can improve prediction of where the
hand is most likely to be located in future image frames.

[00112] When the AAA of the videotube is determined, the videotube includes a
sequence of images from one or more windowed portions of the image frames of the video
stream. The sequence of images of the videotube can be used to determine the motion profile
features. In some embodiments, pixels of the image frames that include the hand image are
identified in the videotube. The change in the pixels that include the hand image may be
tracked by the motion flow component 1137. Tracking the change in those pixels that
include the hand between image frames of the sequence can provide knowledge of the
direction of the moving hand at the pixel level. Limiting the tracking to the videotube
reduces the processing necessary to track the change in pixels. This tracking can be referred
to as optical flow. The optical flow provides information for each fingertip and joint points
which can be fed into an activity recognition network to determine activity.

[00113] FIG. 12 shows an example of a result of using optical flow to determine
motion flow information. The image on the left represents the original hand image obtained
using a depth camera as an image source. The image on the right represents the same hand
image after the hand has moved forward toward the depth camera. Below the image on the
right is a representation of the motion profile of the hand image in motion. The motion
profile can be used to predict the trajectory of the moving hand.

[00114] Returning to FIG. 11, the heatmap component 1139 produces heatmap
information related to spatial location and types of objects in the videotube that can be used
to determine activities of the occupants. The heatmap component 1139 works similar to how
a histogram works. A histogram shows a numerical distribution of numerical data. Likewise,
the present disclosure utilizes a heatmap to represent the detection distribution of an object or
objects with which the hands inside a cabin are interacting with. In the example of FIG. 11,
there are K hands and &V objects detected in the AAA, where K and N are positive integers.
[00115] Assume K = 6 and there are six hands detected in a stream of consecutive
image frames. Out of these six hands, two are interacting with a smartphone, and one hand is
interacting with a drinking cup. Therefore, the heatmap representation will show a higher
“heat” distribution for the smartphone than for the cup, because more smartphones were
detected in the image frames than cups. The heatmap distribution can help the system in the
present disclosure sift through the list of activities that the system can detect. The heatmap
distribution can be used to assign probabilities to detected activities. A high heat signature

for smartphones means that the activities inside the cabin are more related to “texting” than to
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“drinking,” or “eating,” for example. Assigning a higher probability allows the system better
detect the activity occurring inside the vehicle.

[00116] An object heatmap is a two dimensional (2D) map that represents the
likelihood of a specific class of object centered at a pixel. If there is an object centered on the
pixel, its heatmap value will be high. Otherwise, the heatmap value is small. The size of the
object heatmap is same as the size of the AAA. Each heatmap is a feature layer in the final
key features.

[00117] FIG. 13 is an illustration of heatmap generation. Heatmaps are used to obtain
the location probability of where an object is located after multiple detections of the same
object are obtained. A phone heatmap 1305 and a hand heatmap 1310 are shown in FIG. 13.
The spots in the heatmap are the hotter spots that may represent the location where the
detected object is more likely be located at after multiple detections have been performed.
[00118] The heatmap component computes a probability density or a histogram. A
histogram demonstrates a numerical distribution of numerical data. Likewise, the present
disclosure utilizes a heatmap to represent the detection distribution of an object or objects
with which the hands inside a cabin are interacting with. For example, let say there are
multiple hands detected in a stream of consecutive frames. Out of these hands, two are
interacting with a smartphone, and one hand is interacting with a cup. Therefore, the
smartphone heatmap will show a higher heat responses, i.e. larger heatmap values, for the
pixels of the smartphone areas and the cup heatmap will show higher responses for the pixels
of the cup.

[00119] Multi-object heatmaps can be embedded as part of the videotubes in order to
better track and localize objects, as well as to help the system assign probabilities to the
activities that are more likely to happen based on the objects near the hand. Heatmaps are
obtained directly after the hand and object detectors. They can be computed afterwards within
only the AAA as well.

[00120] The 2D heatmaps that correspond different object classes (including hand,
face, smartphone, book, water container, food, and many others) can be arranged into a 3D
data structure. Instead of collecting the information over a time interval, the activity
recognition system can capture the information at a specific time, and then construct a
videotube that represents the instantaneous information. This information contains the hand
and object detected, the motion flow information, and the heatmaps of the objects.

[00121] The computed heatmap features significantly enhance the activity recognition

system by fusing the spatial detection information directly in the appearance features. This is
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a very efficient way of imposing the detection results of the hand and object detector into the
activity classification solution. These heatmaps also allow the system to sift through the list
of activities that are predefined in the system, or that the system has already learned. For
example, a higher heatmap value for smartphone heatmap means that the activities is more
related to “texting” than to “drinking,” or “eating”. Additionally, heatmaps are also used in
order to understand the location distribution of objects that the hand is or will be interacting
with. The object heatmaps allow the system to understand the location of the multiple objects
relative to the hand location, and allows the systems to also determine the likelihood of the
activity the hand is about to perform based on the object location, the object proximity to the
hand, and also the object identity.

[00122] Apart from the difference between AAA and ROI, key features generated from
AAAs also have different contents from ROI. ROI refers to the cropped image patch of
interest area. However, key features from AAA are abstracted feature maps like motion flow
frames and object heat maps. Also, these key features offer more information on hands and
objects in a temporal sequence.

[00123] FIG. 14 is an illustration of raw key features of a videotube. The videotube
example includes key features of image and motion flow for hand one 1305, image and
motion flow for hand two 1410, and a heatmap stream 1415. The raw key feature
information is used to generate the videotube.

[00124] When the key features are identified using the key feature generator, the
spatial normalizer component 340 uses the key feature information obtained at a specific time
T'to generate a videotube for that specific time 7. This key feature information contains the
hand and object detected, the motion flow information, and the heatmap of the objects that
the system is capable of detecting. This information is then concatenated together and
normalized to a spatial dimension where each piece of information can be used as a frame of
the videotube.

[00125] FIG. 15 is an illustration demonstrating normalization of image frames to a
spatial dimension. On the left are frames for a number “K” of hands and their respective key
features that were detected. The key feature frames include a hand image frame 1505 or
patch, motion flow information 1510, and heatmap information 1515. The top frame on the
left has a different scale than the lower frame on the left. The frames on the right show the
frames normalized to the same scale.

[00126] The identity information of different occupants can be assigned to the hand

sections of key feature frames. Identity assignment can be important to differentiate different
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hands and the activities of the hands. Identity assignment can be helpful in to recognize and
differentiate activities of the driver and passengers. Passengers may be allowed to perform
activities that show some distraction without generating an alert.

[00127] When all the hand-object pairs and motion information per frame have been
concatenated together and the optimized videotubes for each hand are created, the optimized
videotubes can be fed into the activity recognition classifier component 355 of FIG. 3.
However, some additional scaling and some rearranging of the key feature information can
improve the efficiency of the activity recognition computations.

[00128] The temporal normalizer component 350 scales all of the generated videotubes
to the same dimensions to perform temporal normalization. The reason why the videotubes
should be scaled uniformly is because a hand may not always appear in the same location of
every frame and may not have the same size on every frame. Some hands may be further
away from the image sensors than other hands on each frame. Further, multiple hands may
be at the same distance from the mage sensor, but they may have different sizes (e.g., an adult
hand vs a child’s hand). Therefore, the hand images in the videotubes are scaled (up or down)
in order to generate a stream of multiple video tubes with the same dimensions (temporal
normalization). Having the same dimensions on all images allows the activity recognition
system to concatenate all the videotube frames extracted over time, and then form new video
data that contains all the frames from all the videotubes acquired over a specified (e.g.,
programmed) amount of time.

[00129] FIG. 16 is an illustration of normalization of video tubes. On the left in FIG.
16 are videotubes of four different scales. On the right the videotubes are shown scaled to the
same size. In some embodiments, the temporal normalizer component 350 implements an
average size videotube mechanism. In this mechanism, when all videotubes of all hands have
been obtained, the average dimension of all the videotubes combined is determined, and all
videotubes are scaled to the average dimension.

[00130] Returning to FIG. 3, the activity recognition device 310 includes a key feature
rearrangement component 345 to rearrange the key feature information into two different
videotube data structures that are efficient for activity recognition processing; a
spatiotemporal videotube and a scalable tensor videotube. The key feature rearrangement
component 345 may be configured to generate one or both of the two different structures.
[00131] FIG. 17 is a flow diagram illustrating the rearrangement of key features for the
two structures. The top flow is for a spatiotemporal videotube and the bottom flow is for a

scalable tensor videotube. To form the first structure, the key feature rearrangement
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component 345 retrieves all detected hand sections from the multiple occupants in the vehicle
cabin and concatenates them all together. Each hand section contains key feature frames
including the hand image portion, the hand motion flow, and the heatmap of the detected
object or objects. This structure stores information for multiple occupants to maximally
collect the ROI information.

[00132] The spatiotemporal videotube structure arranges key features of the same
AAA into a 3D volume at 1705. Then spatial normalization is performed on all AAAs in the
same image to have all AAAs to have the same spatial size. At 1710 and 1715, all AAAs are
then concatenated sequentially with respect to AAA identities (e.g. IDs). Temporal
normalization is performed on the 3D data of different images to have final spatiotemporal
videotube. This type of videotube has the same spatial size. At each frame the length of the
key frames may vary depending on the number of the hands, and therefore, AAAs. A fixed
number of AAAs can also be imposed and the missing AAAs can be left blank.

[00133] For the scalable tensor videotube, the key feature rearrangement component
345 organizes the key feature information for the tensor videotube. The scalable tensor
videotube can be thought of as a focal image for one single raw image that contains only the
information needed for the activity recognition process.

[00134] At 1720, the separate key features are spatially concatenated each with respect
to their identities (e.g., person, left, hand, right hand). This spatially concatenated image
contains the same modality components of all AAAs of an image. For instance, a spatially
concatenated color image contains all color layers of the AAAs of the image. The spatially
concatenated image can contain multiple rows of the corresponding AAA images where each
row comprises the features (e.g. color, motion flow, etc.) of the same person, for instance,
two hands of a person while the number of the rows depends on and scalable to the number of
persons in the video. This can be accomplished because the identity if the AAAs are known.
Thus, a spatially concatenated image captures all AAAs. If one hand is missing for a person
who has been detected for a certain period of time, corresponding section may be blank (zero)
to indicate a lost state of the hand. However, if the occupant has never been detected before,
the spatially concatenated image may not create new rows for that occupant. For a video
frame (image), at 1725 the concatenated images are arranged into a 3D volume keeping the
order of features same for each video frame. At 1730, all 3D volumes of all video frames are
concatenated sequentially to obtain the tensor videotube of the video stream.

[00135] FIG. 18 is an illustration of a graphical three dimensional representation of a

scalable tensor videotube. In the y-direction of the Figure, one row is generated for each

28



10

15

20

25

30

WO 2019/137137 PCT/CN2018/120397

occupant of the vehicle cabin. In the x-direction, two columns are formed one for each hand
of each occupant. In the z-direction the frames of key feature data (frames 1 through K) are
organized by the occupant and the hand of the occupant. Instead of using a fixed set of
surveillance channels, the present approach to key feature organization can be scalable with
respect to the existence of occupants in cabin. Each frame of the focal image comprises a
scalable tensor videotube for the video stream.

[00136] Each hand section contains key feature frames like hand image portion or
patch, hand motion flow, and heatmap of the objects. All hand sections are tied to same raw
image frame. The focal image allows all hand sections from all occupants in the cabin to be
monitored at the same time. If a hand is missing for an occupant who has been detected for a
certain period of time, the corresponding hand section will be masked (e.g., blank or filled in
by black) to indicate the lost state of the hand. In the event that an occupant is detected that
was not detected before, an identity may be assigned to the new occupant and new rows in
the scalable tensor videotube can be created for the new occupant. Also, corresponding
motion profiles and object heatmaps can be included and arranged in the scalable tensor
videotube for the new occupant.

[00137] A tensor videotube is created with knowledge of a person’s hand identities,
which makes it very convenient to look for a specific hand of a specific person. This can be
viewed as similar to looking for a specific channel in surveillance videos. Also, since each
row of the scalable tensor videotube corresponds to one person, each row of the tensor
videotube can directly feed into classifier to acquire person’s overall activities. It does not
need to detect individual hand’s activity and require another classifier to determine person’s
overall activities.

[00138] Normalized videotubes or the further scaled and rearranged videotubes are
input fed into an activity classifier component to identify activities of the occupants, such as
by using determined motion and locations of objects within the identified active areas. FIG.
19 is a block diagram of an example of a specific activity recognition network architecture
that is based on videotubes. Normalized videotubes 1905 are input to the activity recognition
classifier.

[00139] Each hand section of a videotube is fed into a separate hand feature extractor
1910 (e.g., one extractor for each of K hands detected in the vehicle). Temporal attention to
information in the videotubes can be achieved by taking advantage of the organization of the
key feature memory mechanisms to track the temporal information of ROIs. The hand

feature extractors and the temporal attention form a pipeline. The pipeline is scalable with
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respect to hand sections. All hand sections can then be concatenated and fed into deep
learning based classifier 1915 to identify activity. Some examples of deep learning
technologies include Recurrent Neural Networks (RNN) and Long/Short Term Memory
(LSTM). In the RNN, the machine learned key features of hands and objects are
concatenated with hand motion information. This concatenated information is input into the
LSTM sequentially to identify an activity. It may be needed to input categories of objects or
hand motion to the LSTM beforehand.

[00140] The heatmaps of objects can be used to pre-select highly relative activities,
and hand image portions and motion flow information is used to further confirm and
recognize types of activity and identify occupants corresponding to the activity. The final
output specific activity recognition network are different categories for standalone activities
of the driver 1920, standalone activities of the passenger or passengers 1925, and interactive
activities between the driver and passenger 1930.

[00141] FIG. 20 is a block diagram of another example of a specific activity
recognition network architecture that is based on tensor videotubes. The activity recognition
classifier is a specific network architecture based on videotubes. Each AAA section of a
tensor videotube 2005 is fed into separate attention mechanisms, either row-wise 2010,
column-wise 2012 (including diagonally), or as a whole. The corresponding AAAs are then
be concatenated and fed into a classifier 2015. The classifier can be based on deep learning
or other machine learning approach. The final output different categories for standalone
activities of the driver 2020, standalone activities of the passenger or passengers 2025, and
interactive activities between the driver and passenger 2030.

[00142] The organized nature of tensor videotubes allows for a robust, innovative, and
easier way to detect activities (singular and multi-person activities). Since each row in a
tensor videotube identifies a person it is easier for the present disclosure to keep track of each
person as well of the activities performed by each person. In case key features do not contain
the learned features, a deep learning based convolutional neural net is applied to extract such
features as desired. The key features (object heatmaps, hand patch layer and motion flow,
etc.) indicate highly relative activities and provide more information for the activity types and
the corresponding occupants.

[00143] Activity recognition based on tensor videotubes can be achieved by two
different ways: row-wise attention and column-wise attention, respectively. By feeding each
row of tensor videotube to the classifier, individual activity (e.g. driver activity and passenger

activity) can be recognized through the classifier. The activity recognition classifier
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component selects a row-wise configuration of AAAs within the scalable tensor videotube
according to the identity of the person and apply the selected row-wise configuration of
AAAs as the input to the machine deep learning to identify the activity of the person.

[00144] Alternatively, feeding columns of the tensor videotube enables the classifier to
recognize interactive activity between different persons. Registry of each AAA is used to
activate column-wise AAA. For example, two hands registered under the same object will be
extracted to recognize interactive activities. The activity recognition classifier component
selects a column-wise configuration of AAAs within the scalable tensor videotube according
to identities of multiple persons, and applies the selected column-wise configuration of AAAs
as the input to the machine deep learning to identify an interactivity between the multiple
persons

[00145] Activity recognition based on tensor videotube allows recognizing individual
activities of multiple categories. Also, it can differentiate activities from driver to passengers,
which is crucial when it comes to safety because activities allowed by passengers may be
dangerous to driver. By simply looking column-wise at tensor videotube, the activity
recognition system can re-use AAASs to recognize interactive activities. Similarly, multiple
interactivities of multiple groups of people (for example, the driver is taking a water bottle
from the passenger sitting in the front seat and two passengers in the backseat are shaking
hands) can be recognized by selecting multiple column-wise AAA configurations within the
tensor videotube and applying the activity recognition classifier only on the selected portion
of the tensor videotube.

[00146] Multi-person activity is generally difficult for machine recognition.
Conventional methods tend to treat multiple activities between humans separately. Yet,
people may perform multiple activities at the same time, and alongside or with each other.
And because it is desirable to identify all activities that can occur, it is imperative to organize
the data in a way that makes it easy for the system to analyze the data. The present systems
and methods try to account for the fact that multiple activities can be performed at the same
time. Tensor videotubes allow the system to discriminate between different activities in a
parallel and connected manner due to the multidimensional nature of a tensor videotube. The
activity recognition classifier component may select multiple column-wise configuration of
AAAs within the scalable tensor videotube according to identities of multiple groups of
persons, and apply the selected multiple column-wise configuration of AAAs as the input to
the machine deep learning to identify multiple interactivities between the multiple groups of

persons.
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[00147] As mentioned previously herein, the tensor videotubes contain information
such as hand pixels information, hand motion flow information, and object heatmap
information. Because many object and hands may overlap in several rows of each videotube,
a classifier can be capable of detecting that several hands (from different individuals) are
either, interacting with the same object, or the hands might be interacting with each other.
All that information can be summarized in a tensor videotube, making it easier for a deep
learning algorithm to learn this relationship and patterns. These attributes and features make
a tensor videotube an easy to use and efficient activity descriptor, not only for singular person
activities, but also for multi-person activity recognition.

[00148] Existing methods of activity recognition uses entire frames to recognize
human’s activities. They look at the whole screen including background clutter irrelevant
body parts, which involves lots of noise in recognition. Also, existing methods don’t have
the clue of each hand’s activity. When people is performing two activities at the same time,
existing methods may not be sophisticated to understand each hand’s activity. In the case of
driver operating the navigation panel with one hand while handling the steering wheel with
the other hand, existing methods may be confused while our method recognize each hand’s
activities to understand person’s overall activities.

Additional Hand Motion Embodiments

[00149] As explained previously herein, hand gesture and hand motion flow are useful
to understand the activities of the driver and passenger in a vehicle. When a videotube is
generated, it includes a sequence of images from one or more windowed portions of the
image frames of the video stream. The sequence of images of the videotube can be used to
determine a sequence of motions that can be processed to identify activity.

[00150] In some embodiments, the motion flow component 1137 of FIG. 11 identifies
pixels of the image frames that include the hand image in the videotube, and tracks the
changes in the pixels that include the hand image. Tracking the change in pixels that include
the hand between image frames of the frame sequence indicates the direction of the moving
hand at the pixel level. Limiting the tracking to the videotube reduces the processing
necessary to track the change in pixels and determine hand motion. This tracking can be
referred to as optical flow. The optical flow provides information for each fingertip and joint
points which can be fed into an activity recognition network to determine activity.

[00151] In some embodiments, the motion flow component 1137 performs hands pose
detection on the identified hand area of the videotube to identify hand motion. FIG. 21 is an

illustration of an example of a portion of an image frame including the hand area. The hand
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pose detection estimates the location of the fingertips and joint points in the image patch.
Tracking the change in fingertips and joint points between the image frames can determine
hand motion. The fingertip and joint point information can be fed into an activity recognition
network to determine activity.

[00152] In some embodiments, a pre-trained three dimensional (3D) hand model is
loaded into memory. The 3D model may be stored as a data structure representative of
physical aspects of a hand in each of three mutually orthogonal axes. The 3D model may be
a hand model that is generic to all skin colors, sizes, and shapes. In variations, the 3D hand
model is a specific hand model learned for certain categories of people or just one specific
person. The motion flow component 1137 may captures and segments the hand from the
videotube images. The motion flow component 1137 generates a 3D hand representation
from the videotube images by matching the hand contours and key points of the two
dimensional (2D) frames to the 3D model. The changes in the generated 3D hand
representation over time includes more information on the gestures and motion of the hand
than other approaches. This motion flow is a key feature of information that can be fed into
the activity recognition network to determine activity.

Additional Activity Recognition Embodiments

[00153] The activity recognition classifier component 355 of FIG. 3 uses the machine
extracted key feature information related to the identified hand images, objects, heat maps
and motion flow, to either directly or indirectly identify an activity of an occupant.

[00154] In some embodiments, the activity recognition classifier component 355
applies the key feature information directly using rule-based activity recognition. In rule-
based activity recognition, a computer-detected combination of one or more objects and hand
motions is compared to one or more combinations of objects and hand motions stored in a
memory to associate an activity with the detected combination. The memory may store
combinations of different objects and hand motions. The objects and motions are combined
according to clear rules that indicate different activities. For example, if the system detects a
cell phone in a driver’s hand and detects that the driver is performing the hand motion of
touching the phone. The system identifies that the activity is the driver texting using the
phone. The system performs the machine identification using a pre-defined rule that may be
reflected by the combinations stored in the memory.

[00155] In some embodiments, the activity recognition classifier component 355
applies the information of hand images, objects, heat maps and motion flow obtained for the

videotubes to machine learning technologies to identify the activity. Some examples of
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machine learning technologies include the Hidden Markov Model (HMM) or Random Forest
(RF). In the HMM machine learning, the hand images, objects, and hand motions are input
into a Markov process to identify an activity. In the Random Forrest (RF) machine learning,
the hand images, objects, and hand motions are applied to multiple decision trees constructed
during a training process and the RF outputs the mode of the classes of the individual
decision trees to identify an activity. The activity recognition classifier component 355
applies information related to a sequence of hand motions detected using the videotube as
input into the machine learning technology. An activity is selected from one or more
specified activities by the machine learning technology.

[00156] In some embodiments, the activity recognition classifier component 355
applies the information of hand images, objects, and hand motions to deep learning
technologies to identify the activity. Some examples of deep learning technologies include
Recurrent Neural Networks (RNN) and Long/Short Term Memory (LSTM). In the RNN,
machine learned features of objects are concatenated with hand motion information such as
optical flow. This concatenated information is input into the LSTM sequentially to identify
an activity. It may be needed to input categories of objects or hand motion to the LSTM
beforehand.

[00157] In some embodiments, concatenated videotubes are generated and a neural
network is used per hand videotube to identify an activity per hand. Creating the scalable
tensor videotube may be skipped and each videotube for each hand may be fed directly into a
neural network for processing. The activity recognition system may include a neural network
for each identified hand, and these neural networks may be processes that are run in parallel
in the vehicle processing unit (e.g., each neural network can be running as a separate
program). As an example, the neural networks may use an LSTM architecture that allows the
system to determine what a hand is doing, and to use this information to classify the current
activity corresponding to the hand. For example, the activity recognition system can learn
that the gesture of a “hand wave” is associated to a hand that is moving based on a repetitive
motion in the current image stream.

[00158] When the system is learning without focusing activity areas using videotubes,
a large number of training video samples may be needed in order for the system to associate
pixel changes to a specific activity. For machine learning based on the entire video frame,
processing speed and training can become an issue as the system needs to analyze all data and
pixels, including data that is not related to the activity (e.g., objects and other pixels that are

part of the background). There are also limits for the amount of memory available and limits
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to the speed of the hardware. More powerful hardware can increase system learning
capability, but the increased capability also increases cost and power consumption of the
system. Very deep neural network technologies can learn the pixel patterns associated with
an activity, but these networks also require a very large number of training samples, increased
memory usage in a system, and additional hyper-parameters to be fine-tuned.

[00159] Regardless of the machine learning approach, machine learning and activity
detection using videotubes is more efficient, convenient, and accurate than machine learning
and activity detection that uses the entire image frames of a given video stream. Using
videotubes can reduce the required processing time and hardware capability needed for
activity recognition.

[00160] Although the embodiments have been described in terms of using hand images
to recognize human activity in a vehicle cabin, the embodiments described can be used for
other video based activity recognition tasks such as video surveillance (including physical
security, baby monitoring, elderly-care), livestock monitoring, biological and environmental
monitoring, etc. For surveillance, the processing can be focused on human faces or entire
human images instead of focused on the area of the hands. The human images can be used to
detect human motion, and the images and determined motions can be used as input to an
activity recognition component. For livestock monitoring, the processing can be focused on
animal images.

[00161] Videotubes can be thought of as compressed versions of the original image
stream that allow the activity recognition system to focus only on the part of an image useful
to detect and identify activity (e.g., activity of a vehicle occupant). The embodiments
described herein feed these segmented or compressed versions of the image stream into the
activity recognition process or processes. This improves efficiency and reduces power
consumption. This means that the embodiments can be implemented in software, hardware,
or a combination of software and hardware, such as general purpose computers, smartphones,
field-programmable gate arrays, and various other embedded products. Further, the
embodiments improve accuracy of identifying activities because the areas of images
processed to the detect activities of interest are reduced. Furthermore, the concepts can be
expanded from vehicle awareness to other technological fields, including robotics (e.g., home
robots, healthcare robots), military applications, and surveillance and security applications.
[00162] FIG. 22 is a block diagram illustrating circuitry for performing methods
according to example embodiments. All components need not be used in the various

embodiments. One example computing device in the form of a computer 2200 may include

35



10

15

20

25

30

WO 2019/137137 PCT/CN2018/120397

one or more processing units 2202 (e.g., one or more video processors), memory 2203,
removable storage 2210, and non-removable storage 2212. The circuitry can include a global
ROI detector component, dynamic AAA detector component, a key feature generator
component, a spatial normalizer component, a key feature rearrangement component, and a
temporal normalizer component, and an activity recognition classifier component.

[00163] Although the example computing device is illustrated and described as
computer 2200, the computing device may be in different forms in different

embodiments. For example, the computing device may instead be a smartphone, a tablet,
smartwatch, or other computing device including the same or similar elements as illustrated
and described with regard to FIG. 22. Devices, such as smartphones, tablets, and
smartwatches, are generally collectively referred to as mobile devices or user

equipment. Further, although the various data storage elements are illustrated as part of the
computer 2200, the storage may also or alternatively include cloud-based storage accessible
via a network, such as the Internet or server based storage.

[00164] Memory 2203 can be configured to store a data structure such as frames of
image data as described herein. Memory 2203 may include volatile memory 2214 and non-
volatile memory 2208. Computer 2200 may include — or have access to a computing
environment that includes — a variety of computer-readable media, such as volatile memory
2214 and non-volatile memory 2208, removable storage 2210 and non-removable storage
2212. Computer storage includes random access memory (RAM), read only memory (ROM),
erasable programmable read-only memory (EPROM) and electrically erasable programmable
read-only memory (EEPROM), flash memory or other memory technologies, compact disc
read-only memory (CD ROM), Digital Versatile Disks (DVD) or other optical disk storage,
magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic storage devices,
or any other medium capable of storing computer-readable instructions, including
instructions that configure the processing unit 2202 to perform embodiments of network
bridging protocols described herein.

[00165] Computer 2200 may include or have access to a computing environment that
includes input 2206, output 2204, and a communication connection 2216. Output 2204 may
include a display device, such as a touchscreen, that also may serve as an input device. The
input 2206 may include one or more of a touchscreen, touchpad, mouse, keyboard, camera,
one or more device-specific buttons, one or more sensors integrated within or coupled via
wired or wireless data connections to the computer 2200, and other input devices. The

computer may operate in a networked environment using a communication connection to
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connect to one or more remote computers, such as database servers. The remote computer
may include a personal computer (PC), server, router, network PC, a peer device or other
common network node, or the like. The communication connection may include a Local
Area Network (LAN), a Wide Area Network (WAN), cellular, WiF1i, Bluetooth, or other
networks.

[00166] Computer-readable instructions stored on a computer-readable medium are
executable by the processing unit 2202 of the computer 2200. A hard drive, CD-ROM, and
RAM are some examples of articles including a non-transitory computer-readable medium
such as a storage device. The terms computer-readable medium and storage device do not
include carrier waves to the extent carrier waves are deemed too transitory. Storage can also
include networked storage such as a storage area network (SAN) indicated at 2220.

[00167] Although a few embodiments have been described in detail above, other
modifications are possible. For example, the logic flows depicted in the figures do not
require the particular order shown, or sequential order, to achieve desirable results. Other
steps may be provided, or steps may be eliminated, from the described flows, and other
components may be added to, or removed from, the described systems. Other embodiments

may be within the scope of the following claims.
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CLAIMS

What is claimed is:

1. An activity recognition device, the device comprising:
a port configured to receive a video stream from a video source for a first object and a
second object;
a memory configured to store instructions and image frames of the video stream; and
one or more processors, wherein the one or more processors execute the instructions
stored in the memory, the one or more processors configured to:
select portions of the image frames based on presence of the first object;
determine areas within the portions of image frames, wherein locations of the
first object in the video frames are bounded by the determined areas;
determine motion of the first object and locations of a second object within the
areas of the image frames; and
identify an activity according to the determined motion and locations of the

second object, and generate an alert according to the identified activity.

2. The activity recognition device of claim 1, wherein the one or more processors are
configured to:

determine a similarity score between a first windowed portion of a first image frame
and the same first windowed portion of a second image frame, wherein the active area is
included in the first windowed portion of the first and second image frames;

omit processing of the first windowed portion of the second image frame when the
similarity score is greater than a specified similarity threshold; and

when the similarity score is less than the specified similarity threshold, perform
detection of the first object in the second image frame to generate a second windowed portion
of the image frames of the video stream more likely to include an image of the first object
than other portions of the image frames, and include the second windowed portion of the
image in a videotube that includes a collection of rearranged portions of the image frames of

the video stream.

3. The activity recognition device of claim 1, wherein the one or more processors are
configured to recurrently set a window size of the active area, wherein the window size is set

to include the hand image.
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4. The activity recognition device of claim 3, wherein the first object is a hand and the
wherein the one or more processors are configured to:

determine a center of a hand active area;

identify a search area by scaling a boundary of the hand active area with respect to the
determined center;

perform hand image detection in the identified search area; and

set the size window according to a result of the hand image detection.

5. The activity recognition device of claim 3, wherein the one or more processors are
configured to:
use the determined motion of the first object to predict a next window;
perform image detection of the first object using the next window;
replace a current window with the next window when the next window contains the
boundaries of a detected image of the first object; and
when the boundaries of the detected image of the first object extends beyond the next
window:
merge the current window and the next window;
identify an image of the first object in the merged windows; and
determine a new minimized window size that contains the identified image of

the first object.

6. The activity recognition device of claim 1, wherein the first object is a hand, and the
wherein the one or more processors are configured to:

identify pixels of the determined areas that include a hand image; and

track a change in pixels that include the hand image between windowed portions of

the image frames to determine hand motion.

7. The activity recognition device of claim 1, wherein the first object is a hand, and
wherein the one or more processors are configured to:

determine locations of fingertips and joint points in the image frames; and

track the change in fingertips and joint points between windowed portions of the

image frames to determine the hand motion.
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8. The activity recognition device of claim 1, wherein the first object is a hand, and
wherein the one or more processors are configured to:
determine a hand motion; and

identify the activity using the determined hand motion and the second object.

0. The activity recognition device of claim 8, wherein the one or more processors are
further configured to:

compare a combination of the determined hand motion and second object to one or
more combinations of hand motions and objects stored in the memory; and

identify the activity based on a result of the comparison.

10.  The activity recognition device of claim 8, wherein the one or more processors are
further configured to:

detect a sequence of hand motions using the determined areas of the image frames;

compare the detected sequence of hand motions to a specified sequence of hand
motions of one or more specified activities; and

select an activity from the one or more specified activities according to a result of the

comparing.

11.  The activity recognition device of claim 1, wherein the one or more processors are
further configured to generate a videotube that includes a collection of rearranged portions of
the image frames of the video stream that include the first and second object, and

corresponding feature maps.

12.  The activity recognition device of claim 11, wherein the one or more processors are
configured to store videotube information in the memory as a scalable tensor videotube; and
wherein the activity classifier component is configured to apply the scalable tensor videotube
as input to a deep learning algorithm performed by the activity classifier component to

identify the activity of the person.
13.  The activity recognition device of claim 12, wherein the one or more processors are

configured to select a row-wise configuration of portions of the image frames within the

scalable tensor videotube according to the identity of the person and apply the selected row-
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wise configuration as the input to the deep learning algorithm to identify the activity of the

person.

14.  The activity recognition device of claim 12, wherein the one or more processors are
configured to select a column-wise configuration of portions of the image frames within the
scalable tensor videotube according to identities of multiple persons and apply the selected

column-wise configuration as the input to the deep learning algorithm to identify an

interactivity between the multiple persons.

15.  The activity recognition device of claim 12, wherein the one or more processors are
configured to select multiple column-wise configuration of portions of the image frames
within the scalable tensor videotube according to identities of multiple groups of persons and
apply the selected multiple column-wise configuration as the input to the deep learning

algorithm to identify multiple interactivities between the multiple groups of persons.

16.  The activity recognition device of claim 1, wherein the video source includes an
imaging array configured to provide a video stream of an image of a vehicle compartment;
and wherein the one or more processors are included in a vehicle processing unit configured

to identify an activity using the video stream of the image of the vehicle compartment.

17. A computer-implemented method of machine recognition of an activity, the method
comprising:

obtaining a video stream of a first object and a second object using a video source;

selecting portions of image frames of the video stream based on presence of a first
object in the portions;

determining areas within the portions of the image frames that bound locations of the
first object;

determining a motion of the first object and locations of the second object within the
determined areas;

identifying an activity using the determined motion of the first object and locations of
the second object; and

generating one or both of an audible alert and a visual alert according to the identified

activity.
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18. The method of claim 17, determining areas within the portions of the image frames
that bound locations of the first object includes:

receiving a first image frame and a subsequent second image frame of the video
stream,;

determining a similarity score between a first windowed portion of the first image
frame and the first windowed portion of the second image frame, wherein the location of the
first object is positioned in the first windowed portion of the image frames;

omitting processing of the first windowed portion of the second image frame when
the similarity score is greater than a specified similarity threshold; and

when the similarity score is less than the specified similarity threshold, triggering
detection of the first object in the second image frame to generate a second windowed portion
of the image frames more likely to include the first object than other portions of the image

frames, and including the second windowed portion in the determined areas.

19. A non-transitory computer-readable storage medium including instructions, that when
performed by one or more processors of an activity recognition device, cause the activity
recognition device to perform acts comprising:

obtaining a video stream of a first object and a second object using a video source;

selecting portions of image frames of the video stream based on presence of a first
object in the portions;

determining areas within the portions of the image frames that bound locations of the
first object;

determining a motion of the first object and locations of the second object within the
determined areas;

identifying an activity using the determined motion of the first object and locations of
the second object; and

generating one or both of an audible alert and a visual alert according to the identified

activity.

20.  The non-transitory computer-readable storage medium of claim 19, including
instructions that cause the activity recognition device to perform acts including:
predicting a next window using the determined motion to;

performing image detection of the first object using the next window;

42



WO 2019/137137 PCT/CN2018/120397

replacing the current window with the next window when the next window contains
the boundaries of a detected image of the first object; and
when the boundaries of the detected hand image extend beyond the next window:
merging the current window and the next window;
identifying an image of the first object in the merged windows; and
determining a new minimized window size that contains the identified image

of the first object.
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