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IMAGE CAPTURE DEVICES FEATURING INTELLIGENT USE OF LIGHTWEIGHT
HARDWARE-GENERATED STATISTICS

FIELD
[0001] The present disclosure relates generally to image capture devices. More
particularly, the present disclosure relates to image capture devices that feature intelligent use

of lightweight hardware-generated statistics to, for example, improve resource efficiency.

BACKGROUND
[0002] An image capture device is a device that can capture imagery (e.g., in the form of
image frames). Image capture devices include cameras, recorders, sensors, and/or other
devices. In some instances, image capture devices can have a primary purpose other than
capturing imagery. For example, image capture devices can include devices that are “camera-
enabled” or have an image capture system embedded within the device such as, for example,
certain smartphones, laptops, smart appliances, smart speakers, home manager devices,
security systems, and the like. In some instances, image capture devices can be mobile image
capture devices that are capable of being moved and/or image capture devices that are
capable of being worn.
[0003] A primary challenge faced by the design and use of certain forms of image
capture devices (e.g., mobile image capture devices and/or image capture devices that are
able to be worn) is the resource-limited environment in which they operate. In particular, the
design and use of image capture devices is commonly subject to the following constraints: a
limited amount of memory to be used for image storage over a significant period of time; a
limited amount of processing power or capability to continuously process imagery; a limited
amount of energy available to operate over an extended period of time; and/or a limited
amount of thermal power that can be dissipated (i.e., a device temperature that should not be
exceeded so as to prevent overheating of the device or discomfort for the user, who may in
some instances wear the mobile image capture device).
[0004] More particularly, certain image capture devices store captured imagery at a local
memory for at least an initial period of time until such imagery can be transferred or
transmitted to another device. However, due to memory component cost, size, or other
factors, the image capture device typically will have only limited memory resources to
dedicate toward storage of captured imagery. In an example scenario in which an image

capture device is worn and operated for hours at a time (if not longer), the limited memory

1



WO 2019/022798 PCT/US2018/027061

resources results in the device being unable to simply store a continuous stream of hours’
worth of high resolution images. Furthermore, even if the image capture device had sufficient
memory resources to store such continuous stream of hours” worth of images, this would
present an additional problem of requiring the user to cull a massive amount of images to try
and pick the best or most desirable ones.

[0005] As another example, certain image capture devices can be powered by a battery.
Thus, in the most common use cases, the limited power budget provided by a battery must be
spread across hours of device operation, if not longer. Therefore, operations performed by the
image capture device which require or otherwise draw significant amounts of power must be
limited or otherwise not continuously or commonly performed. As examples, the
compression, storage, and transmission of images are the portions of a typical image
processing cycle which consume the most significant amounts of power. Thus, in addition to
a memory consumption problem, the compression and storage of massive amounts of
imagery is an infeasible device design for the typical power budget provided by an on-board
battery.

[0006] Similarly, despite advances in the size and ability of image processing chips,
image devices will still typically have a limited amount of computational power which can be
employed at any given moment in time.

[0007] Further, the resource constraints described above are typically highly interrelated.
For example, even given an unlimited power, computation, and memory budget, continuous
performance of high power processing operations would cause the mobile image capture
device to dissipate heat at a level that would cause discomfort for the user or otherwise be
undesirable.

[0008] Thus, the memory, processing, power, and thermal constraints associated with an
image capture device can collectively represent a challenging limitation to the design and

operation of a mobile image capture device.

SUMMARY
[0009] Aspects and advantages of embodiments of the present disclosure will be set
forth in part in the following description, or can be learned from the description, or can be
learned through practice of the embodiments.
[0010] One aspect of the present disclosure is directed to an image capture device. The
image capture device includes an imaging hardware pipeline. The imaging hardware pipeline

includes an image sensor that is operable to capture raw image data and one or more
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hardware blocks that are operable to process the raw image data to contribute to formation of
an image. The imaging hardware pipeline generates one or more hardware-generated
statistics. The image capture device includes one or more processors and one or more non-
transitory computer-readable media that store instructions that, when executed by the one or
more processors, cause the image capture device to perform operations. The operations
include obtaining the one or more hardware-generated statistics generated by the imaging
hardware pipeline. The operations include analyzing the one or more hardware-generated
statistics to determine one or more metrics for the raw image data or the image. The
operations include determining a downstream operation of the image capture device relative
to the image based at least in part on the one or more metrics determined from the hardware-
generated statistics.

[0011] Another aspect of the present disclosure is directed to a computing system. The
computing system includes one or more processors and one or more non-transitory computer-
readable media that store instructions that, when executed by the one or more processors,
cause the image capture device to perform operations. The operations include obtaining one
or more hardware-generated statistics generated by an imaging hardware pipeline. The
imaging hardware pipeline includes an image sensor that is operable to capture raw image
data and one or more hardware blocks that are operable to process the raw image data to
contribute to formation of an image. The operations include analyzing the one or more
hardware-generated statistics to determine one or more metrics for the raw image data or the
image. The operations include determining a downstream operation of the computing system
relative to the image based at least in part on the one or more metrics determined from the
hardware-generated statistics.

[0012] Another aspect of the present disclosure is directed to a computer-implemented
method. The method includes obtaining, by one or more computing devices, one or more
hardware-generated statistics generated by an imaging hardware pipeline. The imaging
hardware pipeline includes an image sensor that is operable to capture raw image data and
one or more hardware blocks that are operable to process the raw image data to contribute to
formation of an image. The method includes analyzing, by the one or more computing
devices, the one or more hardware-generated statistics to determine one or more metrics for
the raw image data or the image. The method includes determining, by the one or more
computing devices, a downstream operation relative to the image based at least in part on the

one or more metrics determined from the hardware-generated statistics.
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[0013] Other aspects of the present disclosure are directed to various systems,
apparatuses, non-transitory computer-readable media, user interfaces, and electronic devices.
[0014] Optionally, in some examples, the downstream operation of the image capture
device relative to the image may comprise a post-processing operation, which may be
performed by the image capture device subsequent to formation of the image by the imaging
hardware pipeline. Optionally, in some examples, the one or more hardware-generated
statistics generated by the imaging hardware pipeline may comprise one or more of: a red
color histogram; a blue color histogram; a green color histogram; a luma histogram; auto
white balance statistics; auto focus statistics; auto exposure statistics; one or more image
thumbnails; and a high-frequency map.

[0015] Optionally, in some examples, analyzing the one or more hardware-generated
statistics to determine one or more metrics for the raw image data or the image may comprise
determining a temporal similarity metric for the image relative to at least one previously
captured image based at least in part on the one or more hardware-generated statistics.
Optionally, in some examples, analyzing the one or more hardware-generated statistics to
determine one or more metrics for the raw image data or the image may comprise
determining a diversity metric for the image relative to at least one previously captured image
based at least in part on the one or more hardware-generated statistics. Optionally, in some
examples, analyzing the one or more hardware-generated statistics to determine one or more
metrics for the raw image data or the image may comprise determining an image or video
quality metric for the image based at least in part on the one or more hardware-generated
statistics. Optionally, in some examples, analyzing the one or more hardware-generated
statistics to determine one or more metrics for the raw image data or the image may comprise
determining a motion saliency metric for the image based at least in part on the one or more
hardware-generated statistics.

[0016] Optionally, in some examples, the image capture device may comprise a
machine-learned regression model trained to provide a quality score. Optionally, in some
examples, determining the image or video quality metric for the image based at least in part
on the one or more hardware-generated statistics may comprise: inputting data descriptive of
the one or more hardware-generated statistics into the machine-learned regression model; and
receiving the quality score for the image as an output of the machine-learned regression
model.

[0017] Optionally, in some examples, determining the downstream operation of the

image capture device relative to the image based at least in part on the one or more metrics
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determined from the hardware-generated statistics may comprise determining, based at least
in part on the one or more metrics determined from the hardware-generated statistics, whether
to store a non-temporary copy of the image in a non-volatile memory or whether to discard a
temporary copy of the image stored in a volatile memory without storing the non-temporary
copy of the image in the non-volatile memory. Optionally, in some examples, determining
the downstream operation of the image capture device relative to the image based at least in
part on the one or more metrics determined from the hardware-generated statistics may
comprise determining whether to provide the image to an additional machine-learned model
for scene analysis based at least in part on the one or more metrics determined from the
hardware-generated statistics. Optionally, in some examples, determining the downstream
operation of the image capture device relative to the image based at least in part on the one or
more metrics determined from the hardware-generated statistics may comprise determining
whether to provide the image to a neural network for scene analysis based at least in part on
the one or more metrics determined from the hardware-generated statistics. Optionally, in
some examples, determining the downstream operation of the image capture device relative
to the image based at least in part on the one or more metrics determined from the hardware-
generated statistics may comprise determining, based at least in part on the one or more
metrics determined from the hardware-generated statistics, whether to select the image for
inclusion in a hyperlapse video or a burst video. Optionally, in some examples, determining
the downstream operation of the image capture device relative to the image based at least in
part on the one or more metrics determined from the hardware-generated statistics may
comprise determining, based at least in part on the one or more metrics determined from the
hardware-generated statistics, whether to select the image for inclusion in a curated summary
of an image collection.

[0018] Optionally, in some examples, the operations may comprise determining, based at
least in part on the one or more metrics determined from the hardware-generated statistics,
whether to capture additional images that depict a same scene as the image.

[0019] Optionally, in some examples, obtaining the one or more hardware-generated
statistics generated by the imaging hardware pipeline may comprise obtaining at least one of
auto white balance statistics, auto focus statistics, and auto focus statistics. Optionally, in
some examples, analyzing the one or more hardware-generated statistics to determine one or
more metrics for the raw image data or the image may comprise determining a temporal
similarity metric for the image relative to at least one previously captured image based at

least in part on the at least one of the auto white balance statistics, the auto focus statistics,
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and the auto focus statistics. Optionally, in some examples, determining the downstream
operation of the image capture device relative to the image based at least in part on the one or
more metrics determined from the hardware-generated statistics may comprise adjusting,
based at least in part on the temporal similarity metric determined for the image relative to
the at least one previously captured image, a frequency of usage of a neural network that
analyzes a scene depicted by the image.

[0020] Optionally, in some examples, obtaining the one or more hardware-generated
statistics generated by the imaging hardware pipeline may comprise obtaining at least one of
auto white balance statistics, auto focus statistics, and auto focus statistics. Optionally, in
some examples, analyzing the one or more hardware-generated statistics to determine one or
more metrics for the raw image data or the image may comprise: generating a frame signature
for the image based at least in part on the at least one of the auto white balance statistics, the
auto focus statistics, and the auto focus statistics; and comparing the frame signature for the
image to a plurality of existing frame signature clusters to determine a diversity metric for the
image. Optionally, in some examples, determining the downstream operation of the image
capture device relative to the image based at least in part on the one or more metrics
determined from the hardware-generated statistics may comprise making at least one save
decision or curation decision based at least in part on the diversity metric determined for the
image.

[0021] The raw image data may be or comprise digital raw image data. The image may
be or comprise a digital image.

[0022] These and other features, aspects, and advantages of various embodiments of the
present disclosure will become better understood with reference to the following description
and appended claims. The accompanying drawings, which are incorporated in and constitute
a part of this specification, illustrate example embodiments of the present disclosure and,

together with the description, serve to explain the related principles.

BRIEF DESCRIPTION OF THE DRAWINGS
[0023] Detailed discussion of embodiments directed to one of ordinary skill in the art is
set forth in the specification, which makes reference to the appended figures, in which:
[0024] Figure 1 depicts a block diagram of an example image capture device according

to example embodiments of the present disclosure.
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[0025] Figure 2 depicts a block diagram of an example system to form frame signatures
from hardware-generated statistics output by an imaging hardware pipeline according to
example embodiments of the present disclosure.

[0026] Figure 3 depicts a block diagram of an example system to control the frequency
of convolutional neural network model requests according to example embodiments of the
present disclosure.

[0027] Figure 4 depicts a block diagram of an example system to dynamically control
the frequency of convolutional neural network model requests based on a lightweight
temporal similarity metric according to example embodiments of the present disclosure.
[0028] Figure 5 depicts a block diagram of an example diversity metric analysis system
according to example embodiments of the present disclosure.

[0029] Figure 6 depicts a graphical diagram of an example binary coefficient process
according to example embodiments of the present disclosure.

[0030] Figure 7 depicts a block diagram of an example computing system according to
example embodiments of the present disclosure.

[0031] Figure 8 depicts a flow chart diagram of an example method to control an image

capture device according to example embodiments of the present disclosure.

DETAILED DESCRIPTION
[0032] Generally, the present disclosure is directed to imaging systems and associated
methods that feature intelligent use of hardware-generated statistics. In particular, an image
capture device can include an imaging hardware pipeline that generates frames of imagery.
The imaging hardware pipeline can include an image sensor that is operable to capture raw
image data and one or more hardware blocks that are operable to process the raw image data
to contribute to formation of an image. The imaging hardware pipeline can generate one or
more hardware-generated statistics based at least in part on, for example, the raw image data
captured by the image sensor or intermediate image data within the pipeline. In particular,
according to an aspect of the present disclosure, these hardware-generated statistics are
readily available with only a small amount of marginal energy expenditure and are thus very
lightweight and computationally inexpensive. As examples, hardware-generated statistics can
include auto exposure statistics, auto white balance statistics, auto focus statistics,
thumbnails, color histograms, and/or high-frequency maps. Other near-free signals such as
metadata, settings, and/or sensor data can also be used in addition to and/or derived from the

hardware-generated statistics. In addition, these statistics and other near-free signals can be
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merged and/or processed to generate or derive additional information which can be used in
addition or alternatively to direct use of the statistics.

[0033] According to another aspect of the present disclosure, the image capture device
can analyze the hardware-generated statistics to determine one or more metrics for the raw
image data or the image. In particular, the image capture device can include one or more
analyzers that implement lightweight analysis algorithms on the hardware-generated statistics
to determine the one or more metrics. Example metrics include a temporal similarity metric, a
diversity metric, an image/video quality metric, and/or a motion saliency metric. In various
implementations, the metrics can be or include vectors, two-dimensional maps, numbers,
and/or other data structures.

[0034] According to another aspect of the present disclosure, the image capture device
can determine a downstream operation of the image capture device relative to the image
based at least in part on the metrics determined from the hardware generated statistics.
Example downstream operations can include decisions about whether to save or discard the
image, whether to provide the image to additional analysis algorithms that are relatively more
computationally or energy intensive, whether to include the image in a video such as, for
example, a hyperlapse video or burst video, and/or whether to select the image for inclusion
in a curated summary (e.g., whether to select the image as a highlight image).

[0035] Thus, by performing lightweight analyses on computationally inexpensive
hardware-generated statistics in order to guide decisions regarding downstream operations of
the image capture device relative to the image, the image capture device can make such
decisions in an extremely lightweight manner (e.g., in a manner which incurs or requires
extremely low computational or energy expenditure). As such, the systems and methods
described herein can provide significant savings of computational resources (e.g., available
processing ability), energy resources (e.g., available battery power), and/or memory resources
(e.g., available memory space) while the image capture device operates over time. In
addition, reducing the computational and/or energy expenditure of the image capture device
improves the thermal performance properties of the device. Furthermore, in addition or
alternatively to the resource savings described above, the lightweight analyses on
computationally inexpensive hardware-generated statistics can also improve image quality
by, for example, communicating a measure of confidence of image quality. For example, the
communicated measure of confidence can enable save logic to detect and discard low-quality

image frames, thereby increasing the average quality of the captured imagery.
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[0036] More particularly, as described above, a primary challenge faced by the design
and use of certain forms of image capture devices (e.g., mobile image capture devices and/or
image capture devices that are able to be worn) is the resource-limited environment in which
they operate. While the present disclosure will be discussed primarily with reference to
mobile image capture devices and/or image capture devices that are able to be worn, the
systems, methods, techniques, and/or principles described herein are equally applicable to
any form of image capture device (e.g. any device that includes a camera or otherwise
captures images), any device or system that performs processing of imagery, and/or any
device or system that uses image analysis to make decisions. The present disclosure is not
limited to mobile image capture devices and/or image capture devices that are able to be
worn, but instead includes all image capture devices and/or image processing systems or
components. In one example, the technologies described herein can also be placed within an
image sensor such that the analysis is done as part of the image sensor logic.

[0037] One particular example image capture device to which the concepts of the present
disclosure are applicable is an “always-on” or “hands-free” intelligent, mobile image capture
device that is subject to certain power and thermal constraints. As one example application,
the mobile image capture device can be used to perform life logging, in which images are
captured by the mobile image capture device over a period of time to document various
events that occur during the user’s daily life. As another similar example application, the
mobile image capture device can be used to perform automatic and/or intelligent photo
capture.

[0038] In some instances, the example device described above may have a thermal
budget that is less than a certain number of milliwatts. Therefore, it may be advantageous to
limit the power consumption of the device well below this number in order to allow for better
image quality. The battery size is also important since the device should be mobile and/or
able to be worn and therefore the size of the battery is constrained. Thus, in order to allow for
long usage time while maintaining the size and weight of the device to be small, it is critical
to maintain low power consumption.

[0039] In view of the above, one aspect of the present disclosure is directed to
lightweight analyses for image and/or video analysis for image capture devices, including, for
example, resource-constrained image capture devices.

[0040] In particular, as one example, one aspect or component of certain image capture
devices (e.g., always-on intelligent devices) that significantly contributes to power and/or

computational resource consumption is the use of a scene analysis component (also referred
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to as “scene analyzer”) that analyzes a scene depicted by an image to determine how to
handle (e.g., save, transfer, highlight, etc.) the image. For example, in some instances, the
scene analyzer can include algorithmic components such as face detection, face recognition,
scene classification, and/or object recognition. These algorithm components can be
performed by neural networks such as, for example, convolutional neural networks, which
have been shown to provide very good results for these applications and have also been
recognized as state-of-the-art in terms of accuracy.

[0041] However, while there have been significant efforts to reduce the model size and
number of operations for convolutional neural networks, convolutional neural networks
typically still have higher computation requirements than other algorithmic or processing
techniques, often leading to high power consumption. Since scene analysis can have many of
such components, it is worthwhile to look at this from the point of “accuracy per joules”
perspective. Also, it is recognized that from the final generation output perspective, it may
not be critical to have the best individual component in terms of accuracy. If the marginal
benefit of having additional accuracy for one learning algorithm is small in terms of user
experience or final accuracy, then the additional accuracy gained by employing convolutional
neural networks becomes less important. In other words, there may be certain instances in
which it is desirable to develop a resource-efficient system that is good enough for the
primary purpose of the device, rather than trying to implement the absolute best possible
system in terms of accuracy.

[0042] In view of the above, according to one aspect of the present disclosure, the
systems and methods described herein can implement lightweight algorithms as a pre-
processing (or alternative processing) step for more heavyweight algorithms, including, for
example, deep learning algorithms which rely upon neural network(s) such as convolutional
neural networks. As one example, the lightweight algorithms can be used to filter out
uninteresting images without having to run more sophisticated algorithms. If the lightweight
analysis algorithm can reject a significant portion of the image frames, then sophisticated
algorithms may be reserved for only certain relatively more interesting frames.

[0043] To this end, in some implementations, an image capture device or other image
processing system can run the lightweight analysis algorithms described herein in real-time as
new frames are streamed in. In some implementations, the image capture device can buffer
and examine a history of features from the past as long as they are reasonable in size. In some

implementations, the lightweight analysis algorithms described herein may take or reject
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images based on absolute measures rather than having to view an entire video or other history
of captured images.

[0044] Thus, the present disclosure contrasts with the current paradigm for finding good
image content, which is to add detectors for certain key categories such as faces, pets, etc. In
particular, this current paradigm does not scale since it essentially purchases recall with the
currency of energy of analysis: Heavyweight algorithms may allow a device to have high
accuracy but consume large amounts of power. For power constrained devices, the power
consumption is too high to be able to run these models at all times. In contrast, the present
disclosure takes an alternative, complementary approach in which near-free signals are used
in a more intelligent way than previous approaches.

[0045] One important aspect of the lightweight analyses described herein is to use near-
free signals that are generated from sensors and/or imaging hardware (e.g., hardware-
generated statistics). In particular, typically these near-free signals such as hardware-
generated statistics are generated anyways for the purposes of performing auto exposure, auto
white balance, and/or auto focus at the image formation stage.

[0046] Example near-free signals that can be used by the lightweight analyses described
herein include metadata or settings that are freely available from the image capture
parameters. Example metadata include pipe metadata and sensor metadata. Example settings
include exposure time, analog gain, and digital gain. Additional near-free data includes
sensor data such as inertial motion unit (IMU) signals (e.g., the angular velocity described by
one or more IMUs). As one example, knowing the exposure times and ISO speed may give a
strong indication as to what lighting conditions are expected. If those data types are coupled
with histograms, then they provide even more information.

[0047] Additional example near-free signals that can be used by the lightweight analyses
described herein include statistics provided by the imaging hardware pipeline. For example,
the imaging pipeline typically generates statistics in order to perform or assist in performing
auto exposure, auto white balance, and/or auto focus (e.g., when processing the raw image
data to form an image frame). Additional example hardware-generated statistics include
thumbnails, color histograms, luma histograms, and/or high-frequency maps, which are
readily available with only a small amount of marginal energy expenditure. Auto exposure,
auto white balance, and/or auto focus statistics can include auto focus patch filter sums, auto
white balance patch pixel sums, and the like.

[0048] Additional example signals that can be used by the lightweight analyses

described herein include signals from other blocks such as, for example, Harris corners.
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Information regarding image quality, image sharpness or blurriness, image noise, image
similarity between previous frames, and/or other signals may also be obtained by further
lightweight computing. Additional signals that can be obtained through lightweight
computing include image saliency, skin detection, DoG, Harris, and/or other salient
point/region detections.

[0049] As described above, the image capture device can include one or more analyzers
that implement lightweight analysis algorithms on the hardware-generated statistics and/or
other data or signals to determine one or more metrics for captured imagery or image data.
The device can use these metric(s) to make decisions about downstream operations of the
image capture device relative to the image (e.g., whether to save/discard, further analyze,
highlight, or otherwise handle the image).

[0050] One example signal or metric that can be computed by the lightweight analyses
described herein is a temporal similarity metric. For example, the temporal similarity metric
can be determined for an image relative to at least one previously captured image based at
least in part on one or more hardware-generated statistics (e.g., auto white balance statistics,
auto focus statistics, auto focus statistics, and/or color histograms) and/or other data. In some
implementations, the temporal similarity metric can provide a measure of how quickly the
scene content is changing versus a previous frame.

[0051] In particular, in some implementations, an analyzer included in the image capture
device can create a lightweight frame signature for the image based at least in part on
hardware-generated statistics output by the imaging hardware pipeline. Thus, the temporal
similarity metric can be calculated starting from already available statistics outputted by the
hardware imaging pipeline. As a result, the temporal similarity metric can be generated with
minimal power consumption and compute latency.

[0052] To provide an example, one hardware block in the pipeline (e.g., the RAW filter)
typically generates statistics used in auto white balance and auto exposure control. The
statistics are produced already for auto white balance and auto exposure operations, so they
can be efficiently and freely reused by the analyzer for the purposes described herein. The
analyzer can compare the frame signature for the image to one or more previous frame
signatures respectively associated with one or more previously captured images to determine
the temporal similarity metric for the image.

[0053] As one example use of the temporal similarity metric, the temporal similarity
metric can be used to prevent running further analysis of an image when the image does not

significantly change from a previous image frame. Thus, temporal coherence can be exploited
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in order to save computational complexity. For example, lightweight tracking algorithms
and/or scene change detection algorithms (e.g., the temporal similarity metric) can be used to
reduce the aggregate frequency at which more computationally expensive algorithms are
used.

[0054] More particularly, while the image capture device may occasionally need to run
computationally expensive algorithms such as, for example, convolutional neural network
models, it is wasteful to run such computationally expensive algorithms frequently when the
scene content is changing slowly. One potential solution to this issue is to invoke the
computationally expensive algorithms at fixed intervals, regardless of the exact scene
content.

[0055] However, the present disclosure provides a superior technique which may be
referred to as lightweight temporal similarity for dynamic analysis control. In particular, a
controller can be used to dynamically control invocation of one or more scene analysis
algorithms including, for example, computationally expensive algorithms such as
convolutional neural networks.

[0056] To conserve power, the controller itself can be orders of magnitude more
lightweight and computationally efficient than the convolutional neural network models. This
lightweight controller can take advantage of pre-existing signals in the system, like the
imaging pipeline’s hardware-generated statistics, to efficiently calculate for each frame
captured by the image capture device. The controller can rely upon or otherwise use an
accurate measure (e.g., the temporal similarity metric) of how quickly the scene is changing.
In particular, the controller can use this measure to adjust the frequency of algorithm requests
downstream. In addition, in instances in which the image capture device is able to be worn
and the user is expected to be in motion, the controller can distinguish subtle variations due to
slight user motion from larger variations caused by actual scene transitions.

[0057] As described above, the temporal similarity metric can quantify how quickly the
scene content is changing. Based on this temporal similarity metric, the controller can adjust
the request frequency associated with one or more computationally expensive algorithms or
models included in the scene analysis engine, thereby achieving substantial savings and
computation, with little impact on the quality of the save frames.

[0058] Another example signal or metric that can be computed by the lightweight
analyses described herein is a diversity metric. For example, the diversity metric can be
determined for an image relative to at least one previously captured image based at least in

part on one or more hardware-generated statistics (e.g., auto white balance statistics, auto
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focus statistics, auto focus statistics, and/or color histograms) and/or other data. The diversity
metric can describe a diversity of image relative to a corpus of previously captured images
organized into clusters (e.g., based on scene content).

[0059] In particular, in some implementations, an analyzer included in the image capture
device can create a lightweight frame signature for the image based at least in part on
hardware-generated statistics output by the imaging hardware pipeline. For example, the
lightweight frame signature can be created based on auto white balance statistics, auto focus
statistics, auto focus statistics, and/or one or more color histograms provided for the image by
the imaging hardware pipeline. As one example, the lightweight frame signature for an image
can be created based on auto exposure patch sums.

[0060] The analyzer can compare the frame signature for the image to one or more
previous frame signatures respectively associated with one or more previously captured
images to determine the diversity metric for the image. In particular, in some
implementations of the present disclosure, previously captured and saved images can be
organized into clusters on the basis of their respective frame signatures (e.g., using
incremental K-means quantization and/or tree-structured vector quantization).

[0061] The analyzer can compare the frame signature for a newly captured image to the
existing clusters (e.g., to each cluster centroid) to determine a diversity metric for the image.
For example, if the frame signature for the newly captured image results in formation of a
new cluster or has a significant distance (e.g., greater than a threshold distance) from the
closest cluster, then the new image can be scored as novel or otherwise diverse.

[0062] As one example use of the diversity metric, the diversity metric can be used to
impact save decisions regarding image frames. For example, images that have diversity
metrics that indicate they are more novel or otherwise diverse may be preferentially treated
for saving (e.g., more likely to be saved). In such fashion, the overall diversity of the saved
imagery can be increased. Thus, in some instances, this technique can be referred to as
lightweight diversity clustering for increasing content diversity.

[0063] Another example signal or metric that can be computed by the lightweight
analyses described herein is an image/video quality metric. For example, the image/video
quality metric can be determined for an image based at least in part on one or more hardware-
generated statistics and/or other data. The image/video quality metric for an image can be
indicative of or include an auto exposure stability metric, an image blurriness metric, a noise
level metric, and/or a generic logistic image quality score. These example quality metric(s)

will be discussed in further detail below.
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[0064] As an example use, the image/video quality metric can be used to prevent
analyzing and/or saving hopelessly poor quality frames. Thus, while the actual content of the
image is important, image quality and image saliency can provide useful clues as to the
interestingness of the image content. As an example, finding out whether the scene does not
change much or whether the scene is likely to be completely out of focus or in focus can
provide useful information regarding interestingness of image content. For example, whether
the scene is lit properly or in focus are good indicators. While quality is not the only indicator
of whether the scene is save-worthy, quality can still be an effective tool to reject images that
are very likely to be thrown away. Thus, in some instances, this technique can be referred to
as lightweight image quality analysis for frame filtering and selection.

[0065] In another example, the image/video quality metric can be used for selecting
and/or saving the frames needed for a hyperlapse video as well. By selecting adequate frames
with good image quality and fewer artifacts, as indicated by the image/video quality metric,
the resulting hyperlapse video can be improved.

[0066] Another example signal or metric that can be computed by the lightweight
analyses described herein is a saliency metric such as, for example, a motion saliency metric,
an object saliency metric, and/or a face saliency metric. For example, the motion saliency
metric can be determined for an image based at least in part on one or more hardware-
generated statistics and/or other data.

[0067] As an example, a saliency metric can be used to communicate salient regions on
which further analysis should be performed, such that further analysis is not performed on
areas of low saliency such as, for example, blue sky. Thus, image saliency metrics can allow
the image capture device or other image processing system to limit the regions of the image
that are analyzed. For example, skin-tone regions may be obtained in order to reduce the
complexity of the face detection blocks.

[0068] As another example, a motion saliency metric can be indicative of the amount of
motion included within the scene depicted by an image. In some implementations, the motion
saliency metric for an image can be determined based on auto white balance and/or auto
focus statistics reentered by the imaging hardware pipeline for such image. In particular,
typically these statistics are collected by dividing the image into patches, where the statistics
are aggregated for each patch. For example, in certain existing image processing chips, the
auto white balance statistics contain the sums of raw pixel values within each patch, while the

auto focus statistics contain the sums of bandpass filtered response within each patch. In
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other words, the auto white balance and auto focus statistics can be treated as a coarse
representation of the frame.

[0069] In some implementations, for a pair of frames (e.g., every two consecutive
frames), a motion saliency metric can be computed which measures the amount of
discrepancy between local and global camera motion. For example, in some implementations,
an analyzer can compute the motion saliency metric in three steps: 1) local motion
estimation; 2) global motion estimation; and 3) motion difference computation. Local motion
estimation can include computing dense motion vectors between the two frames. Global
estimation can include estimating an affine model that describes the amount of global motion
between the two frames.

[0070] The motion saliency metric can measure the amount of discrepancy between local
and global camera motion. When there is a large local-global motion difference, it suggests
that the image capture device has observed local object motion that is different from global
motion. In some implementations, the motion saliency metric can be computed as the average
of Euclidean distances between local and global motions, divided by the mean of global
motion magnitude over the image.

[0071] As one example use of the motion saliency metric, when the motion saliency
metric is greater than a certain threshold, the image capture device can respond by capturing a
burst of frames, as the content is likely to be interesting. Over a period of time, if the image
capture device has not captured a burst of frames, the device can more aggressively look for
interesting content to capture. The motion saliency metric can be used as an important signal
to suggest that something interesting has happened and trigger image capture.

[0072] As yet another example use, the motion saliency metric can be used to perform
auto trimming of a burst. Users generally prefer moments that contain object motions.
Therefore, when the motion saliency metric goes from a lower to higher, it suggests the start
of a burst. Similarly, when motion saliency goes from high to low, it suggests the end of a
burst. Thus, in some instances, this technique can be referred to as lightweight motion
saliency metric for frame selection.

[0073] Another aspect of the present disclosure is directed to an intelligent image sensor
that internally computes lightweight analysis signals or metrics. In particular, intelligent
image sensors may combine logic, memory and sensory pixels into stacked die. Combining
logic and memory together provides the image sensor advantages in terms of power

consumption and the ability to use the image sensing data for photo curation. The use of
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lightweight analysis metrics significantly reduces the amount of energy and power
consumption used by high power consumption models.

[0074] More particularly, the intelligent image sensor can include statistics blocks that
can process the pixels as they come in. The image sensor can compute the statistics such that
those statistics can be used for things like auto exposure, auto focus, and/or auto white
balance. Thus, the image sensor statistics blocks can be computed within the intelligent
sensor itself.

[0075] In addition, those image statistics can be tailored such that they can provide
useful signals for lightweight analysis in addition to their traditional image processing
purposes. Thus, the signals that are computed for auto exposure, auto focus, and/or auto white
balance can be specifically tailored or otherwise modified for determining whether content is
salient, whether there are enough changes between the content, and/or whether there are any
image quality issues. This information can be used for various purposes, such as, for
example, save decisions, curation decisions, and/or other decisions as described herein.
[0076] Thus, the present disclosure provides image capture devices and associated
methods that feature intelligent use of hardware-generated statistics. In particular, an image
capture device can include an imaging hardware pipeline that generates one or more
hardware-generated statistics based at least in part on, for example, the raw image data
captured by the image sensor or intermediate image data within the pipeline. The image
capture device can analyze the hardware-generated statistics to determine one or more
metrics for the raw image data or the image and can determine a downstream operation of the
image capture device relative to the image based at least in part on the metrics determined
from the hardware generated statistics.

[0077] The systems and method of the present disclosure provide a number of technical
effects and benefits. As an example, by performing lightweight analyses on computationally
inexpensive hardware-generated statistics in order to guide decisions regarding downstream
operations of the image capture device relative to the image, the image capture device can
make such decisions in an extremely lightweight manner (e.g., in a manner which incurs or
requires extremely low computational or energy expenditure). As such, the systems and
methods described herein can provide significant savings of computational resources (e.g.,
available processing ability), energy resources (e.g., available battery power), and/or memory
resources (e.g., available memory space) while the image capture device operates over time.
In addition, reducing the computational and/or energy expenditure of the image capture

device improves the thermal performance properties of the device. Furthermore, in addition
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or alternatively to the resource savings described above, the lightweight analyses on
computationally inexpensive hardware-generated statistics can also improve image quality
by, for example, communicating a measure of confidence of image quality. For example, the
communicated measure of confidence can enable save logic to detect and discard poor image
frames, thereby increasing the average quality of the captured imagery.

[0078] With reference now to the Figures, example embodiments of the present
disclosure will be discussed in further detail.

[0079] Figure 1 depicts a block diagram of an example image capture device 102
according to example embodiments of the present disclosure. The image capture device 102
can include an imaging hardware pipeline 119 that generates frames of imagery 10. The
imaging hardware pipeline 119 can include an image sensor 120 that is operable to capture
raw image data. The imaging hardware pipeline 119 can also include one or more hardware
blocks 122 that are operable to process the raw image data to contribute to formation of an
image frame 10. The imaging hardware pipeline 119 can also include various other
components, blocks, and/or subsystems that contribute to formation of the image(s) 10 based
on raw image data captured by the image sensor 120. In particular, while the one or more
hardware blocks 122 contribute to formation of the image frame 10, it is not strictly necessary
that one of the hardware blocks 122 actually form the final output image frame 10. Instead, in
some implementations, the blocks 122 can simply perform intermediate processing that
contributes to formation of the image frame 10.

[0080] In some implementations, the one or more hardware blocks 122 can be included
in a specialized digital signal processor which can be referred to as an image processor.
Example hardware blocks 122 that can be included in the imaging hardware pipeline include
a RAW filter block; a bad pixel correction block; a raw denoise block; a black level (flare)
correction block; a lens shading correction block; a white balance block; a demosaicer block;
a Bayer transformation block; a demosaicing block; a color correction block; a gamma
correction block; a tone mapping block; and/or a color space convert block.

[0081] The imaging hardware pipeline 119 can also generate one or more hardware-
generated statistics 20 based at least in part on, for example, the raw image data captured by
the image sensor 120 or intermediate image data within the pipeline 119. In particular,
according to an aspect of the present disclosure, these hardware-generated statistics 20 are
readily available with only a small amount of marginal energy expenditure and are thus very
lightweight and computationally inexpensive. As examples, hardware-generated statistics 20

can include auto exposure statistics, auto white balance statistics, auto focus statistics,
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thumbnails, color histograms, and/or high-frequency maps. Other near-free signals such as
metadata, settings, and/or sensor data can also be used in addition to and/or derived from the
hardware-generated statistics.

[0082] According to another aspect of the present disclosure, the image capture device
102 can analyze the hardware-generated statistics 20 to determine one or more metrics 30 for
the raw image data or the image 10. In particular, the image capture device 102 can include
one or more analyzers 123 that implement lightweight analysis algorithms on the hardware-
generated statistics 20 to determine the one or more metrics 30. Example metrics 30 include a
temporal similarity metric, a diversity metric, an image/video quality metric, an objectness
probability metric, and/or a saliency metric such as a motion saliency metric, an object
saliency metric, and/or a face saliency metric.

[0083] According to another aspect of the present disclosure, the image capture device
102 can determine a downstream operation 40 of the image capture device 102 relative to the
image 10 based at least in part on the metrics 30 determined from the hardware generated
statistics 20. In particular, the image capture device 102 can include one or more controllers
125 that respectively determine and/or control the downstream operation(s) 40 based at least
in part on the metric(s) 30.

[0084] One example downstream operation 40 includes or is impacted by a decision
about whether to save the image 10 (e.g., by compressing and writing a non-temporary copy
of the image 10 to a non-volatile memory) or to discard the image 10 without saving the
image 10 (e.g., by discarding a temporary copy of the image 10 from a temporary image
memory buffer (e.g., volatile memory) without saving the non-temporary copy in the non-
volatile memory). Additional example downstream operations 40 can include or be impacted
by decisions regarding whether to provide the image 10 to additional analysis algorithms that
are relatively more computationally or energy intensive, whether to include the image 10 in a
video such as, for example, a hyperlapse video or burst video, and/or whether to select the
image 10 for inclusion in a curated summary (e.g., whether to select the image as a highlight
image, transfer the image to another device, etc.).

[0085] Thus, in some implementations, the image capture device 102 can implement the
lightweight algorithms (e.g. as performed by the analyzers 123 and/or controllers 125) as a
pre-processing (or alternative processing) step for more heavyweight algorithms, including,
for example, deep learning algorithms which rely upon neural network(s) such as
convolutional neural networks. As one example, the lightweight algorithms can be used to

filter out uninteresting images without having to run more sophisticated algorithms. If the
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lightweight analysis algorithm can reject a significant portion of the image frames, then
sophisticated algorithms may be reserved for only certain relatively more interesting frames.
[0086] To this end, in some implementations, the image capture device 102 can run the
lightweight analysis algorithms described herein in real-time as new frames 10 are streamed
in. In some implementations, the image capture device 102 (e.g., one or more analyzer(s) 123
and/or controller(s) 125) can buffer and examine a history of features from the past as long as
they are reasonable in size. In some implementations, the lightweight analysis algorithms
described herein may take or reject images based on absolute measures rather than having to
view an entire video or other history of captured images.

[0087] Thus, the present disclosure contrasts with the current paradigm for finding good
image content, which is to add detectors for certain key categories such as faces, pets, etc. In
particular, this current paradigm does not scale since it essentially purchases recall with the
currency of energy of analysis: Heavyweight algorithms may allow a device to have high
accuracy but consume large amounts of power. For power constrained devices, the power
consumption is too high to be able to run these models at all times. In contrast, the present
disclosure takes an alternative, complementary approach in which near-free signals are used
in a more intelligent way than previous approaches.

[0088] One important aspect of the lightweight analyses described herein is to use near-
free signals that are generated from sensors and/or imaging hardware (e.g., hardware-
generated statistics 20). In particular, typically these near-free signals such as hardware-
generated statistics 20 are generated anyways for the purposes of performing auto exposure,
auto white balance, and/or auto focus at the image formation stage.

[0089] Example near-free signals that can be used by the image capture device 102 (e.g.,
analyzer(s) 123 and/or controller(s) 125) include metadata or settings that are freely available
from the image capture parameters. Example metadata include pipe metadata and sensor
metadata. Example settings include exposure time, analog gain, and digital gain. Additional
near-free data includes sensor data such as inertial motion unit (IMU) signals (e.g., the
angular velocity described by one or more IMUs). As one example, knowing the exposure
times and ISO speed may give a strong indication as to what lighting conditions are expected.
If those data types are coupled with histograms, then they provide even more information.
[0090] Additional example near-free signals that can be used by the image capture
device 102 (e.g., analyzer(s) 123 and/or controller(s) 125) include statistics 20 provided by
the imaging hardware pipeline. For example, the imaging pipeline 119 typically generates

statistics 20 in order to perform or assist in performing auto exposure, auto white balance,
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and/or auto focus (e.g., when processing the raw image data to form an image frame).
Additional example hardware-generated statistics 20 include thumbnails, color histograms,
luma histograms, and/or high-frequency maps, which are readily available with only a small
amount of marginal energy expenditure. Auto exposure, auto white balance, and/or auto
focus statistics 20 can include auto focus patch filter sums, auto white balance patch pixel
sums, and the like.

[0091] Additional example signals that can be used by the image capture device 102
(e.g., analyzer(s) 123 and/or controller(s) 125) include signals from other blocks such as, for
example, Harris corners. Information regarding image quality, image sharpness or blurriness,
image noise, image similarity, image similarity between previous frames, and/or other signals
may also be obtained by further lightweight computing. Additional signals that can be
obtained through lightweight computing include image saliency, skin detection, DoG, Harris,
and/or other salient point/region detections.

[0092] As described above, the image capture device 102 can include one or more
analyzers 123 that implement lightweight analysis algorithms on the hardware-generated
statistics 20 and/or other data or signals to determine one or more metrics 30 for captured
imagery or image data. The device 120 (e.g., analyzers 123 and/or controllers 125) can use
these metric(s) 30 to make decisions about downstream operations 40 of the image capture
device relative to the image (e.g., whether to save/discard, further analyze, highlight, or
otherwise handle the image).

[0093] By performing lightweight analyses on computationally inexpensive hardware-
generated statistics 20 in order to guide decisions regarding downstream operations 40 of the
image capture device 102 relative to the image 10, the image capture device 102 can make
such decisions in an extremely lightweight manner (e.g., in a manner which incurs or requires
extremely low computational or energy expenditure). As such, the image capture device 102
can provide significant savings of computational resources (e.g., available processing ability),
energy resources (e.g., available battery power), and/or memory resources (e.g., available
memory space) while the image capture device 102 operates over time. In addition, reducing
the computational and/or energy expenditure of the image capture device 102 improves the
thermal performance properties of the device 102. Furthermore, in addition or alternatively to
the resource savings described above, the lightweight analyses on computationally
inexpensive hardware-generated statistics 20 can also improve image quality by, for example,

communicating a measure of confidence of image quality. For example, the communicated
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measure of confidence can enable save logic to detect and discard poor image frames, thereby
increasing the average quality of the captured imagery.

[0094] One example signal or metric 30 that can be computed by an analyzer 123 is a
temporal similarity metric. For example, the temporal similarity metric can be determined for
an image 10 relative to at least one previously captured image based at least in part on one or
more hardware-generated statistics 20 (e.g., auto white balance statistics, auto focus statistics,
auto focus statistics, and/or color histograms) and/or other data. In some implementations, the
temporal similarity metric can provide a measure of how quickly the scene content is
changing versus a previous frame.

[0095] In particular, in some implementations, an analyzer 123 included in the image
capture device 102 can create a lightweight frame signature for each image 10 based at least
in part on hardware-generated statistics 20 output by the imaging hardware pipeline 119.
Thus, the temporal similarity metric can be calculated starting from already available
statistics outputted by the hardware imaging pipeline 119. As a result, the temporal similarity
metric can be generated with minimal power consumption and compute latency.

[0096] To provide an example, one hardware block 122 in the pipeline 119 (e.g., the
RAW filter) typically generates statistics 20 used in auto white balance and auto exposure
control. The statistics 20 are produced already for auto white balance and auto exposure
operations, so they can be efficiently and freely reused by the analyzer 123 for the purposes
described herein. The analyzer 123 can compare the frame signature for the image 10 to one
or more previous frame signatures respectively associated with one or more previously
captured images to determine the temporal similarity metric for the image 10.

[0097] In some implementations, the analyzer 123 can create the lightweight frame
signature for the image 10 based at least in part on one or more hardware-generated color
histograms provided for the image by the imaging hardware pipeline 119 (e.g., a red
histogram, a blue histogram, and/or green histogram).

[0098] Such use of hardware-generated color histograms provided for the image by the
imaging hardware pipeline 119 contrasts with certain existing techniques which explicitly
compute the color histograms for an image from the fully processed image frame — after auto
white balance, color correction, gamma correction, tone mapping, and/or JPEG compression
have been performed.

[0099] By contrast, implementations of the present disclosure directly utilize the color
histograms outputted already by the imaging hardware pipeline for a pre-processed RAW

image, so no additional computation is required to obtain the histogram.
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[0100] Alternatively or additionally to use of the color histograms, in some
implementations, the analyzer 123 can create the lightweight frame signature for the image
10 based at least in part on auto white balance statistics, auto focus statistics, and/or auto
focus statistics provided for the image 10 by the imaging hardware pipeline 119. In some
instances, these statistics can be collectively referred to as “3A statistics”. As one example,
the lightweight frame signature for an image can be created based on patch sums from the 3A
statistics (e.g., auto exposure patch sums).

[0101] More particularly, in some implementations, one of the hardware-generated
statistics 20 is a set of histograms for the red (R), green (G ), and blue (B) color channels of
an image frame 10. Each channel ¢ in {R, G, B} yields an N-bin histogram (e.g., N = 128).
Let this histogram for channel ¢ be denoted as H.[i](i = 0,, N — 1), where H,[i] counts how
many pixels in channel ¢ of the frame have the value i.

[0102] In some implementations, from the original hardware-generated histogram H.[{],
the analyzer 123 can apply a power law regularization to reduce the effects of peaky

components: Hcp [i] = H.[i]*. The exponent alpha can typically lie in the range (0, 1). Values

closer to 0 reduce the relative importance of peaky components more aggressively. Power-
law-regularized histogram can form an intermediate version of the lightweight frame
signature for an image 10.

[0103] The benefits of reducing the relative influence of peaky components in the
histogram were observed in a frame matching experiment. In the experiment, 250,000 frame
pairs were taken which were visually judged be matching and 250,000 frame pairs were taken
which were visually judged be nonmatching. The distances between every matching pair’s
frame signatures and every nonmatching pair’s frame signatures were calculated. Next, a
receiving operating characteristic of the true positive rate versus the false positive rate was
evaluated. It was observed that by applying a power-law-regularization, the receiver
operating characteristic of the frame signature could be noticeably improved.

[0104] In addition, in some instances, the stream of image frames can have different
resolutions. For example, a particular image capture device may support full-resolution (e.g.,
4000x3000), mid-resolution (e.g., 2000x1500), and/or low-resolution (e.g., 1332x1000)

frames in the same stream. As a result, the counts in the histogram H, cp Can be quite different

between high-resolution, mid-resolution, and low-resolution frames. This makes it difficult to

directly compare histograms from two frames of different resolutions.
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[0105] As a solution to this issue, in some implementations, the power-law-regularized
histograms can be subsequently normalized to have a unit sum of one, so that the signature
can be regarded as a probability mass function (PMF). During the normalization, additive
smoothing can be applied to reduce quantization effects. The PMF can be given by the

following, where 8 is an additive prior.

N-—
PMFIi] = 1+B)/I z ]+ NB]

[0106] As a result of the above normalization, even if two frames have different
resolutions, their PMFs are directly comparable.

[0107] As one example, Figure 2 illustrates two image frames 202 and 252. A RAW
filter 222 outputs RGB histograms 204 and 254 respectively for the images 202 and 252. A
frame signature generator 224 generates frame signatures respectively for each image 202
and 252 based on the respective RGB histograms 204 and 254. In particular, the frame
signature generator 224 generates a PMF 206 for the image 202 and a PMF 256 for the image
252.

[0108] Although Figure 2 illustrates the use of RGB histograms 204 and 524 to generate
the frame signatures 206 and 256, in some implementations, alternatively or additionally to
use of the color histograms, 3A statistics can be used to generate the frame signatures 206
and 256. For example, a same or similar process as illustrated in Figure 2 can be applied to
the 3A statistics in addition or alternatively to the RGB histograms 204 and 254. In one
particular example, the lightweight frame signatures 206 and 256 can be created based on
patch sums from the 3A statistics (e.g., auto exposure patch sums).

[0109] Referring again to Figure 1, the analyzer 123 can determine the temporal
similarity metric 30 based on the frame signature for an image 10 relative to at least one
previously captured image (e.g., the most recently previously captured image). In some
implementations, to determine the temporal similarity metric 30 based on the frame
signatures, the analyzer 123 can quantify a relative distance between the two frames’ frame
signatures and, in particular, between their respective PMFs. Let PMF; and PMF, denote the
PMFs of frames 1 and 2, respectively. Then, one or more of a variety of distance metrics can
be employed, including one or more of the following distance metrics, which can be
computed very efficiently:

[0110] L1 Distance:
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N-1
D(PMF,, PMF,) = z:{PMF1 [j/1 — PMF,[j1}
j=0
[0111] L2 Distance:
N-1
D(PMF,, PME;) = sqre( ) ((PMF[j] = PME[j1)?)
j=0
[0112] Hellinger Distance:
N-1
D(PMF,, PME,) = sqre( ) ([sqrt(PM[JD) — sqrt(PME,[/DI)/5qrt(2)
j=0
[0113] As indicated above, the temporal similarity metric should be efficient to calculate

in order to be used for power conservation. An experiment using an example intelligent
mobile image capture device demonstrated that the temporal similarity metric (e.g., both
frame signature formation and distance calculation portions combined) can be computed in
around 1 millisecond on a single LEON OS core. By comparison, the example convolutional
neural network-based scene analysis models utilized by the same device require around 60-
100 milliseconds per invocation.

[0114] In view of the above, as one example use of the temporal similarity metric, the
temporal similarity metric can be used to prevent running further analysis of an image when
the image does not significantly change from a previous image frame. More particularly, the
temporal similarity metric can be used to dynamically adjust usage of a relatively more
computationally expensive algorithm such as, for example, use of a convolutional neural
network model or other scene analysis components.

[0115] In particular, in some implementations, the image capture device can include a
shot controller that decides which frames are saved (e.g., non-temporarily saved). In some
implementations, the shot controller can make these frame saving decisions by issuing
convolutional neural network-based analyses on the frames, including invoking models for
face detection, face attributes, face signatures, and/or image content. How often each model
is invoked is decided by the shot controller’s analysis policy evaluator. This policy evaluator
takes as input an analysis policy, which specifies a minimum analysis interval T,;,, and a
maximum analysis interval T, for a given convolutional neural network model. For
example, if [Trnin, Tmax] =[500,1000] milliseconds for face detection, then the analysis
policy evaluator will ensure that the face detection model is run at least once every 1000

milliseconds and at most once every 500 milliseconds.
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[0116] Thus, one potential technique for controlling invocation of models (e.g., CNN-
based scene analysis models) is to fix a default analysis policy evaluator at a fixed interval
between the min and max intervals for each model. As an example, Figure 3 depicts a block
diagram of an example system to control the frequency of convolutional neural network
model requests according to example embodiments of the present disclosure. The system
includes a shot controller 304. The shot controller 304 includes an analysis policy evaluator
302 that provides an instantaneous analysis interval 308 for each of a number of different
scene analysis components through evaluation of an analysis policy.

[0117] However, the system and technique illustrated in Figure 3 ignores how quickly
the scene content is changing. Therefore, according to an aspect of the present disclosure, in
some implementations, the image capture device can use the lightweight temporal similarity
metric to set an instantaneous interval T = Wyin (t) Trnin + (1 — Winin (€)) Tinax at the current
time t. The weight wy,;,(t) can be dynamically adjusted based on recent measurements of
the temporal similarity metric before time t.

[0118] As an example of this concept, Figure 4 depicts a block diagram of an example
system to dynamically control the frequency of convolutional neural network model requests
based on a lightweight temporal similarity metric according to example embodiments of the
present disclosure. The system illustrated in Figure 4 includes a lightweight temporal
analyzer 402. The analyzer 402 determines a temporal similarity metric for an image (e.g.,
through distance comparison of frame signatures of consecutive or near-consecutive images)
and adjusts a weight based on such temporal similarity metric. By adjusting the weight, the
analyzer 402 can adjust the instantaneous analysis interval 308 provided by the analysis

policy evaluator 306 of the shot controller 304.

[0119] The following are some example techniques that can be used for setting the value
of Winin (t) .
[0120] Time since last major scene transition: Select a reference frame at time ty;4ps.

Compare another frame at time £,¢er in terms of the PMF distance metric

D(PM Fiooone PMF; ) If D(PMthnS, PMFtomer) exceeds some threshold, reset ty s tO

other

Lother to mark the time of the latest major scene transition. Then, at the current time ¢, set the
weight Wipin () in the dynamic policy evaluation as:

- |t - ttransl
timegecay

)

Wmin(t) = exp(
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where the timeg,cq, factor controls how quickly the weight wyyn (t) decays. As more time
elapses since the last transition time ty-qns, Wmin(t) decreases towards 0 and w4 (t) = 1 —
Whin(t) increases towards 1. This lengthens the analysis interval when the scene content is
changing slowly, and shortens the analysis interval when the scene content is changing
quickly.

[0121] Number of major scene transitions in recent history: As before, when the PMF
distance metric D(PMFttrans’ PMFtomer) exceeds a threshold, regard this as a sign of a major

scene transition. Count the number of such transitions N¢,,,s Which have occurred in the last
Twindow Seconds. Then, set the weight wy,;, (t) in the dynamic policy evaluation as:

Ntrans
Whin(£) =1 —exp <_W
ecay

[0122] When Nipgns = 0 (e.g., no transitions recently), Wyin (t) = 0 and w4 (t) = 1 —
Whin(t) = 1, which results in lengthening the analysis interval to the max allowable value.
Conversely, when Ny, increases (e.g., more transitions recently), then wy,, (t) increases
towards 1 and wp,, (t) decreases towards 0. The count ., factor operates in a similar
manner to the timeg,, factor.

[0123] Thus, the temporal similarity metric can be integrated into a shot controller of the
image capture device. Measurements on prerecorded videos have demonstrated a reduction in
face attributes and face detection calculations by 83% and 24%, respectively, while incurring
less than 1% change in precision/recall of labeled desirable moments. Other experiments
have demonstrated a reduction in image content model and face attributes calculations by
67% and 46%, respectively, while incurring less than 1% change in precision/recall of
desirable moments. Thus, the dynamic control based on the temporal similarly metric
provides significant resource savings with very little loss of accuracy.

[0124] In addition, any system or product that occasionally runs relatively higher
computationally expensive models (e.g., convolutional neural networks) on a stream of
frames can benefit from the lightweight temporal similarity metric. This can include any
camera-equipped mobile device running any CNN-based scene analysis or object detection
algorithms. The temporal similarly metric leverages hardware-generated statistics typically
generated already for auto white balance and auto exposure which are widely available on
most cameras. The frame signatures are very efficient to calculate on a general purpose CPU.

In some implementations, determinations regarding scene transitions are generic and not

27



WO 2019/022798 PCT/US2018/027061

specific to any particular scene content. Thus, the temporal similarity metric is widely
applicable to many devices and scenarios, including existing devices.

[0125] Referring again to Figure 1, another example signal or metric that can be
computed by the lightweight analyses described herein is a diversity metric. For example, the
diversity metric can be determined for an image 10 relative to at least one previously
captured image based at least in part on one or more hardware-generated statistics 20 (e.g.,

3 A statistics and/or color histograms) and/or other data. The diversity metric can describe a
diversity of the image relative to a corpus of previously captured images organized into
clusters (e.g., based on scene content).

[0126] In particular, in some implementations, an analyzer 123 included in the image
capture device 102 can create a lightweight frame signature for the image 10 based at least in
part on hardware-generated statistics 20 output by the imaging hardware pipeline 119. For
example, the lightweight frame signature can be created based on 3 A statistics (e.g., auto
exposure patch sums) and/or one or more color histograms provided for the image 10 by the
imaging hardware pipeline 119.

[0127] The analyzer 123 can compare the frame signature for the image 10 to one or
more previous frame signatures respectively associated with one or more previously captured
images to determine the diversity metric for the image 10. In particular, in some
implementations of the present disclosure, previously captured and saved images can be
organized into clusters on the basis of their respective frame signatures (e.g., using
incremental K-means quantization and/or tree-structured vector quantization).

[0128] The analyzer 123 can compare the frame signature for a newly captured image 10
to the existing clusters (e.g., to each cluster centroid) to determine a diversity metric for the
image. For example, if the frame signature for the newly captured image 10 results in
formation of a new cluster or has a significant distance (e.g., greater than a threshold
distance) from the closest cluster, then the new image 10 can be scored as novel or otherwise
diverse.

[0129] As one example use of the diversity metric, the diversity metric can be used to
impact save decisions regarding image frames. For example, images that have diversity
metrics that indicate they are more novel or otherwise diverse may be preferentially treated
for saving (e.g., more likely to be saved). In such fashion, the overall diversity of the saved
imagery can be increased. Thus, in some instances, this technique can be referred to as

lightweight diversity clustering for increasing content diversity.
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[0130] As one example, Figure 5 depicts a block diagram of an example diversity metric
analysis system according to example embodiments of the present disclosure. In an example,
the system depicted in Figure 5 can be included in an analyzer 123.

[0131] The system of Figure 5 includes an online clusterer 502, a frame signature
generator 506, and a similarity calculator 508. The online clusterer 502 includes a clusters
updater 510. The system generates a diversity signal or metric 512 for an image based at least
in part on hardware-generated statistics 504 associated with the image frame.

[0132] More particularly, in some implementations, one of the hardware-generated
statistics 504 is a set of histograms for the red (R), green (G), and blue (B) color channels of a
frame, which, in some instances, were designed originally for auto white balance (AWB) and
auto exposure (AE) control.

[0133] First, consider a global histogram which aggregates statistics from across the
entire frame. Each channel c in {R, G, B} yields an N-bin histogram (e.g., N = 128). Let this
histogram for channel ¢ be denoted as H.[i](i = 0,, N — 1), where H.[i{] counts how many
pixels in channel c of the frame have the value i.

[0134] Alternatively, consider a local histogram which aggregates statistics separately in
T different non-overlapping tiles of a frame. Within tile ¢, we form the local histogram for
channel ¢ as H, [i] (i = 0,, N — 1), where H,_[i] counts how many pixels of tile t in
channel ¢ have value i. Because the techniques described herein work for both global and
local histograms, hereafter the operations are only described as applied to a global histogram,
with the understanding that the same technique applies equally well to a set of local
histograms.

[0135] The frame signature generator 506 can generate a frame signature for the image
based at least in part on the hardware-generated statistics 504. As an example, in some
implementations, from the original histogram H_[i], a power law regularization can be
applied to reduce the effects of peaky components: Hc, [i] = H_[i]*. Here, the exponent alpha
typically lies in the range (0, 1). Values closer to O reduce the relative importance of peaky
components more aggressively.

[0136] In some implementations, a more compact frame signature can be created
through the following example process. The power law regularized histogram

[Hredp, ngeenp, H bluep], which is a 3N-dimensional vector of numbers, can already be used

for clustering. However, since the memory usage and computational costs of maintaining the
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online clusters is proportional to the frame signature’s number of dimensions, the number of
dimensions can be reduced to conserve memory and computation.
[0137] As such, in some implementations, a special form of principal component
analysis (PCA) can be applied to reduce the signature dimensionality. Specifically, the PCA
transform’s parameters can themselves be made to be memory efficient, to avoid having to
store a large model on a device with limited memory.
[0138] First, the PCA model can be trained by (1) estimating the mean signature
amongst a set of training signatures, (2) subtracting the mean signature from every training
signature, (3) forming the covariance matrix from the set of mean-subtracted training
signatures, (4) calculating the eigenvectors of this covariance matrix, and (5) keeping only
the 128 eigenvectors with the largest eigenvalues.
[0139] Next, the PCA model can be converted into a memory-efficient representation by
binarizing the eigenvectors into +1 or -1 based on the sign. Let E[j][i] (i = 0,,3N — 1)
represent the jth eigenvector of the covariance matrix. Then, the jth binary eigenvector
B[jl[i] = sign(E[j][i]) (i = 0,,3N —1). The binary representation actually enables
encoding of any 32 PCA coefficients into a single 32-bit integer in memory, which reduces
the memory usage compared to the original floating point PCA by 32 times. The binary PCA
model also enables calculation of the inner products between the PCA eigenvectors and new
frame signatures by simple additions and subtractions alone without multiplications. The
binary PCA transform can be stored in ~6 KB of memory, whereas the non-binary PCA
transform requires ~192 KB. An example illustration of the binarization process is provided
in Figure 6.
[0140] With the binary PCA model, the new frame signature is computed as F[j] (j =
0,,127) where the jth coefficient F[] is the inner product between the RGB histogram

[Hredp, H greeny H bluep] and the jth binary eigenvector B[j]. The vector F can be further

normalized to have unit Euclidean magnitude.

[0141] In some implementations, alternatively or additionally to use of the color
histograms, 3 A statistics can be used by the frame signature generator 506 to generate the
frame signatures. For example, a same or similar process as described above can be applied
to the 3 A statistics in addition or alternatively to the RGB histograms. In one particular
example, the frame signature generator 506 can generate the lightweight frame signatures

based on patch sums from the 3 A statistics (e.g., auto exposure patch sums).
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[0142] Referring still to Figure 5, in some implementations, the online clusterer 502 can
form and/or update online clusters for a sequence of frame signatures. The similarity
calculator 508 can determine a distance or other similarity metric between given pair(s) of
frame signatures.

[0143] In some implementations, prior to clustering, the sequence of signatures can be
temporally smoothed using a low-pass, causal filter. For example, the filter can be as follows:
smoothed_signature[t] = smoothing_weight * smoothed_signature[t — 1] + (1 —
smoothing_weight) * new_signature[t]. Here, the smoothing_weight is a bilateral
weight that depends on (a) the difference between the previous signature and the current
signature’s timestamps and/or (b) the Euclidean distance between the previous signature and
the current signature. When the timestamp difference or the Euclidean distance increases, the
weight decreases toward 0. The weight is maximal at value 1 when the timestamp difference
and Euclidean distance are both 0. Temporal smoothing helps reduces noise that naturally
exists in the hardware imaging statistics by exploiting the temporal correlation between
neighboring frames.

[0144] After temporal smoothing of the input signature sequence, the core online
clustering algorithm can take different implementations, including the following examples.
[0145] Incremental K-means Quantizer:

[0146] Process the sequence of frames in batches. When the current batch size Npg¢cp
reaches a certain threshold (e.g., Np4ecn= a few hundred), compute the mean M of all the
frame signatures in the batch. Find the closest cluster centroid C to Mp,¢cn, Where closeness
can be measured in terms of Euclidean distance between the vectors My .., and C. Let N(C)
be the number of frame signatures previously assigned to the cluster for centroid C. If
distance(My¢cn, C) 1s below a threshold Ty;,,, merge the batch with the cluster by updating
C = Nparen/(N(C) + Npaeen) * Mpgeen + N(C)/(N(C) + Npgeen) * C and N(C) :=

N(C) + Npgecn. Otherwise, if distance(Mpgecn, C) 1s above a threshold T4, create a new
cluster with My ;. as the new centroid.

[0147] Tree-structured Vector Quantizer:

[0148] The cluster centroids are maintained as the numbers of a multilevel tree. When a
new frame signature F arrives, propagate the signature down the tree with a greedy search
algorithm. Upon reaching a leaf node, consider the distance between the leaf node C and the
frame signature F. If distance(F, C) is below a threshold T, update the leaf node as

C:=1/(N(C)+1)«F+ N(C)/(N(C) + 1) * C and the corresponding counter as
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N(C) := N(C) + 1. Otherwise, if distance(F, C) is above a threshold T;,;, attach the
frame signature F as a new child node of C.

[0149] In some implementations, a novelty score can be generated according to the
following example process. For a given set of K online cluster centroids {C[1], C[2],, C[K]},
a novelty score for a new frame signature F' can be computed in different ways, including the
following examples.

[0150] New Cluster Formation:

[0151] If the frame signature F results in the formation of a new cluster centroid, assign
a score of Novelty(F) = 1 to the frame. Otherwise, assign a score of Novelty(F) = 0. The
formation of a new cluster implies the new frame looks different than previously observed
frames, so its novelty should be rewarded by giving a positive score. Conversely, if a new
cluster is not formed, it implies the new frame looks similar to previous frames and should
not be rewarded in terms of novelty.

[0152] Distance to Closest Cluster:

[0153] Alternatively, consider the distance between the frame signature F and the closest
cluster centroid C. Form the novelty score as Novelty(F) = 1 — exp(distance(F,C)/
decayrqactor)- When the distance is small, it implies the frame looks similar to previously
observed frames, and the novelty score is close to 0. Oppositely, if the distance is large, it

implies the frame looks dissimilar from previously observed frames, and the novelty score is

close to 1.

[0154] The novelty score assigned to an image can be used as the diversity metric for the
image.

[0155] Referring again to Figure 1, as one example downstream operation 40, a

controller 125 can use the novelty score/diversity metric 30 to decide when to save a new
image (e.g., a new burst of frames). As an example, in some implementations, the controller
125 can incorporate the novelty score for frame F into a weighted sum with other quality and
saliency scores, such as the following example: Score(F) = alpha x Face_Quality(F) +
beta * Content_Saliency(F) + gamma * Novelty(F). Here, alpha, beta, and gamma are
some positive constants which control the relative contributions of the face quality (e.g., how
much a person is smiling), content saliency (e.g., how likely the frame shows some
interesting objects), and novelty components in the weighted sum. When Score(F) exceeds a
threshold, the controller 125 can decide to save the frame or burst of frames. Without the

novelty term in the weighted sum, frames or bursts of frames would be saved if the face
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quality and content saliency score is high. However, with the inclusion of the novelty term,
the probability of saving frames when their novelty factor is high can be increased, as long as
the frames also contribute some minimal face quality and content saliency factors.

[0156] The novelty term can also be used for submodular optimization in the curation
stage, where a certain number (e.g., 20) of the best images or bursts of images are selected
out of all available saved images to show the user. For example, each burst B can be scored
in terms of a weighted sum

Score(B) = alpha * Face_Quality(B) + beta x Content_Saliency(B) + gamma *
Novelty(B), where the constant multipliers alpha, beta, and gamma are generally different
from the aforementioned constants used for selecting which bursts to save. By incorporating
Novelty(B) into the optimization, a set of bursts can be naturally selected where the
elements look different from each other. This helps avoid selecting all the bursts from a
single scene where face quality and content saliency may be higher. Given that some bursts
already cover a scene, the marginal value of showing more bursts from the same scene
diminishes. Then, it is actually a better use of the budget (transmission time, device storage,
etc.) to show some bursts from completely different scenes spanning the user’s entire
experience.

[0157] Thus, as example uses, on an intelligent mobile image capture device, the
lightweight content diversity metric can be used to improve both (1) online burst saving, by
giving more emphasis to not well-understood but interesting content that was not saved
before and (2) offline burst curation, by increasing the overall diversity amongst the final set
presented to the user. Beyond this particular example context, any system or product that
needs to increase diversity among a set of images or videos can benefit from the diversity
technique described herein. This can include any camera-equipped mobile device running any
scene analysis and frame selection. Hardware-generated statistics that are typically generated
already for auto white balance and auto exposure are leveraged and should be widely
available on most cameras. The frame signatures and derived score functions are very
efficient to calculate on a general purpose CPU. The technique is also not tied to any object
model and should work generically in any scene.

[0158] Referring still to Figure 1, another example signal or metric 30 that can be
computed by the lightweight analyses described herein is an image/video quality metric. In
particular, an analyzer 123 can determine the image quality metric based at least in part on a

number of different features and/or statistics 20. Example features and statistics 20 that can
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be used to compute an image quality metric for an image include: RGB color histograms,
luma histogram(s), auto white balance statistics, auto focus statistics, and/or auto exposure
statistics. Typically these statistics 20 are available from the hardware blocks 122 in the
imaging pipeline 119.

[0159] Additional example features that can be used to compute the image quality metric
include imaging pipeline settings, including exposure time, analog gain and digital gain. The
exposure time is the length of time that the camera sensor is exposed to light. The analog and
digital gains are computed by an auto exposure algorithm to adjust the brightness of an
image, such that it matches to an expected level of brightness.

[0160] Additional example features that can be used to compute the image quality metric
include camera motion, which may be provided by data from one or more inertial
measurement units (IMUs). More specifically, in some implementations, the angular velocity
can be used for the image quality metric.

[0161] In some implementations, the image quality can be characterized by one or more
different signals, including, for example: 1) auto exposure stability; 2) image blurriness; 3)
noise level; and/or 4) a generic logistic image quality score correlated with over/under
exposure, low contrast, and/or hand blockage.

[0162] 1) Auto exposure stability signal: Auto exposure instability is likely to happen
when there is a change of capture frame rate. This leads to undesirable brightness fluctuations
of video frames. To detect frames that have unstable auto exposure and subsequently filter
them out, the present disclosure provides three example techniques: 1) The luma histogram of
a current frame can be compared to that of the previous frame. If the sum of differences
between the two luma histograms exceeds a certain threshold, the frame is declared as an auto
exposure unstable frame. 2) The logistic image quality score (described in further detail
below) of the current frame is compared to that of the previous frame. If the logistic image
quality score difference exceeds a certain margin, the frame is declared as an auto exposure
unstable frame. 3) After applying auto exposure, the brightness of the current frame is
compared to that of the previous frame. If the percentage of brightness change exceeds a
certain threshold, the frame is declared as having unstable auto exposure.

[0163] 2) Image blurriness signal: For an image capture device that is mobile or able to
be worn, image blur is often caused by motion of the device. In some implementations, the
following can be used to compute the amount of camera motion during frame capture and
characterize the image blurriness:

Blurriness = Exposure time x IMU angular velocity
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[0164] 3) Level of noise: Image noise is heavily correlated with the total gain applied to
the image. As such, the total gain can be used as a measure of noise level. For example, noise
level can be calculated as follows:

Noise level = Analog gain x Digital gain
[0165] 4) Logistic image quality score: For each frame, an image quality score can be
computed by logistic regression. The RGB histogram, luma histogram, auto white balance
statistics, and/or auto focus statistics can be collected from the hardware block. In the interest
of fast computation and to avoid model overfitting, these hardware features can be
summarized into a set of statistics, including percentiles at 25%, 50% and 75%, percentage of
oversaturated and under-saturated pixels, entropy, inter quartile range, standard deviation,
skewness, and/or kurtosis. These summary statistics are fed to a pre-trained logistic
regression model to estimate the image quality of the frame.
[0166] The aforementioned techniques provide a lightweight approach in computing a
set of image quality metrics at extremely low computational cost. A central idea to the
present disclosure is the use of the readily available hardware statistics, imaging pipeline
settings, and readings collected from other sensors like IMU. Conventionally, imaging
pipeline statistics and settings are used for processing image sensor raw data to generate
better looking images, while the IMU data is used to measure device acceleration and
orientation. These features have not been utilized for computing image quality, since prior
works on image quality analysis focus on inferring image quality from the images
themselves, rather than using cheap features from hardware statistics, imaging pipeline
settings, and IMU.
[0167] Another interesting aspect of the present disclosure is the use of a lightweight
algorithm before more heavy weight machine intelligence algorithms. The lightweight
algorithm is used as a gateway to prevent the system from wasting power and computation on

poor image quality frames that are hopeless.

[0168] As examples, two alternative example implementations of these concepts are as
follows.
[0169] 1) One example implementation of the image quality estimation algorithm is

based on the Movidius Myriad 2 series image processor. For other kinds of image processors,
a different set of hardware statistics may be provided. Thus, it is feasible to retrain the logistic
regression model using other types of statistics from the imaging pipeline.

[0170] 2) Another example implementation of the generic image quality score is based

on logistic regression, which is trained using binary good/bad image labels. Other machine
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learning methods may be used. For example, when image quality scores are labeled on a set
of images, one can train linear regression model instead of the logistic regression model as
used in our implementation.

[0171] Example uses of the image quality metrics 30 by one or more controllers 125
include the following:

[0172] 1) Rejecting unstable exposure frames: As an example, in a low-power state, an
example intelligent mobile image capture device can capture one frame per second to save
power. When interesting content like faces, pets, or landmarks is detected, the frame rate is
increased to 15 frames per second to record a burst of images. Changing the frame rate causes
auto exposure instability, resulting in fluctuations in the brightness level for the first few
frames of the burst. To resolve this issue, a controller 125 can use the proposed auto exposure
stability signal to exclude the frames that have fluctuating exposure from being included in a
burst video generated from the burst of images.

[0173] 2) Rejecting poor image quality frames: For each frame, a controller 125 can
combine all the image quality metrics to judge whether the frame is worth keeping for further
image analysis. Only those frames that yield reasonable image quality are then passed on to
more computationally intensive machine intelligence tasks such as face detection and object
detection.

[0174] 3) Improving hyperlapse frame selection: During hyperlapse, a controller 125
selects one frame out of several frames for inclusion in a video summary of an event such as
walking and biking. Conventionally, hyperlapse considers camera motion (e.g., as indicated
by IMU data) over time and select frames that give a smooth motion trajectory. Some
researchers also consider image quality metrics such as motion blur estimated from the actual
image itself. However, different from these methods, the present disclosure incorporates the
image quality metrics described above (which are computed from readily available imaging
pipeline settings, hardware-generated statistics, and IMU reading) to improve hyperlapse
frame selection. Example techniques by which these image quality metrics can be used
include: 1) The image blurriness signal can be used to penalize frames that have high
blurriness; 2) The auto exposure stability can be employed to select frames that have
consistent exposure values. For example, the logistic image quality score can be used to
compute auto exposure stability.

[0175] As an example, the image quality metrics can be used in on on-device machine

intelligence, including smartphones, wearables, and smart appliances (such as surveillance
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camera). As another example, for any device that involves machine intelligence for image
analysis, the image quality metrics can be used for frame filtering or frame selection.

[0176] Referring still to Figure 1, another example metric 30 that can be calculated by
the analyzers 123 is a motion saliency metric. In particular, an analyzer 123 can determine
the motion saliency metric based on one or more input features.

[0177] An important aspect that makes the motion saliency algorithm described herein
ultra-lightweight is the utilization of features directly coming from the imaging hardware
pipeline 119. In almost all cameras, auto white balance statistics and auto focus statistics are
collected, which allow the camera to perform auto white balance and auto focus.

[0178] Typically, these statistics are collected by dividing the image into patches, where
the statistics are aggregated for each patch. For example, in the Movidius Myriad 2 chip, the
auto white balance statistics contain the sums of raw pixel values within each patch, while the
auto focus statistics contain the sums of bandpass filtered response within each patch. In
other words, the auto white balance and auto focus statistics can be treated as a coarse
representation of the frame.

[0179] In some implementations, to make auto white balance statistics more robust
towards camera exposure settings, the auto white balance statistics can be optionally
normalized by dividing the product of exposure time and gain. This normalization step makes
the auto white balance statistics invariant to the camera exposure changes between frames.
[0180] In some implementations, in the interest of computation efficiency, only the auto
white balance statistics are used to compute the motion saliency. However, in other
implementations, auto focus statistics are used for motion saliency computation. In yet further
implementations, a combination of auto white balance and auto focus statistics can be used
for motion saliency computation. Thus, while auto white balance statistics will be discussed
in detail below, the motion saliency technique can also be applied to auto focus statistics
and/or a combination of auto white balance and auto focus statistics.

[0181] For every two consecutive frames, an analyzer 123 can compute a motion
saliency metric which measures the amount of discrepancy between local and global camera
motion. In some implementations, the analyzer 123 can compute the motion saliency metric

in three steps: 1) Local motion estimation; 2) Global motion estimation; 3) Motion difference

computation.
[0182] 1) Local motion estimation:
[0183] An objective of local motion estimation is to compute dense motion vectors

between two frames. Different from other motion estimation techniques that take actual
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images as input, a central aspect of the techniques described herein is to perform motion
estimation using the statistics (e.g., auto white balance statistics) from the imaging pipeline.
The analyzer 123 can use a hierarchical coarse-to-fine approach for motion estimation. See,
e.g., Bouguet, “Pyramidal implementation of the affine Lucas-Kanade feature tracker
description of the algorithm.” Intel Corporation 5.1-10, 2001.

[0184] For each frame, the analyzer 123 can construct an image pyramid by repeatedly
subsampling its auto white balance statistics by a factor of two in both the horizontal and
vertical directions. The original auto white balance statistics is referred as the finest level,
while subsampled versions of the original auto white balance statistics constitute the coarser
levels of the pyramid. Motion estimation can then be iteratively performed in the order of
coarse level to fine level.

[0185] In the interest of better motion estimation accuracy while keeping computation at
low cost, two classical optical flow methods can be combined: the Horn-Schunck method
(B.K.P. Horn and B.G. Schunck, "Determining optical flow." Artificial Intelligence, vol 17,
pp 185203, 1981) and the Lucas-Kanade method (B. D. Lucas and T. Kanade, “An iterative
image registration technique with an application to stereo vision”. Proceedings of Imaging
Understanding Workshop, pp 121-130, 1981). In particular, the computationally expensive
Horn-Schunck method can be applied on the coarse levels, where the amount of data to be
processed is low since the auto white balance statistics are subsampled.

[0186] At finer pyramid levels, the more computationally efficient Lucas-Kanade
method can be employed, which further refines the motion vectors in order to capture local
motion. When performing Lucas-Kanade optical flow, the two eigenvalues of the Lucas-
Kanade Hessian matrix can be examined, and, in some implementations, the optical flow can
be computed only when the following criteria are fulfilled: 1) The smaller eigenvalue exceeds
a threshold, suggesting that the motion is not estimated on a flat region; and 2) The ratio
between the larger and smaller eigenvalues is less than a threshold, indicating that the region
does not only contain an edge (which is known as the aperture problem).

[0187] The end result of local motion estimation is a set of motion vectors estimated
densely over the image. Assuming there are M x N patches of auto white balance statistics, M
x N local motion vectors can be computed.

[0188] 2) Global motion estimation:

[0189] Once the local motion is obtained, the analyzer 123 can estimate a 6-parameter
affine model that describes the amount of global motion between the two frames. The affine

model can be estimated by minimizing the mean squared errors between the estimated global
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and local motion vectors. The global motion vectors can be computed at each patch using the
estimated affine model.

[0190] 3) Motion saliency computation:

[0191] The motion saliency metric measures the amount of discrepancy between local
and global motion. When there is a large local-global motion difference, it suggests that the
image capture device has observed local object motion that is different from global motion.
Thus, the present disclosure provides a motion saliency metric which can be computed as the
average of Euclidean distances between local and global motions, divided by the mean of

global motion magnitude over the image.

[0192] Example uses of the motion saliency by one or more controllers 125 include the
following:
[0193] When the estimated motion saliency metric is higher than a certain threshold, a

controller 125 can trigger the image capture to capture a burst of frames as the content is
likely to be interesting.

[0194] Over a period of time, if the image capture device has not captured a burst of
frames, the device can more aggressively look for interesting content to capture (e.g., by
changing thresholds for burst capture). The motion saliency metric can be used as an
important signal to suggest that something interesting has happened and trigger camera
capture.

[0195] A controller 125 can also use the motion saliency metric to perform auto
trimming of a burst. Users generally prefer moments that contain object motions. Therefore,
when motion saliency goes from a lower to higher, it suggests the start of a burst. Similarly,
when motion saliency goes from high to low, it suggests the end of a burst.

[0196] The motion saliency metric is also applicable to on-device machine intelligence,
including smartphones, devices that are able to be worn, and/or smart appliances (e.g., a
surveillance camera). The motion saliency metric can be used for frame filtering or frame
selection for any imaging device that involves motion analysis of the scene.

[0197] Figure 7 depicts an example image capture, curation, and editing system 100
according to an example embodiment of the present disclosure. The system 100 is provided
as one example system only. The systems, methods, techniques, and principles of the present
disclosure can be used in and applied to many different systems in addition to the example
system 100.

[0198] The system 100 includes at least one image capture device 102 and a user

computing device 130. The image capture device 102 can be mobile and/or able to be worn.
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The system 100 may also include one or more additional image capture devices and/or a
server computing device 150.

[0199] The image capture device 102 includes one or more processors 112 and a
memory 114. The one or more processors 112 can be any suitable processing device and can
be one processor or a plurality of processors that are operatively connected. In some
implementations, the processor 112 includes a dedicated vision processing platform that
delivers high-performance machine vision and visual awareness in a power-constrained
environment. For example, the processor 112 can be a system-on-a-chip (SoC) designed for
high-performance, low-power computational imaging. In some implementations, the
processor 112 includes hardware, software, and/or firmware that is selectively usable to
perform a complete image processing pipeline on-chip. In some implementations, the
processor 112 includes multiple vector processors optimized for vision processing workloads.
[0200] The memory 114 can include one or more non-transitory computer-readable
mediums, such as RAM, ROM, EEPROM, EPROM, flash memory devices, magnetic disks,
etc., and combinations thereof. In some example implementations, the memory 114 includes
at least a first volatile (e.g., DRAM) memory and a second non-volatile memory. For
example, the first volatile memory can be used for temporary storage of various types of
image data, while the second non-volatile memory can be used for non-temporary storage of
various types of image data. For example, the first volatile memory can include a temporary
image buffer. In some implementations, the non-volatile memory includes a flash memory
card. In some implementations, the flash memory card is a Secure Digital (SD) card.

[0201] The example image capture device 102 can also include a lens cover 116, one or
more lenses 118, and an image sensor 120. The image sensor 120 can be a sensor that detects
incoming light or other electromagnetic radiation and outputs data sufficient to generate an
image of a scene. For example, the image sensor 120 can be a CMOS sensor or a CCD
sensor. In some implementations, the one or more lenses 118 can include a wide angle lens
such that images resulting from data output by the image sensor 120 are wide angle images.
[0202] As noted above, the image sensor 120 can output data sufficient to generate
images of a scene viewed by the image sensor 120. The image capture device 102 can include
various additional components for processing such data from the image sensor 120 to
generate such images. As one example, the image capture device 102 can include one or
more hardware blocks 122. The hardware blocks 122 can include one or more image
processing components that are operable to process the raw data from the image sensor 122

form images.
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[0203] According to another aspect of the present disclosure, the image capture device
102 further includes a scene analyzer 124. In some implementations, the scene analyzer 124
is operable to analyze a scene depicted by an image captured by the image capture device 102
to assess a desirability of such scene and, based at least in part on such desirability, determine
whether to store such image and/or one or more other contemporaneously captured images or
to discard such image and/or one or more other images without further storage. In some
implementations, the scene analyzer 124 includes one or more neural networks, such as deep
neural networks, convolutional neural networks, or other multi-layer non-linear models which
output descriptors of the desirability of the scene of an input image. In addition, in some
implementations, the scene analyzer 124 can also make control decisions regarding the
capture mode of the image capture device 102 (e.g., based on the desirability of a depicted
scene).

[0204] The image capture device 102 can further include one or more inertial
measurement units (IMUs) 126. The inertial measurement units 126 can be electronic devices
that measure and report one or more of a velocity, and orientation, and gravitational forces
applied to or otherwise associated with the image capture device 102. For example, the
inertial measurement units 126 can include one or more accelerometers, gyroscopes, and/or
magnetometers. In some implementations, data from the one or more inertial measurement
units 126 can be appended to an image captured around the time such data was generated by
the inertial measurement units 126. Thus, for example, an image captured by the image
capture device 102can have as associated metadata the information provided by the inertial
measurement units 126 at the time of capture. Such information can be usable by downstream
processes, for example, in selecting (or rejecting) particular images due to blur, motion, or
other undesirable attributes attributable to unintended movement, jostling, or other physical
disturbance of the image capture device (e.g., physical disturbance resultant from a user’s
gait). Thus, image capture timing can be based on data from IMUs 126.

[0205] The image capture device 102 further includes a network interface 128. The
network interface 128 can include any number of components to provide networked
communications (e.g., transceivers, antennas, controllers, cards, etc.). In some
implementations, the image capture device 102 includes a first network interface operable to
communicate using a short-range wireless protocol, such as, for example, Bluetooth and/or
Bluetooth Low Energy, and also a second network interface operable to communicate using
other wireless network protocols, such as, for example, Wi-Fi. In one example, the image

capture devices are operable to communicate with each other using a short-range wireless
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protocol, such as Bluetooth Low Energy. Further, the image capture device 102 can be
operable to communicate with the user computing device 130 using either the short-range
wireless protocol (e.g., to transmit capture visualizations) or Wi-Fi or other more robust
networking protocols (e.g., for the transfer of captured images).

[0206] The image capture device 102 can further include a power source 129. As one
example, the power source 129 can be an on-board battery, such as an on-board lithium-ion
battery. The image capture device 102 can also be electrically connectable (e.g., via a micro
USB port or other electrical and/or data connection port) to a wall outlet or other source of
utility power or other appropriately rated power. Plugging the image capture device 102 into
a wall outlet can recharge the on-board battery. In some implementations, the image capture
device 102 is configured to transfer images to the user computing device 130 over network
180 or perform other highly energy consumptive tasks only when the image capture device
102 is connected to an external power source, such as a wall outlet.

[0207] The system 100 can further include the user computing device 130 and the server
computing device 150. In some implementations, the image capture device 102
communicatively connects to the user computing device 130 over a local area network
portion of network 180, while the user computing device 130 communicatively connects to
the server computing device 150 over a wide area network portion of the network 180. In
other implementations, the image capture device 102 communicatively connects to the server
computing device 150 directly over the wide area network.

[0208] In some implementations, the user computing device 130 can perform image
curation and enable user editing of the images. In particular, in some implementations, when
connected to the image capture device 102 (e.g., after a capture session has been completed),
the user computing device 130 can select certain of the images stored at the image capture
device for transfer to the user computing device 130. The user computing device 130 can also
provide a user interface that enables the user to selectively edit the transferred images. In
particular, the user interface can enable various advanced image editing techniques such as
computational photography, camera repositioning, etc.

[0209] User computing device 130 can be, for example, a computing device having a
processor 132 and a memory 134, such as a wireless mobile device, a personal digital
assistant (PDA), smartphone, tablet, laptop, desktop computer, computing-enabled watch,
computing-enabled eyeglasses, or other such devices/systems. In short, user computing
device 130 can be any computer, device, or system that can interact with the image capture

device 102 and (e.g., by sending and receiving data) to implement the present disclosure.
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[0210] Processor 132 of user computing device 130 can be any suitable processing
device and can be one processor or a plurality of processors that are operatively connected.
Memory 134 can include any number of computer-readable instructions 138 or other stored
data 136. In particular, the instructions 138 stored in memory 134 can include one or more
applications. When implemented by processor 132, the one or more applications can
respectively cause or instruct processor 132 to perform operations consistent with the present
disclosure, such as, for example, executing an image storage, curation, editing, and sharing
application. Memory 134 can also store any number of images captured by the image capture
device 102 and/or the user computing device 130.

[0211] User computing device 130 can further include a display. The display can be any
one of many different technologies for displaying information to a user, including touch-
sensitive display technologies.

[0212] In some implementations, the user computing device 130 also includes a transfer
controller 140. In particular, in some implementations, when connected to the image capture
device 102 (e.g., after a capture session has been completed), the transfer controller 140 can
select certain of the images stored at the image capture device 102 for transfer to the user
computing device 130. For example, such selection can be guided by various image attributes
as reflected in various metadata annotations provided by the image capture device 102
respectively for the stored images. Generally, the most desirable images will be selected for
transfer, while maintaining a diversity of imagery.

[0213] In some implementations, the transfer controller 140 can perform an optimization
algorithm to select which of the images stored in the memory 114 of the image capture device
102 to request for transfer. The optimization algorithm can have a plurality of associated
objectives which include, for example, at least a diversity of settings and a diversity of
depicted persons, while still requesting transfer of the most desirable images. In some
implementations, the transfer controller 140 can implement a submodular function to select
which images to request for transfer. In some implementations, the transfer controller 140 can
consider one or more metrics generated for an image from hardware-generated statistics.
[0214] In some implementations, the user computing device 130 further includes a best
shot selector 142. The best shot selector 142 can be implemented to select at least one
highlight image from a group of images (e.g., at least one highlight image for each moment
within a reflection). For example, the best shot selector 142 can select the highlight images
based on the annotations or other metadata included for each of the images. In some

implementations, the best shot selector 142 normalizes each image in a moment relative to its
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peer images within such moment prior to performing highlight selection. Thus, selection of a
highlight image for each moment can be based at least in part on a comparison of the
annotations of each image included in such moment relative to the annotations of at least one
other image included in such moment. In some implementations, the best shot selector 142
can consider one or more metrics generated for an image from hardware-generated statistics.
[0215] The user computing device 130 also includes a user interface controller 144. The
user interface controller 144 can be implemented to provide a user interface that enables the
user to temporally and/or spatially explore images within a reflection. In particular, the user
interface controller 144 can be implemented to detect and respond to certain user input with
appropriate user interface interactions.

[0216] Each of the transfer controller 140, the best shot selector 142, and the user
interface controller 144 can include computer logic utilized to provide desired functionality.
Thus, each of the transfer controller 140, the best shot selector 142, and the user interface
controller 144 can be implemented in hardware, firmware and/or software controlling a
general purpose processor. In some implementations, each of the transfer controller 140, the
best shot selector 142, and the user interface controller 144 includes program code files
stored on the storage device, loaded into memory 134 and executed by processor 132 or can
be provided from computer program products, for example, computer executable instructions
138 that are stored in a tangible computer-readable storage medium such as, for example, a
RAM disk or card or other computer-readable optical or magnetic media.

[0217] Server computing device 150 can be implemented using one or more server
computing devices and can include a processor 152 and a memory 154. In the instance that
server computing device 150 consists of multiple server devices, such server devices can
operate according to any computing architecture, including a parallel computing architecture,
a distributed computing architecture, or combinations thereof.

[0218] Processor 152 can be any suitable processing device and can be one processor or
a plurality of processors which are operatively connected. Memory 154 can store instructions
158 that cause processor 152 to perform operations to implement the present disclosure.
[0219] Server computing device 150 can also include a model trainer 160. Server
computing device 150 can implement the model trainer 160 to train and/or re-train one or
more models (e.g., neural networks) such as multi-layer non-linear models (e.g., deep neural
networks). As examples, the model trainer 160 can perform back propagation techniques such

as batch gradient descent or stochastic gradient descent to train the models. The model trainer

44



WO 2019/022798 PCT/US2018/027061

160 can also leverage dropout techniques to combat model overfitting. The model trainer 160
can train models using processed images and/or unprocessed images as training images.
[0220] Thus, in some implementations, the server computing device 150 can implement
model trainer 160 to train new models or update versions on existing models on additional
image data. As an example, the model trainer 160 can use images hand-labeled as being
desirable to train one or more models to provide outputs regarding the desirability of an input
image. In particular, in some implementations, the additional training data can be images that
the user created through the editing interface. Thus, updated versions of the models of the
image capture device 102 can be trained by model trainer 160 on personalized data sets to
better infer, capture, and store images which satisfy the particular visual tastes of the user. In
other instances, the additional training data can be anonymized, aggregated user feedback.
[0221] The server computing device 150 can periodically provide the image capture
device 102 with one or more updated versions of one or more models included in the scene
analyzer 124 or analyzers 123. The updated models can be transmitted via the user computing
device 130 or directly to the image capture device 102 via network 180. In other
implementations, the user computing device 130 can also include a model trainer that
performs personalized model training as described above for a particular image capture
device 102.

[0222] The model trainer 160 can include computer logic utilized to provide desired
functionality. Thus, the model trainer 160 can be implemented in hardware, firmware and/or
software controlling a general purpose processor. In some implementations, the model trainer
160 includes program code files stored on the storage device, loaded into memory 154 and
executed by processor 152 or can be provided from computer program products, for example,
computer executable instructions that are stored in a tangible computer-readable storage
medium such as RAM hard disk or card or other computer-readable optical or magnetic
media.

[0223] Network 180 can be any type of communications network, such as a local area
network (e.g., intranet), wide area network (e.g., Internet), or some combination thereof and
can include any number of wired or wireless links. In general, communication between the
server computing device 150 and the user computing device 130 can be carried via any type
of wired and/or wireless connection, using a wide variety of communication protocols (e.g.,
TCP/IP, HTTP, SMTP, FTP), encodings or formats (e.g., HTML, XML), and/or protection
schemes (e.g., VPN, secure HTTP, SSL). Server computing device 150 can communicate

with user computing device 130 over network 180 by sending and receiving data.

45



WO 2019/022798 PCT/US2018/027061

[0224] Further, any of the processes, operations, programs, applications, or instructions
described as being stored at or performed by the server computing device 150 can instead be
stored at or performed by the user computing device 130 in whole or in part, and vice versa.
In particular, in some implementations, the image capture device 102 can directly
communicatively connect to the server computing device 150 and the server computing
device 150 can perform the image curation, editing, storage, and sharing functions attributed
to the user computing device 130 elsewhere in the present disclosure (e.g., via a web
application). Likewise, any of the processes, operations, programs, applications, or
instructions described as being stored at or performed by the image capture device 102 can
instead be stored at or performed by the user computing device 130 in whole or in part, and
vice versa. For example, in some implementations, the transfer controller 140 can be located
at the image capture device 102 rather than the user computing device 130.

[0225] Figure 8 depicts a flow chart diagram of an example method 800 to control an
image capture device according to example embodiments of the present disclosure.

[0226] At 802, a computing system obtains one or more hardware-generated statistics
generated by an imaging hardware pipeline. For example, the imaging hardware pipeline can
include an image sensor that is operable to capture raw image data and one or more hardware
blocks that are operable to process the raw image data to contribute to formation of an image.
[0227] As examples, in some implementations, the one or more hardware-generated
statistics generated by the imaging hardware pipeline can include one or more of’ a red color
histogram; a blue color histogram; a green color histogram; a luma histogram; auto white
balance statistics; auto focus statistics; auto exposure statistics; one or more image
thumbnails; and a high-frequency map.

[0228] At 804, the computing system analyzes the one or more hardware-generated
statistics to determine one or more metrics for the raw image data or the image.

[0229] In some implementations, analyzing the one or more hardware-generated
statistics at 804 to determine the one or more metrics can include determining a temporal
similarity metric for the image relative to at least one previously captured image based at
least in part on the one or more hardware-generated statistics.

[0230] In some implementations determining the temporal similarity metric for the
image can include determining the temporal similarity metric for the image relative to at least
one previously captured image based at least in part on the at least one of’ auto exposure
statistics, auto focus statistics, auto white balance statistics, a red color histogram, a blue

color histogram, and a green color histogram.
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[0231] In some implementations, analyzing the one or more hardware-generated
statistics at 804 to determine the one or more metrics can include determining a diversity
metric for the image relative to at least one previously captured image based at least in part
on the one or more hardware-generated statistics.

[0232] In some implementations, determining the diversity metric for the image can
include generating a frame signature for the image based at least in part on at least one of:
auto exposure statistics, auto focus statistics, auto white balance statistics, a red color
histogram, a blue color histogram, and a green color histogram; and comparing the frame
signature for the image to a plurality of existing frame signature clusters to determine the
diversity metric for the image.

[0233] In some implementations, analyzing the one or more hardware-generated
statistics at 804 to determine the one or more metrics can include determining an image/video
quality metric for the image based at least in part on the one or more hardware-generated
statistics.

[0234] In some implementations, analyzing the one or more hardware-generated
statistics at 804 to determine the one or more metrics can include determining a motion
saliency metric for the image based at least in part on the one or more hardware-generated
statistics.

[0235] In some implementations, determining the image/video quality metric for the
image based at least in part on the one or more hardware-generated statistics can include
inputting data descriptive of the one or more hardware-generated statistics into a machine-
learned regression model and receiving a quality score for the image as an output of the
machine-learned regression model.

[0236] At 806, the computing system determines a downstream operation of the
computing system relative to the image based at least in part on the one or more metrics
determined from the hardware-generated statistics. For example, the downstream operation
can be a post-processing operation that is performed by the system subsequent to formation
of the image by the imaging hardware pipeline.

[0237] In some implementations, determining the downstream operation based at least in
part on the one or more metrics at 806 can include determining, based at least in part on the
one or more metrics determined from the hardware-generated statistics, whether to store a
non-temporary copy of the image in a non-volatile memory or whether to discard a temporary
copy of the image stored in a volatile memory without storing the non-temporary copy of the

image in the non-volatile memory.
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[0238] In some implementations, determining the downstream operation based at least in
part on the one or more metrics at 806 can include determining whether to provide the image
to a neural network for scene analysis based at least in part on the one or more metrics
determined from the hardware-generated statistics.

[0239] In some implementations, determining the downstream operation based at least in
part on the one or more metrics at 806 can include determining, based at least in part on the
one or more metrics determined from the hardware-generated statistics, whether to select the
image for inclusion in a hyperlapse video or a burst video.

[0240] In some implementations, determining the downstream operation based at least in
part on the one or more metrics at 806 can include determining, based at least in part on the
one or more metrics determined from the hardware-generated statistics, whether to select the
image for inclusion in a curated summary of an image collection.

[0241] In some implementations, determining the downstream operation based at least in
part on the one or more metrics at 806 can include adjusting, based at least in part on a
temporal similarity metric determined for the image relative to the at least one previously
captured image, a frequency of usage of a neural network that analyzes a scene depicted by
the image.

[0242] In some implementations, the method 800 can further include determining, based
at least in part on the one or more metrics determined from the hardware-generated statistics,
whether to capture additional images that depict a same scene as the image. For example a

frame rate, resolution, or other parameters of the image sensor can be increased.

Additional Disclosure

[0243] The technology discussed herein makes reference to servers, databases, software
applications, and other computer-based systems, as well as actions taken and information sent
to and from such systems. The inherent flexibility of computer-based systems allows for a
great variety of possible configurations, combinations, and divisions of tasks and
functionality between and among components. For instance, processes discussed herein can
be implemented using a single device or component or multiple devices or components
working in combination. Databases and applications can be implemented on a single system
or distributed across multiple systems. Distributed components can operate sequentially or in
parallel.

[0244] While the present subject matter has been described in detail with respect to

various specific example embodiments thereof, each example is provided by way of
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explanation, not limitation of the disclosure. Those skilled in the art, upon attaining an
understanding of the foregoing, can readily produce alterations to, variations of, and
equivalents to such embodiments. Accordingly, the subject disclosure does not preclude
inclusion of such modifications, variations and/or additions to the present subject matter as
would be readily apparent to one of ordinary skill in the art. For instance, features illustrated
or described as part of one embodiment can be used with another embodiment to yield a still
further embodiment. Thus, it is intended that the present disclosure cover such alterations,
variations, and equivalents.

[0245] Any action, operation, component, method, technique, or other aspect described
herein as being included in or performed by an image capture device can also be included in
or performed by a device or system that does not capture images but instead simply processes
images or makes decisions on the basis of images.

[0246] Although the figures depict steps or processes performed in a particular order for
purposes of illustration and discussion, the methods of the present disclosure are not limited
to the particularly illustrated order or arrangement. The various steps of the methods
described herein can be omitted, rearranged, combined, and/or adapted in various ways
without deviating from the scope of the present disclosure.

[0247] Each of the analyzers 123, controllers 125, frame signature generator 224, shot
controller 304, analysis policy evaluator 306, lightweight temporal analyzer 402, online
clusterer 502, frame signature generator 506, similarity calculator 508, and clusters updater
510 can include computer logic utilized to provide desired functionality. Each of the
analyzers 123, controllers 125, frame signature generator 224, shot controller 304, analysis
policy evaluator 306, lightweight temporal analyzer 402, online clusterer 502, frame
signature generator 506, similarity calculator 508, and clusters updater 510 can be
implemented in hardware, firmware, and/or software controlling a general purpose processor.
For example, in some implementations, each of the analyzers 123, controllers 125, frame
signature generator 224, shot controller 304, analysis policy evaluator 306, lightweight
temporal analyzer 402, online clusterer 502, frame signature generator 506, similarity
calculator 508, and clusters updater 510 includes program files stored on a storage device,
loaded into a memory and executed by one or more processors. In other implementations,
each of the analyzers 123, controllers 125, frame signature generator 224, shot controller 304,
analysis policy evaluator 306, lightweight temporal analyzer 402, online clusterer 502, frame

signature generator 506, similarity calculator 508, and clusters updater 510 includes one or
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more sets of computer-executable instructions that are stored in a tangible computer-readable
storage medium such as RAM hard disk or optical or magnetic media.

[0248] A lightweight algorithm may be an algorithm that uses less of, or more efficiently
uses, at least one computing, processing or other resource, e.g. relative to at least one
subsequent (e.g. heavyweight) algorithm. The lightweight algorithm may be an algorithm
that uses absolute measures, e.g. rather than having to view an entire video or other history of

captured images.
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WHAT IS CLAIMED IS:

1. Animage capture device, comprising:
an imaging hardware pipeline, wherein the imaging hardware pipeline comprises:
an image sensor that is operable to capture raw image data; and
one or more hardware blocks that are operable to process the raw image data
to contribute to formation of an image;
wherein the imaging hardware pipeline generates one or more hardware-
generated statistics;
one or more processors; and
one or more non-transitory computer-readable media that store instructions that, when
executed by the one or more processors, cause the image capture device to perform
operations, wherein the operations comprise:
obtaining the one or more hardware-generated statistics generated by the
imaging hardware pipeline;
analyzing the one or more hardware-generated statistics to determine one or
more metrics for the raw image data or the image; and
determining a downstream operation of the image capture device relative to
the image based at least in part on the one or more metrics determined from the hardware-

generated statistics.

2. The image capture device of claim 1, wherein the downstream operation of the
image capture device relative to the image comprises a post-processing operation that is
performed by the image capture device subsequent to formation of the image by the imaging

hardware pipeline.

3. The image capture device of claim 1 or 2, wherein the one or more hardware-
generated statistics generated by the imaging hardware pipeline comprise one or more of:

a red color histogram,;

a blue color histogram,;

a green color histogram;

a luma histogram,;
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auto white balance statistics;

auto focus statistics;

auto exposure statistics;

one or more image thumbnails; and

a high-frequency map.

4. The image capture device of any preceding claim, wherein analyzing the one or
more hardware-generated statistics to determine one or more metrics for the raw image data
or the image comprises determining a temporal similarity metric for the image relative to at
least one previously captured image based at least in part on the one or more hardware-

generated statistics.

5. Theimage capture device of any preceding claim, wherein analyzing the one or
more hardware-generated statistics to determine one or more metrics for the raw image data
or the image comprises determining a diversity metric for the image relative to at least one
previously captured image based at least in part on the one or more hardware-generated

statistics.

6. The image capture device of any preceding claim, wherein analyzing the one or
more hardware-generated statistics to determine one or more metrics for the raw image data
or the image comprises determining an image or video quality metric for the image based at

least in part on the one or more hardware-generated statistics.

7. The image capture device of any preceding claim, wherein analyzing the one or
more hardware-generated statistics to determine one or more metrics for the raw image data
or the image comprises determining a motion saliency metric for the image based at least in

part on the one or more hardware-generated statistics.

8. The image capture device of claim 7, further comprising:
a machine-learned regression model trained to provide a quality score;
wherein determining the image or video quality metric for the image based at least in

part on the one or more hardware-generated statistics comprises:
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inputting data descriptive of the one or more hardware-generated statistics into
the machine-learned regression model; and
receiving the quality score for the image as an output of the machine-learned

regression model.

9. The image capture device of any preceding claim, wherein determining the
downstream operation of the image capture device relative to the image based at least in part
on the one or more metrics determined from the hardware-generated statistics comprises
determining, based at least in part on the one or more metrics determined from the hardware-
generated statistics, whether to store a non-temporary copy of the image in a non-volatile
memory or whether to discard a temporary copy of the image stored in a volatile memory

without storing the non-temporary copy of the image in the non-volatile memory.

10. The image capture device of any preceding claim, wherein determining the
downstream operation of the image capture device relative to the image based at least in part
on the one or more metrics determined from the hardware-generated statistics comprises
determining whether to provide the image to an additional machine-learned model for scene
analysis based at least in part on the one or more metrics determined from the hardware-

generated statistics.
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11. The image capture device of any preceding claim, wherein determining the
downstream operation of the image capture device relative to the image based at least in part
on the one or more metrics determined from the hardware-generated statistics comprises
determining whether to provide the image to a neural network for scene analysis based at

least in part on the one or more metrics determined from the hardware-generated statistics.

12. The image capture device of any preceding claim, wherein determining the
downstream operation of the image capture device relative to the image based at least in part
on the one or more metrics determined from the hardware-generated statistics comprises
determining, based at least in part on the one or more metrics determined from the hardware-
generated statistics, whether to select the image for inclusion in a hyperlapse video or a burst

video.

13. The image capture device of any preceding claim, wherein determining the
downstream operation of the image capture device relative to the image based at least in part
on the one or more metrics determined from the hardware-generated statistics comprises
determining, based at least in part on the one or more metrics determined from the hardware-
generated statistics, whether to select the image for inclusion in a curated summary of an

image collection.

14. The image capture device of any preceding claim, the operations further
comprising:

determining, based at least in part on the one or more metrics determined from the
hardware-generated statistics, whether to capture additional images that depict a same scene

as the image.

15. The image capture device of any preceding claim, wherein:

obtaining the one or more hardware-generated statistics generated by the imaging
hardware pipeline comprises obtaining at least one of auto white balance statistics, auto focus
statistics, and auto focus statistics;

analyzing the one or more hardware-generated statistics to determine one or more

metrics for the raw image data or the image comprises determining a temporal similarity
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metric for the image relative to at least one previously captured image based at least in part
on the at least one of the auto white balance statistics, the auto focus statistics, and the auto
focus statistics; and

determining the downstream operation of the image capture device relative to the
image based at least in part on the one or more metrics determined from the hardware-
generated statistics comprises adjusting, based at least in part on the temporal similarity
metric determined for the image relative to the at least one previously captured image, a

frequency of usage of a neural network that analyzes a scene depicted by the image.

16. The image capture device of any preceding claim, wherein:
obtaining the one or more hardware-generated statistics generated by the imaging
hardware pipeline comprises obtaining at least one of auto white balance statistics, auto focus
statistics, and auto focus statistics;
analyzing the one or more hardware-generated statistics to determine one or more
metrics for the raw image data or the image comprises:
generating a frame signature for the image based at least in part on the at least
one of the auto white balance statistics, the auto focus statistics, and the auto focus statistics;
and
comparing the frame signature for the image to a plurality of existing frame
signature clusters to determine a diversity metric for the image; and
determining the downstream operation of the image capture device relative to the
image based at least in part on the one or more metrics determined from the hardware-
generated statistics comprises making at least one save decision or curation decision based at

least in part on the diversity metric determined for the image.

17. A computing system, comprising:
one or more processors; and
one or more non-transitory computer-readable media that store instructions that, when
executed by the one or more processors, cause the computing system to perform operations,
wherein the operations comprise:
obtaining one or more hardware-generated statistics generated by an imaging

hardware pipeline, wherein the imaging hardware pipeline comprises an image sensor that is
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operable to capture raw image data and one or more hardware blocks that are operable to
process the raw image data to contribute to formation of an image;

analyzing the one or more hardware-generated statistics to determine one or
more metrics for the raw image data or the image; and

determining a downstream operation of the computing system relative to the
image based at least in part on the one or more metrics determined from the hardware-

generated statistics.

18. The computing system of claim 17, wherein analyzing the one or more hardware-
generated statistics to determine the one or more metrics for the raw image data or the image
comprises analyzing the one or more hardware-generated statistics to determine one or more
of the following based at least in part on the one or more hardware-generated statistics:

a temporal similarity metric for the image relative to at least one previously captured
image;

a diversity metric for the image relative to at least one previously captured image;

an image or video quality metric for the image; and

a motion saliency metric for the image.

19. The computing system of claim 17 or 18, wherein determining the downstream
operation of the computing system relative to the image based at least in part on the one or
more metrics determined from the hardware-generated statistics comprises determining at
least one of the following based at least in part on the one or more metrics determined from
the hardware-generated statistics:

whether to discard a temporary copy of the image stored in a volatile memory without
storing the non-temporary copy of the image in the non-volatile memory;

whether to provide the image to an additional machine-learned model for scene
analysis;

whether to select the image for inclusion in a hyperlapse video or a burst video; and

whether to select the image for inclusion in a curated summary of an image collection.
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20. A computer-implemented method, the method comprising:

obtaining, by one or more computing devices, one or more hardware-generated
statistics generated by an imaging hardware pipeline, wherein the imaging hardware pipeline
comprises an image sensor that is operable to capture raw image data and one or more
hardware blocks that are operable to process the raw image data to contribute to formation of
an image;

analyzing, by the one or more computing devices, the one or more hardware-
generated statistics to determine one or more metrics for the raw image data or the image; and

determining, by the one or more computing devices, a downstream operation relative
to the image based at least in part on the one or more metrics determined from the hardware-

generated statistics.
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