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CONTEXT AWARE LOCALIZATION,
MAPPING, AND TRACKING

FIELD

The subject matter disclosed herein relates generally to
mapping, localization, and tracking.

BACKGROUND

Computer vision systems generally include methods for
acquiring, processing, analyzing, and understanding images
and, in general, high-dimensional data from the real world in
order to produce numerical or symbolic information, e.g., in
the forms of decisions. One known problem in computer
vision is determining whether image data contains specific
objects, features, or activities. While humans may be able to
quickly solve the aforementioned problem, the field of com-
puter vision systems is still a developing understanding for
the general case of arbitrary objects in arbitrary situations.

Robust computer vision algorithms are highly beneficial to
Augmented Reality use cases. There may be a variety of
algorithms and parameters to achieve a particular task. Many
computer vision algorithms depend on choices for parameters
or features and are dependent on specific tuning for a particu-
lar scenario. No set of universal parameters or algorithms may
work for all scenarios and it is difficult to infer these param-
eters “on the fly” without additional information.

Accordingly, improved computer vision techniques are
desirable.

SUMMARY

Embodiments disclosed herein may relate to a method for
performing a computer vision task. The method may include
inferring a context of a user or device, and configuring a
computer vision task according to the inferred context. The
method may further include performing the computer vision
task including at least one of: a visual mapping of an envi-
ronment of the device, a visual localizing of the device or an
object within the environment of the device, or a visual track-
ing of the device within the environment of the device.

Embodiments disclosed herein may relate to a machine
readable non-transitory storage medium with instructions for
performing a method, the method including a computer
vision task. The method may further include inferring a con-
text of a user or device, and configuring a computer vision
task according to the inferred context. The method may fur-
ther include performing the computer vision task including at
least one of: a visual mapping of an environment of the
device, a visual localizing of the device or an object within the
environment of the device, or a visual tracking of the device
within the environment of the device.

Embodiments disclosed herein may also relate to an appa-
ratus that includes means for performing a computer vision
task. The apparatus further including inferring a context of a
user or device, and configuring a computer vision task
according to the inferred context. The apparatus may further
include performing the computer vision task including at
least one of: a visual mapping of an environment of the
device, a visual localizing of the device or an object within the
environment of the device, or a visual tracking of the device
within the environment of the device.

Embodiments disclosed herein may further relate to a data
processing system including a processor and a storage device
configurable to store instructions to perform a computer
vision task. The data processing system further configured to
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infer a context of a user or device, configure a computer vision
task according to the inferred context, and perform the com-
puter vision task. The computer vision task further configured
for at least one of: a visual mapping of an environment of the
device, a visual localizing of the device or an object within the
environment of the device, or a visual tracking of the device
within the environment of the device.

Other features and advantages will be apparent from the
accompanying drawings and from the detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of a system in which aspects of
the invention may be practiced, in one embodiment;

FIG. 2 is block diagram illustrating a subsection of the
system including sensors and exemplary processing modules,
in one embodiment; and

FIG. 3 illustrates a flow diagram of one embodiment of a
method for localization, mapping, and tracking.

DESCRIPTION

The word “exemplary” or “example” is used herein to
mean “serving as an example, instance, or illustration.” Any
aspect or embodiment described herein as “exemplary” or as
an “example” in not necessarily to be construed as preferred
or advantageous over other aspects or embodiments.

FIG. 1 is block diagram illustrating an exemplary data
processing system in which embodiments of described herein
may be practiced. The system may be a device (e.g., the
device 100), which may include one or more processors 101,
amemory 105, I/O controller 125, and network interface 110.
Device 100 may also include a number of device sensors
coupled to one or more buses or signal lines further coupled to
the processor 101. It should be appreciated that device 100
may also include a display 120, a user interface (e.g., key-
board, touch-screen, or similar devices), a power device 121
(e.g., a battery), as well as other components typically asso-
ciated with electronic devices. In some embodiments device
may be amobile or non-mobile device. Network interface 110
may also be coupled to a number of wireless subsystems 115
(e.g., Bluetooth 166, WiFi 111, Cellular 161, or other net-
works) to transmit and receive data streams through a wire-
less link to/from a wireless network, or may be a wired
interface for direct connection to networks (e.g., the Internet,
Ethernet, or other wireless systems). Thus, device may be a:
mobile device, wireless device, cell phone, personal digital
assistant, mobile computer, wearable device (e.g., head
mounted display, virtual reality glasses, etc.), robot naviga-
tion system, tablet, personal computer, laptop computer, or
any type of device that has processing capabilities.

The device (e.g., device 100) can include sensors such as a
clock 130, ambient light sensor (ALS) 135, accelerometer
140, gyroscope 145, magnetometer 150, temperature sensor
151, barometric pressure sensor 155, red-green-blue (RGB)
color sensor 152, ultra-violet (UV) sensor 153, UV-A sensor,
UV-B sensor, fingerprint sensor, touch sensor, compass,
Bluetooth 166, WiFi 111, cellular 161, proximity sensor 167
and/or Global Positioning Sensor (GPS) 160. In some
embodiments, microphone 165, camera 170, and/or the wire-
less subsystem 115 are used as sensors to analyze the envi-
ronment of the device. In some embodiments, multiple cam-
eras are integrated or accessible to the device. For example, a
mobile device may have at least a front and rear mounted
camera. In another example, a robot navigation system may
have multiple different cameras to capture a variety of view-
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points of the robot. In some embodiments, other sensors may
also have multiple copies or versions.

Memory 105 may be coupled to processor 101 to store
instructions for execution by processor 101. In some embodi-
ments, memory 105 is non-transitory. Memory 105 may also
store one or more models or modules to implement embodi-
ments described below. Memory 105 may also store data from
integrated or external sensors. In addition, memory 105 may
store application program interfaces (APIs) for accessing
modules 171 (e.g., application data module, context module,
localization module, mapping module, and tracking module).
Memory 105 may also store configuration files describing
pre-defined feature scheduling information, training data
sample, sensor data sample, or power profiles related to
classes or features. While modules 171 are illustrated sepa-
rate from other elements in the device 100, the module 171
may be wholly or partially implemented by other elements
illustrated in FIG. 1, for example in the processor 101 and/or
memory 105, or in another processor and/or memory of the
device 100 or in one or more other elements of the device 100.
Additional details regarding implementation of the module
171 are described below.

It should be appreciated that embodiments of the systems
and method described herein as will be hereinafter described
may be implemented through the execution of instructions,
for example as stored in the memory 105 or other element, by
processor 101 of device and/or other circuitry of device and/
or other devices. Particularly, circuitry of device, including
but not limited to processor 101, may operate under the con-
trol of a program, routine, or the execution of instructions to
execute methods or processes in accordance with embodi-
ments of the present disclosure. For example, such a program
may be implemented in firmware or software (e.g. stored in
memory 105 and/or other locations) and may be implemented
by processors, such as processor 101, and/or other circuitry of
device. Further, it should be appreciated that the terms pro-
Cessor, Microprocessor, circuitry, controller, etc., may refer to
any type of logic or circuitry capable of executing logic,
commands, instructions, software, firmware, functionality
and the like.

Further, it should be appreciated that some or all of the
functions, engines or modules described herein may be per-
formed by device itself and/or some or all of the functions,
engines or modules described herein may be performed by
another system connected through 1/O controller 125 or net-
work interface 110 (wirelessly or wired) to device. Thus,
some and/or all of the functions may be performed by another
system and the results or intermediate calculations may be
transferred back to device. In some embodiments, such other
device may comprise a server configured to process informa-
tion in real time or near real time. In some embodiments, the
other device is configured to predetermine the results, for
example based on a known configuration of the device. Fur-
ther, one or more of the elements illustrated in FIG. 1 may be
omitted from the device 100. For example, one or more of the
sensors 130-165 may be omitted in some embodiments.

The device (e.g., device 100) may use one or more sensors
or application data to gather environmental information and
infer a context associated with the device. In one embodi-
ment, context aware localization, mapping, and tracking
(CALMT) can determine one or more of: which image based
features to apply, suitable models or representations of
objects or environments, optimized implementations for a
given localization, mapping, and tracking task, optimal
parameter settings, efficient sensor sampling strategies, and
when to initialize mapping, localization, or tracking, just to
name a few.
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Context and contextual information as used herein can be
any information that can be used to characterize the situation
of'the device (e.g., device 100) or the situation of a user of the
device. In some embodiments, context can include one or
more of: location, motion, activity, and environment as
described in greater detail below.

FIG. 2 is block diagram illustrating a subsection of the
device 100 including sensors 205 and exemplary processing
modules 171, in one embodiment. The modules 171 may be
implemented directly in hardware or firmware, for example
as a subcomponent of the device 100 with a dedicated pro-
cessor or an implementation sharing a central processing unit
(e.g., processor 101). Alternatively, the modules may be
implemented in software executed by a processor, or with a
combination of software and hardware. The software module
may reside in memory, for example, memory 105 or other
form of storage media known in the art. The modules dis-
cussed herein may represent a functional process for carrying
out aspects of computer vision tasks that can be implemented
in a variety of alternative implementations. While the local-
ization module 215, mapping module 210, tracking module
220, context module 225, and application data module 230
are separately illustrated in FIG. 2, the functionality of one or
more of these modules may be combined or may be distrib-
uted in a different manner than described above. For example,
the context module 225 and tracking module 220, or local-
ization module, or mapping module, may be combined in
some embodiments. Similarly, the context module and appli-
cation data module may be combined in some embodiments.
In some embodiments the CALMT as described herein is
implemented as a module and the above mentioned modules
(e.g., tracking, mapping, localization, classifier, context, and
application data) are sub-modules or components of the
CALMT system or module. Other combinations of modules
are also possible using any of the modules 171.

The sensors 205 may comprise any one or more of a clock
130, ambient light sensor (ALS) 135, accelerometer 140,
gyroscope 145, magnetometer 150, temperature sensor 151,
microphone 165, barometric pressure sensor 155, camera
170, red-green-blue (RGB) color sensor 152, ultra-violet
(UV) sensor 153, UV-A sensor, UV-B sensor, fingerprint
sensor, touch sensor, compass, Bluetooth 166, WiFi 111,
cellular 161, proximity sensor 167 and/or Global Positioning
Sensor (GPS) 160 or other sensors.

In one embodiment, the localization, tracking, and map-
ping modules can perform one or more of localization, track-
ing, and mapping tasks as described in greater detail below. In
one embodiment, the localization, tracking, and mapping
modules can receive or request a context determination from
the context module 225. The context module 225 may request
and receive sensor data from the sensors 205 and the appli-
cation data module 230. In other embodiments, the localiza-
tion, tracking, and mapping modules may be configured to
perform context determination without the aid of the context
module 225, and the localization, tracking, and mapping
modules may directly request and receive data from the sen-
sors 205 and application data module 230.

FIG. 3 illustrates a flow diagram of a method for context
aware localization, mapping, and tracking, in one embodi-
ment. At block 305, the CALMT can infer context of a user or
device. In other embodiments, the CALMT may receive con-
text from a configuration file or directly from the context
module. Details on context determination are discussed in
greater detail below.

Atblock 310, the CALMT can configure a computer vision
task according to the inferred context. For example the com-
puter vision task may be one or more of a plurality of local-
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ization, mapping, and tracking. The inferred context may be
from one or more sensor streams (e.g., sensors 205) or appli-
cations (e.g., application data module 230). For example,
depending on the environment of a device or user (e.g., loca-
tion, environment, activity, or motion) the CALMT can refer
to matching optimization parameters to apply to a specific
localization, mapping, and tracking implementation.

At block 315, the CALMT can perform the computer
vision task. For example, the CALMT may execute one or
more of: localization, mapping, and tracking, according to an
optimized profile or configuration (e.g., a computer vision
parameter configured according to context).

In one embodiment, context is related to location, motion,
activity, and environment of the device or the user. The
CALMT may obtain information about the circumstances
under which the device and user are operating and based on
rules, or an intelligent stimulus, can react accordingly. In
determining context, the CALMT or the context module may
make certain assumptions or inferences about the device and/
or user’s current situation. In some embodiments, the device
may not have an associated user (e.g., robot navigation) and
context may relate predominantly to the environment and
surroundings of the device irrespective of any user.

In some embodiments, context may be determined by a
context engine or module. The context engine or module may
be separate engine or module from the CALMT, or the con-
text engine or module may be integrated into the CALMT.

In some embodiments, when the device is a mobile device
(e.g., smartphone, navigation, wearable computer, or other
electronic portable device) the CALMT may use how users
typically interact (e.g., activity context) with their mobile
device to determine context. For example, if the accelerom-
eter in a mobile device records seemingly random readings,
the context engine or CALMT may, upon a determination that
the accelerometer is coupled to a mobile device, infer that the
user is fidgeting with the mobile device.

The CALMT may read raw sensor data from one or more
device sensors (e.g., sensors 205). For example, a clock 130,
ambient light sensor (ALS) 135, accelerometer 140, gyro-
scope 145, magnetometer 150, temperature sensor 151,
microphone 165, barometric pressure sensor 155, camera
170, red-green-blue (RGB) color sensor 152, ultra-violet
(UV) sensor 153, UV-A sensor, UV-B sensor, fingerprint
sensor, touch sensor, compass, Bluetooth 166, WiFi 111,
cellular 161, proximity sensor 167 and/or Global Positioning
Sensor (GPS) 160. The device may use sensors to infer a
context of the device (i.e., location, motion, activity, and
environment). For example, the CALMT may use the sensors
to detect objects and features within the environment that are
useful for determining context(s).

In some embodiments, the CALMT may read or process
soft sensor data and application data (e.g., application data
module 230) in addition to or instead of raw sensor data.
Application data may include data from one or more mobile
or device applications such as: calendar, geo tagging, social
media data (e.g., facebook, twitter, linkedin, etc.), battery,
time of day, just to name a few. For example, based on being
in a close proximity to social network friends or “checking in”
to locations can be used to determine device location or
dynamism.

In some embodiments, leveraging data from the one or
more sensors or applications, the CALMT can infer a context
of the device or user. For example, the CALMT may read
Bluetooth data to determine that a high concentration of
nearby devices are broadcasting Bluetooth signals and there-
fore it may be likely the mobile device is in an urban envi-
ronment such as a shopping mall, office space, farmers mar-
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ket, or other environment (e.g., location) where there are is a
large number of other people in close proximity.

In some embodiments, location context may include:
home, office, corridor, mall, shopping area, restaurant,
indoors, and outdoors, just to name a few.

In some embodiments, motion context may include: sta-
tionary, walking, running, sitting, standing, driving a car,
riding a bike, riding a train, flying in a plane, and fiddling with
a device, just to name a few.

In some embodiments, activity context may include:
watching television, playing, reading, writing, meeting
people, looking at a screen, giving a presentation, eating,
shopping, cooking, attending a meeting, working alone,
attending a talk, exercising, on a phone, listening to music,
and sleeping, just to name a few.

In some embodiments, environment context may include:
sunny, daylight, nighttime, cloudy, rainy, and snowing, just to
name a few. As used herein, the environment context is related
to the environment of the particular device (e.g., the device
executing or integrated with the CALMT) or user if the device
is on the user’s person/nearby.

In one embodiment, context may be further categorized
into sub categories of location, motion, activity, and environ-
ment. For example, location context may be include indoor
context, outdoor context, uncluttered context, cluttered con-
text. Furthermore, motion context may include an excited or
unexcited context. As used herein the context may be two or
more compatible contexts (e.g., indoors, uncluttered and
excited, or any number of combinations).

In some embodiments, the CALMT can use a GPS (e.g.,
GPS 160) to determine a number of visible satellites and
respective received signal strengths (RSSI). For example,
based on the satellite reception and the RSSI, the CALMT can
infer the device is indoors or outdoors. For example, no/weak
satellite reception and low RSSI may infer the device is
indoors.

In some embodiments, the CALMT can use geo tagging
(e.g., from application data module 230, or application data
accessible to the CALMT) to determine context. The
CALMT can use geo tagging to discover a wide variety of
location-specific information. For example, for a given loca-
tion (e.g., latitude and longitude coordinates determined from
a GPS) location-based information, statistics, landscape/
building features, or other resources may be available. Fur-
thermore, the presence of a large amount of geo tagging
information for a particular location may infer how dynamic
of an environment exists. For example, in one embodiment,
tourist areas and shopping malls may have a greater amount
of geo tagging information.

In some embodiments, the CALMT can use WiFi (e.g.,
WiFi 111) to determine context. For example, the number of
visible access points and their respective RSSI’s may indicate
whether a device is indoors or outdoors. Further, WiFi based
positioning can be used to infer the room in the building (e.g.,
conference rooms, office rooms, meeting rooms, home, etc).
In some embodiments, the inferred locations can be com-
pared to a map to further determine more precise location
with an associated semantic meaning (e.g, meeting room
versus in office). Also, the amount/availability of WiFi con-
nections may indicate how dynamic the environment is. For
example, an office or shopping mall may have greater than
average numbers of WiFi connections and are dynamic envi-
ronments.

In some embodiments, the CALMT can use a microphone
(e.g., microphone 165) to detect audio direction or audio
levels within in the environment of the device or user. In some
embodiments, the CALMT can perform target sound detec-
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tion to determine the speech environment (i.e., presence or
absence of speech), audio clusters (possibly with pre-learnt
labels), and use this information to a infer user and device
situation. For example, based on processing microphone sen-
sor data or audio samples, the CALMT can determine the
device or user is indoors or outdoors and whether the user is
in a meeting, on the phone, in a conference call, or working
alone, just to name a few. Furthermore, the CALMT can use
a change in audio environment to identify how dynamic the
environment is. For example, measuring reverberation in the
audio signal (i.e., delay spread) contributes to determining
whether the sound is being bounced of interior surfaces (i.e.,
indoors). In one embodiment, for example, a loud sound level
may determine that the device is in a busy area (i.e., dynamic
environment), while a quiet sound level may infer a static
environment. In some embodiments, if the device has mul-
tiple microphones, the sound can be localized to obtain audio
directionality and this information could be further used to
understand which area of the environment in proximity to the
user is changing.

In some embodiments, the CALMT can use Bluetooth
(e.g., Bluetooth 166) scans to indicate nearby devices (e.g.,
mobile devices, computers, accessories etc.). For example, in
some embodiments, a high Bluetooth device count or broad-
cast density can infer that more devices are in environment
around the user. In some embodiments, changes in the mea-
sured values (e.g., increase or decrease in number of Blue-
tooth devices in the environment) can infer that the environ-
ment is dynamic.

In some embodiments, the CALMT can use cellular signal
strength (e.g., RSSI) to provide an indication of whether a
device is indoors or outdoors. For example, lower signal
strength may infer the device is indoors.

In some embodiments, the CALMT can use an accelerom-
eter (e.g., accelerometer 140) to determine whether a device
is on a user who is sitting, standing, walking, running, driving,
flying, or if the device is at rest (i.e., stationary). For example,
in some embodiments, if the device is in a driving state, then
it is more likely to be outdoors. In some embodiments, the
accelerometer can also be used to infer the position of the
device. For example, the CALMT can determine the device is
in user’s shirt pocket, pant pocket, in hand, holster, or other
position relative to the user.

In some embodiments, the CALMT can use the ambient
light sensor (e.g., ALS 135), UV sensor, and RGB sensor to
determine light intensity values consistent with being indoors
or outdoors. For example light intensity values observed out-
doors are typically much greater than the range of light inten-
sity values observed indoors. Further, in some embodiments,
if the ALS outputs a very high reading the confidence that the
device is outdoors may be very high. In some embodiments,
the CALMT may use one or more ALSs integrated into the
front and/or back of the device and use an average or com-
bined reading to determine context.

In some embodiments, the CALMT can use one or more
camera(s) (e.g., camera 170, or RGB sensor) to infer context.
For example, by computing red, green, and blue intensities
averaged over all the pixels in the camera (e.g., front and/or
back cameras) the color of the light can be assessed. In some
embodiments, the color of light can indicate to the CALMT
whether the light is sunlight or interior (e.g., florescent) light.
Furthermore, the image data can be further processed to infer
the presence of grass, sky, etc., to detect outdoors. In some
embodiments, the CALMT can also use image data to infer
the presence of ceilings and objects such as tables, chairs,
computers, to determine the device and user are indoors.
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In some embodiments, the CALMT may use a clock (e.g.,
clock 130) of the device to infer context. For example, if the
device is a mobile device typically carried with a user, at
certain times of the day users are much more likely to be
indoors (e.g., late at night or early in the morning).

In some embodiments, the CALMT may use a temperature
sensor (e.g., temperature sensor 151, or barometric pressure
sensor 155) or other source to determine the environment
weather. For example, if the device is a mobile device typi-
cally carried with a user, certain weather (e.g., snow, rain, or
very cold, or very hot) may indicate a greater than normal
likelihood that the device and user are indoors. In other
embodiments, the CALMT may query a remote server (e.g.,
internet query or mobile application) to determine up to date
weather information to use for context.

In some embodiments, the CALMT may use one or more
sensors (e.g., accelerometer, and GPS) to determine an
“excited” state of the device. For example, with rapid or
extreme movements and motion (i.e., running), the user of the
device may be in a heightened state (e.g., in a hurry), and the
CALMT may further infer that the performance of tracking
should be increased.

In some embodiments, the CALMT may use one or more
sensors (e.g., microphone, Bluetooth, and GPS) to determine
a “cluttered” state of the device. For example, the CALMT
may determine based on the dynamic context previously
described that the device is in a feature rich environment with
multiple nearby objects. Furthermore, in some embodiments,
the CALMT may determine a cluttered environment when the
device is in a shopping location, such as inside a mall or store
as determined from WiFi, GPS, geo tagging or other location
determination in combination with a map of the current loca-
tion. In other embodiments, the CALMT may query a remote
server (e.g., internet query or mobile application) to deter-
mine additional location information to use to determine
whether a current location is likely to be cluttered.

In some embodiments, the CALMT may use one geo tag-
ging, GPS, and other techniques to derive information about
a location to determine a “restricted” state of the device. For
example, in a museum or private building computer vision
generally and mapping specifically may be restricted based
on the property owner’s desire to maintain privacy or limit
certain technologies.

In some embodiments, the above described context detec-
tion methods and techniques are not exhaustive all possible
ways to determine context as described herein and are meant
to be merely a few examples of how context for a device or
user may be determined.

In some embodiments, in one embodiment, the CALMT
can create context based configurations (e.g., a context
parameter or computer vision task parameter) for the com-
puter vision based algorithms or tasks for mapping, localiza-
tion, or tracking. For example, configurations can include one
ormore of the following: a plurality of parameters controlling
the performance of a computer vision algorithm or task,
image features used by the CV algorithm or task, prior models
of appearance or motion, etc.

In some embodiments, the CALMT can use appropriate
context configurations to increase the performance or effi-
ciency of localization, mapping, and tracking. In some
embodiments, the choice of computer vision parameter may
depend the context. In some embodiments, context may also
help determine the values of certain parameters. Furthermore,
in some embodiments, certain parameters may be more
appropriate for visual mapping, visual localization and/or
visual tracking, or any other combination. For example, local-
ization or visual odometry does not need to build and main-
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tain a very detailed scene map suitable for a complicated 3D
reconstruction but can maintain a very sparse set of points
using which it can localize; and these behaviors can be con-
trolled by appropriate parameters.

In one embodiment, the CALMT determines context(s)
and records or updates a context flag, description, or record
accessible by the CALMT such that the CALMT can obtain
context at any point in processing or performing computer
vision. In some embodiments, the CALMT may create and
maintain a general configuration or parameter file with opti-
mized configurations to use for computer vision tasks in a
variety of types of context. For example, the configuration file
may contain all contexts and all possible parameters/configu-
rations, and contexts and parameters may be linked or asso-
ciated such that for any context an appropriate configuration
can be determined. In some embodiments, the computer
vision parameter can cause a respective computer vision task
to use one or more optimizations or constraints as described in
greater detail below.

In some embodiments, instead of reading separate configu-
ration or parameter file with one or more different configura-
tions associated with types of context, the localization, map-
ping, and tracking modules may be configured by the context
module. Alternatively, in some embodiments, the localiza-
tion, mapping, and tracking may update or self-configure in
accordance with reading or receiving a context determination
(e.g., from a context module). For example, the context
engine can determine an indoor location context and config-
ure mapping to use Manhattan world assumptions.

In some embodiments, context can improve the accuracy
and robustness of computer vision tasks in various ways as
discussed herein with exemplary implementations in map-
ping, localization, and tracking.

Asused herein computer vision tasks may comprise one or
more of mapping, localization, and tracking. Mapping (e.g.,
visual mapping) as used herein is related to building geomet-
ric and photometric representations of a scene/world from
video or image input. Localization (i.e., visual localization)
may be associated with the determining of a relative position
of an object or the device within a map or scene. Tracking
(e.g., visual tracking) as used herein may be associated with
the determining of a change in relative position of the device
within a map or scene.

In one embodiment, the CALMT can optimize mapping
and 3D visual modeling by imposing constraints on the map
environment based on context (e.g., location, environment,
motion, and activity context as described in greater detail
above).

For example, the CALMT or a context engine running on
the device, can determine the device or user is indoors (i.e.,
location context) based on sensor data (e.g., sensors 205), or
accelerometer application data such as from a calendar, social
networks, geo tagging, etc. In this example, the indoor loca-
tion context can be provided as input to the visual mapping
system and the CALMT or mapping system can use this
knowledge to load appropriate model priors before starting
the mapping task.

In other embodiments, with the knowledge that the user/
deviceis in indoor or outdoor environments, such information
can be used to build model priors for mapping task. For
example, most indoor environments contain regular struc-
tures with walls perpendicular to the floor, facades at right
angles, etc. and this type of information can be useful to build
the model prior. Alternatively, in some embodiments, if the
context engine (e.g., context module 225) running on the
device determines that the user is outdoors, the model priors
can be appropriately modified to represent outdoor facades.
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Leveraging such model priors and environment optimizations
in the mapping task may result in faster processing; more
accurate results, efficient convergence into the 3D model of
the environment, and assist in low power map building.
Leveraging such environment information or models in con-
text specific mapping situations may create more accurate
results than assuming a model or environment and ultimately
correct for any error in assumption.

In an alternate embodiment, the knowledge about the type
of'location can enhance the mapping process by helping with
the choice of the appropriate algorithm to be used for map-
ping. For example, if the CALMT has prior knowledge that
the region that has minimal (i.e., less than a baseline) texture,
the mapping system (e.g., mapping module 210) can deter-
mine to use an “edge-based” mapping algorithm. Alterna-
tively, if the environment is known to have more (i.e., a high
amount greater than baseline) texture such as paintings in
museums, then the mapping system could use this informa-
tion to use a “point-based” mapping algorithm. Furthermore,
if the CALMT has reasonably accurate indoor positioning
using algorithms such WiFi-localization, this can be boot-
strapped into the mapping algorithm along with available
information about building maps for improving the accuracy
of'the system.

In some embodiments, it may be possible to provide feed-
back to the user building the mapping system. In some
embodiments, such information about user and device con-
text can be used to suggest possible directions, such as where
the user needs to point their device to obtain an improved map
of the environment. For example, the CALMT may read or
determine context and update a user interface on the display
120 of the device. In some embodiments, the user interface
may contain directional indicators or elements (e.g., arrow,
lines or other visual/audio indicator to prompt or direct a user
to move the camera view to a different angle or in a specific
direction).

In some embodiments, the user interface may be updated
based on the context determination. For example, based on
determining a dynamic context in the eastern direction of the
device and a determination that a static context is detected in
the western direction of the device, arrows directing the user
to aim the camera view in the western direction may be
provided. In other examples, a cluttered area may be desired
or avoided in comparison to an uncluttered area and direction
indictors can be provided on the device display to help the
user aim the camera in specified directions. In one embodi-
ment, the CALMT can use compass, GPS, accelerometer and
microphone to track the camera view as well as the context of
a scene or map captured in a respective camera view.

In one embodiment, the CALMT can determine when to
initialize visual mapping, localization, or tracking. For
example, the CALMT can delay visual mapping, localization,
or tracking when a dynamic context is determined (e.g., by
the context engine or module 225). In some embodiments,
because dynamic scenes are inherently more difficult for
many computer vision implementations than static scenes,
the CALMT may use context to determine the whether the
current context is a dynamic context and delay providing or
processing computer vision until the scene becomes static.
For example, a crowded shopping mall may be constantly
changing due to people moving about the map or scene.
Without enough fixed points to create and maintain accurate
references, attempting to perform computer vision may result
in wasted processing power and user frustration. Therefore,
when the CALMT determines a scene or map is dynamic
performing computer vision may be postponed. In some
implementations, a message to a user of the device may be
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displayed and an option to attempt computer vision can be
provided despite the possibility of poor performance in the
dynamic scene.

In some embodiments, the CALMT may also, upon deter-
mining a dynamic context, select any number of cameras
(e.g., front, rear camera, or one or more additional cameras)
from a choice of cameras for computer vision. For example, a
dynamic scene containing movement of objects (e.g., people,
cars, etc.) within the scene may render some camera view-
points ineffective. In some embodiments, based on a dynamic
context determination, the CALMT can switch to an alternate
view to capture floor and ceiling information for visual local-
ization and tracking. In some embodiments, the CALMT
further determines which camera to use by determining a
dynamic context direction and coordinates with the camera(s)
of the device to perform computer vision using static scenes
from a static view.

In some embodiments, Keyframe (i.e., reference image)
selection is an important problem for visual mapping of the
environment and localization. In one embodiment, mapping
parameters may be based on a determination of a cluttered
context. In some embodiments, cluttered environments are
potentially feature rich environments especially useful for
computer vision. For example, inside stores within shopping
malls may have objects that may be useful to users of com-
puter vision (e.g., augmented reality representations for prod-
ucts). Based on the location of the mobile device in a cluttered
context, a keyframe creation rate can be increased to obtain
increased computer vision accuracy (e.g., in building a map or
scene using visual mapping). Further, the Mapping and
Localization system may also choose a different algorithm/
approach based on the amount of clutter in the scene. In some
embodiments, for example, the system could use lines, edges,
and rectangle based features or point based features based on
the amount of clutter.

In some embodiments, an uncluttered environment may be
feature sparse, due to the predominance of open spaces and
lack of detectable objects within the scene. Thus, in some
embodiments. the CALMT may therefore optimize mapping
and localization algorithms to use line features, vanishing
points, and rectangles. In some embodiments, due to the lack
of'objects within a scene, mapping and localization algorithm
may lower a keyframe rate to save power or conserve
resources.

In some embodiments, a CALMT used with visual map-
ping, the CALMT may determine the mobile device is in a
location with mapping restrictions. For example, a museum
may not allow for visual mapping while in the museum. In
some embodiments, the CALMT may disable visual mapping
upon determining the environment of the mobile phone (e.g.,
context) is a museum with restrictions on mapping and track-
ing.

In one embodiment, a number of mapping, localization and
tracking parameters may be based on a determination of an
indoor location context. For example, based on knowing that
the device is indoors based on user context, mapping, local-
ization and tracking parameters may be chosen appropriately.
In some embodiments, for example, such algorithms or tasks
may leverage Manhattan world assumptions for office loca-
tions, prior knowledge of object and object types in environ-
ment (e.g., office locations may contain computers, laptops,
monitors, file cabinets, fax machines, etc. while home envi-
ronments may contain objects such as blenders, microwaves,
televisions, game consoles, sofa, beds, etc.), bounded interior
scene dimensions, or modeling a map in terms of floor, wall
and ceiling surfaces.
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In some embodiments, bounded interior scene dimensions
optimize visual mapping by setting limits to the structure of
the map. In some embodiments, specifying bounded interior
scene dimensions is useful to constrain a model or map to
dimensions that are more quickly calculated and updated than
if no knowledge about dimensions were known. For example,
7 to 10 foot ceiling and walls may be more likely when
indoors. In some embodiments, for example, for an outdoor
context, boundaries on the map may be potentially limitless.

In some embodiments, indoor environments have regular
rectangles that are aligned with the coordinate system and this
information can be used as model priors to the mapping
algorithm. In some embodiments, similar to using bounded
interior constraints above, an aligned rectangle coordinate
system optimizes visual mapping to the aligned rectangle
coordinate system so mapping system does not have to try or
test other coordinate systems before determining a most accu-
rate setting. In some embodiments, by first determining an
indoor context (e.g., receiving context from the context mod-
ule, or reading sensor/application data to determine context),
the CALMT can perform visual mapping, localization, and
tracking with the most effective coordinate system for use in
indoor scenes.

In some embodiments, a computer vision parameter can
also specify the use of predetermined indoor objects and
indoor structures to be used in computer vision (e.g., visual
mapping). For example, common indoor objects such as
doors, knobs, desks, cups, a computer, etc. can be used to
more efficiently estimate the pose and location of the camera
view from captured images. In some embodiments, common
indoor structures are walls, ceilings, doors, windows, etc. In
some embodiments, one problem in computer vision is to
recover the structure of a scene and estimate a pose and
location of the camera viewpoint. In some embodiments, a
structure from motion (SFM) algorithm attempts to represent
the structure of a scene as a set of 3D points. However, point
based representations are often insufficient for robust com-
puter vision because 3D point based representations may not
inherently provide any semantic information. In some
embodiments, by configuring computer vision to more easily
recognize common indoor objects and structures, the indoor
objects and an entire scene or map are more likely to be
accurately modeled. For example, by expecting one or more
predetermined indoor objects or structures in a scene, com-
puter vision may search for properties associated with the
objects or structures. In some embodiments, once a predeter-
mined object or structure is detected, the semantic informa-
tion of the object can be used to model the interaction between
the camera view and the object, as well as the object and the
surrounding scene.

In some embodiments, the indoor context can be beneficial
to localization tasks. For instance, if the type of the indoor
location is known, the CALMT can determine if the location
is more likely to contain high or low amount of texture. Such
information can be used to choose the localization approach
and whether “point-based”, “line-based”, “edge-based” or
“rectangle-based” solutions are to be used.

In another embodiment, if the location is known to be
structures such as architectural scenes, such information can
be used to choose one or more cameras among the plurality of
cameras that are most useful for the localization task. For
instance, if it is known that the ceiling contains repeated
information, the camera pointing upward (toward the ceiling)
may not provide much useful information and this camera
could be turned off.

In one embodiment, a number of computer vision param-
eters may be based on a determination of an outdoor context.
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For example, based on an outdoor determination, computer
vision parameters may configure vision to use one or more of:
apanoramic model or tracker, dynamic world modeling, pre-
determined outdoor structural features, distant features, or
images from a ground facing camera.

In some embodiments, for outdoor scenes containing dis-
tant (i.e., far off) features, optimizing computer vision by
expecting distant features can be beneficial for orientation
determination and tracking. The CALMT can use horizon
line features for heading determination and the horizon line
can help to calibrate sensor-camera alignment.

In some embodiments, outdoor environments often lack
man-made structural features such as indoor objects, promi-
nent rectilinear shapes, or prominent lines. In some embodi-
ments, the CALMT can optimize computer vision to priori-
tize 3D points or features rather than attempting to search for
or process a scene based on indoor objects, rectilinear shapes
or prominent lines.

In some embodiments, for outdoor scenes contain distant
(i.e., far off) features. In some embodiments, optimizing com-
puter vision by expecting distant features can be beneficial for
orientation determination and tracking. For example, the
CALMT may use horizon line features for heading determi-
nation and the horizon line can help to calibrate sensor-cam-
era alignment.

In some embodiments, outdoor context related computer
vision parameters may also bypass or disable data collection
from the camera that points upwards towards the sky. Fur-
thermore, in some embodiments, while in a city, mapping
may be most efficient at several feet above the ground (due to
dynamic objects) or when the camera is pointed towards the
ground. In some embodiments, the CALMT may use loca-
tion, and viewing direction with respect to gravity to deter-
mine if a scene in view is feasible for mapping based on one
or more camera views/sensors.

The teachings herein may be incorporated into (e.g., imple-
mented within or performed by) a variety of apparatuses (e.g.,
devices). For example, one or more aspects taught herein may
be incorporated into a phone (e.g., a cellular phone), a per-
sonal data assistant (“PDA”), a tablet, a mobile computer, a
laptop computer, a tablet, an entertainment device (e.g., a
music or video device), a headset (e.g., headphones, an ear-
piece, etc.), a medical device (e.g., a biometric sensor, a heart
rate monitor, a pedometer, an EKG device, etc.), a user I/O
device, a computer, a server, a point-of-sale device, an enter-
tainment device, a set-top box, or any other suitable device.
These devices may have different power and data require-
ments and may result in different power profiles generated for
each feature or set of features.

In some aspects a wireless device may comprise an access
device (e.g., a Wi-Fi access point) for a communication sys-
tem. Such an access device may provide, for example, con-
nectivity to another network through transceiver 140 (e.g., a
wide area network such as the Internet or a cellular network)
via a wired or wireless communication link. Accordingly, the
access device may enable another device (e.g., a Wi-Fi sta-
tion) to access the other network or some other functionality.
In addition, it should be appreciated that one or both of the
devices may be portable or, in some cases, relatively non-
portable.

Those of skill in the art would understand that information
and signals may be represented using any of a variety of
different technologies and techniques. For example, data,
instructions, commands, information, signals, bits, symbols,
and chips that may be referenced throughout the above
description may be represented by voltages, currents, elec-
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tromagnetic waves, magnetic fields or particles, optical fields
or particles, or any combination thereof.

Those of skill would further appreciate that the various
illustrative logical blocks, modules, engines, circuits, and
algorithm steps described in connection with the embodi-
ments disclosed herein may be implemented as electronic
hardware, computer software, or combinations of both. To
clearly illustrate this interchangeability of hardware and soft-
ware, various illustrative components, blocks, modules,
engines, circuits, and steps have been described above gen-
erally in terms of their functionality. Whether such function-
ality is implemented as hardware or software depends upon
the particular application and design constraints imposed on
the overall system. Skilled artisans may implement the
described functionality in varying ways for each particular
application, but such implementation decisions should not be
interpreted as causing a departure from the scope of the
present disclosure.

The various illustrative logical blocks, modules, and cir-
cuits described in connection with the embodiments dis-
closed herein may be implemented or performed with a gen-
eral purpose processor, a digital signal processor (DSP), an
application specific integrated circuit (ASIC), a field pro-
grammable gate array (FPGA) or other programmable logic
device, discrete gate or transistor logic, discrete hardware
components, or any combination thereof designed to perform
the functions described herein. A general-purpose processor
may be a microprocessor, but in the alternative, the processor
may be any conventional processor, controller, microcontrol-
ler, or state machine. A processor may also be implemented as
a combination of computing devices, e.g., a combination of a
DSP and a microprocessor, a plurality of microprocessors,
one or more microprocessors in conjunction with a DSP core,
or any other such configuration.

The steps of a method or algorithm described in connection
with the embodiments disclosed herein may be embodied
directly in hardware, in a software module executed by a
processor, or in a combination of the two. A software module
may reside in RAM memory, flash memory, ROM memory,
EPROM memory, EEPROM memory, registers, hard disk, a
removable disk, a CD-ROM, or any other form of storage
medium known in the art. An exemplary storage medium is
coupled to the processor such the processor can read infor-
mation from, and write information to, the storage medium.
In the alternative, the storage medium may be integral to the
processor. The processor and the storage medium may reside
in an ASIC. The ASIC may reside in a user terminal. In the
alternative, the processor and the storage medium may reside
as discrete components in a user terminal.

In one or more exemplary embodiments (e.g., CALMT),
the functions or modules described may be implemented in
hardware (e.g., hardware 162), software (e.g., software 165),
firmware (e.g., firmware 163), or any combination thereof. If
implemented in software as a computer program product, the
functions or modules may be stored on or transmitted over as
one or more instructions or code on a non-transitory com-
puter-readable medium. Computer-readable media can
include both computer storage media and communication
media including any medium that facilitates transfer of a
computer program from one place to another. A storage media
may be any available media that can be accessed by a com-
puter. By way of example, and not limitation, such non-
transitory computer-readable media can comprise RAM,
ROM, EEPROM, CD-ROM or other optical disk storage,
magnetic disk storage or other magnetic storage devices, or
any other medium that can be used to carry or store desired
program code in the form of instructions or data structures
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and that can be accessed by a computer. Also, any connection
is properly termed a computer-readable medium. For
example, if the software is transmitted from a web site, server,
or other remote source using a coaxial cable, fiber optic cable,
twisted pair, digital subscriber line (DSL), or wireless tech-
nologies such as infrared, radio, and microwave, then the
coaxial cable, fiber optic cable, twisted pair, DSL, or wireless
technologies such as infrared, radio, and microwave are
included in the definition of medium. Disk and disc, as used
herein, includes compact disc (CD), laser disc, optical disc,
digital versatile disc (DVD), floppy disk and blu-ray disc
where disks usually reproduce data magnetically, while discs
reproduce data optically with lasers. Combinations of the
above should also be included within the scope of non-tran-
sitory computer-readable media.

The previous description of the disclosed embodiments is
provided to enable any person skilled in the art to make or use
the present invention. Various modifications to these embodi-
ments will be readily apparent to those skilled in the art, and
the generic principles defined herein may be applied to other
embodiments without departing from the spirit or scope of the
invention. Thus, the present invention is not intended to be
limited to the embodiments shown herein but is to be
accorded the widest scope consistent with the principles and
novel features disclosed herein.

What is claimed is:

1. A machine-implemented method for performing a com-
puter vision task, the method comprising:

inferring a context of a user or device, wherein the context

comprises one or more of motion, activity, environment,
or location, or any combination thereof;

configuring a computer vision task according to the

inferred context; and

performing the computer vision task, wherein the com-

puter vision task comprises at least one of:

mapping of an environment of the device,

localizing ofthe device or an object within the environment

of the device,

tracking ofthe device within the environment of the device,

or

any combination thereof.

2. The machine-implemented method of claim 1, wherein
the inferring a context comprises reading sensor data to infer
the context of the user or the device, wherein the sensor data
is from one or more of: Bluetooth sensor, microphone, cam-
era(s), global positioning sensor (GPS), WiFi, proximity sen-
sor, temperature sensor, barometric (i.e., pressure) sensor,
ambient light sensor (ALS), red-green-blue (RGB) color sen-
sor, ultra-violet (UV) sensor, UV-A sensor, UV-B sensor,
fingerprint sensor, touch sensor, accelerometer, gyro, com-
pass, magnetometer, or any combination thereof.

3. The machine-implemented method of claim 1, wherein
the inferring a context comprises reading application data to
infer the context of the user or the device, wherein the appli-
cation data is from one or more of: calendar, geo tagging,
social media data, battery, time of day, or any combination
thereof.

4. The machine-implemented method of claim 1, wherein
the configuring the computer vision task includes one or more
of:

selecting parameters of an algorithm associated with the

task;

selecting a prior model as inputs to the algorithm associ-

ated with the task;

selecting an approach to solve the problem based on envi-

ronment constants; or any combination thereof.
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5. The machine-implemented method of claim 4, wherein
the configuring the computer vision task includes one or more
of:

using edge based methods;

using point based methods;

using rectangle based methods; or

any combination thereof.

6. The machine-implemented method of claim 1, wherein
the context is an indoor context and the computer vision task
uses information associated with the indoor context to modify
the computer vision task configuration for use with one or
more of: an aligned rectangle coordinate system, bounded
interior scene dimensions, predetermined objects, indoor
structural features, or any combination thereof.

7. The machine-implemented method of claim 1, wherein
the context is an outdoor context and the computer vision task
uses information associated with the outdoor context to
modify the computer vision task configuration for use with
one or more of: dynamic world modeling, predetermined
outdoor structural features, distant features, a panoramic
model or tracker, images from a ground facing camera, or any
combination thereof.

8. The machine-implemented method of claim 1, wherein
the context is a cluttered context and the computer vision task
uses information associated with the cluttered context to
modify the computer vision task configuration for use with
one or more of: feature point calculations, increasing a key-
frame rate, or any combination thereof.

9. The machine-implemented method of claim 1, wherein
the context is an uncluttered context and the computer vision
task uses information associated with the uncluttered context
to modify the computer vision task for use with one or more
of:

decreasing a keyframe rate,

using one or more features of: lines, vanishing points,

rectangles, or any combination thereof, or

any combination thereof.

10. The machine-implemented method of claim 1, wherein
when the context is an excited context, the computer vision
task increases a number of tracked features, and wherein
when the context is an unexcited context the computer vision
task decreases the number of tracked features.

11. The machine-implemented method of claim 1, wherein
the context is a dynamic context and the computer vision task
uses information associated with the dynamic context to
modify the computer vision task configuration for use with
one or more of:

delaying performing the computer vision task until the

context is determined to be static,

selecting one of a plurality of camera sensors to capture a

static portion of the dynamic environment and perform-
ing the computer vision task using the selected camera
sensor, or

any combination thereof.

12. The machine-implemented method of claim 1, wherein
the context is a combination of two or more of: a location
context, an environment context, an activity context, a motion
context, or any combination thereof.

13. The machine-implemented method of claim 1, further
comprising:

providing, for the computer vision task, a suggested cam-

era direction or viewpoint based on the inferred context.

14. A machine readable non-transitory storage medium
containing executable program instructions which cause a
data processing device to perform a method for performing a
computer vision task, the method comprising:

Meta Platforms, Inc.

Exhibit 1018
Page 013



US 9,367,811 B2

17

inferring a context of a user or device, wherein the context
comprises one or more of: motion, activity, environ-
ment, location, or any combination thereof;

configuring a computer vision task according to the
inferred context; and

performing the computer vision task, wherein the com-

puter vision task comprises at least one of:

mapping of an environment of the device,

localizing ofthe device or an object within the environment

of the device,

tracking ofthe device within the environment of the device,

or any combination thereof.

15. The medium of claim 14, wherein the inferring a con-
text comprises reading sensor data to infer the context of the
user or the device, wherein the sensor data is from one or more
of: Bluetooth sensor, microphone, camera(s), global position-
ing sensor (GPS), WiFi, proximity sensor, temperature sen-
sor, barometric (i.e., pressure) sensor, ambient light sensor
(ALS), red-green-blue (RGB) color sensor, ultra-violet (UV)
sensor, UV-A sensor, UV-B sensor, fingerprint sensor, touch
sensor, accelerometer, gyro, compass, magnetometer, or any
combination thereof.

16. The medium of claim 14, wherein the inferring a con-
text comprises reading application data to infer the context of
the user or the device, wherein the application data is from
one or more of: calendar, geo tagging, social media data,
battery, time of day, or any combination thereof.

17. The medium of claim 14, wherein the context com-
prises one or more of: motion, activity, environment, location,
or any combination thereof.

18. The medium of claim 14, wherein the configuring the
computer vision task includes one or more of:

selecting parameters of an algorithm associated with the

task;

selecting a prior model as inputs to the algorithm associ-

ated with the task;

selecting an approach to solve the problem based on envi-

ronment constants; or

any combination thereof.

19. The medium of claim 18, wherein the configuring the
computer vision task includes one or more of:

using edge based methods;

using point based methods;

using rectangle based methods; or

any combination thereof.

20. The medium of claim 14, wherein the context is an
indoor context and the computer vision task uses information
associated with the indoor context to modify the computer
vision task configuration for use with one or more of: an
aligned rectangle coordinate system, bounded interior scene
dimensions, predetermined objects, indoor structural fea-
tures, or any combination thereof.

21. The medium of claim 14, wherein the context is an
outdoor context and the computer vision task uses informa-
tion associated with the outdoor context to modify the com-
puter vision task configuration for use with one or more of:
dynamic world modeling, predetermined outdoor structural
features, distant features, a panoramic model or tracker,
images from a ground facing camera, or any combination
thereof.

22. The medium of claim 14, wherein the context is a
cluttered context and the computer vision task uses informa-
tion associated with the cluttered context to modify the com-
puter vision task configuration for use with one or more of:
feature point calculations, increasing a keyframe rate, or any
combination thereof.
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23. The medium of claim 14, wherein the context is an
uncluttered context and the computer vision task uses infor-
mation associated with the uncluttered context to modify the
computer vision task configuration for use with one or more
of:

decreasing a keyframe rate,

using one or more features of: lines, vanishing points,

rectangles, or any combination thereof, or

any combination thereof.

24. The medium of claim 14, wherein when the context is
an excited context the computer vision task increases a num-
ber of tracked features, and wherein when the context is an
unexcited context the computer vision task decreases the
number of tracked features.

25. The medium of claim 14, wherein the context is a
dynamic context and the computer vision task uses informa-
tion associated with the dynamic context to modify the com-
puter vision task configuration for use with one or more of:

delaying performing computer the vision task until the

context is determined to be static,

selecting one of a plurality of camera sensors to capture a

static portion of the dynamic environment and perform-
ing the computer vision task using the selected camera
sensor, or

any combination thereof.

26. The medium of claim 14, wherein the context is a
combination of two or more of: a location context, an envi-
ronment context, an activity context, a motion context, or any
combination thereof.

27. The medium of claim 14, further comprising:

providing, for the computer vision task, a suggested cam-

era direction or viewpoint based on the inferred context.

28. A system for performing a computer vision task, the
system comprising:

a processor; and

a storage device coupled to the processor and configurable

for storing instructions, which, when executed by the
processor cause the processor to:

infer a context of a user or device, wherein the context

comprises one or more of: motion, activity, environ-
ment, location, or any combination thereof;

configure a computer vision task according to the inferred

context; and

perform the computer vision task, wherein the computer

vision task is configured to:

map an environment of the device,

localize the device or an object within the environment of

the device, or

track the device within the environment of the device.

29. The system of claim 28, wherein the inferring a context
comprises reading sensor data to infer the context of the user
or the device, wherein the sensor data is from one or more of:
Bluetooth sensor, microphone, camera(s), global positioning
sensor (GPS), WiFi, proximity sensor, temperature sensor,
barometric (i.e., pressure) sensor, ambient light sensor
(ALS), red-green-blue (RGB) color sensor, ultra-violet (UV)
sensor, UV-A sensor, UV-B sensor, fingerprint sensor, touch
sensor, accelerometer, gyro, compass, magnetometer, or any
combination thereof.

30. The system of claim 28, wherein the inferring a context
comprises reading application data to infer the context of the
user or the device, wherein the application data is from one or
more of: calendar, geo tagging, social media data, battery,
time of day, or any combination thereof.

31. The system of claim 28, wherein the configuring the
computer vision task comprises the processor executing one
or more of instructions to:
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select parameters of an algorithm associated with the task;

select a prior model as inputs to the algorithm associated

with the task;

select an approach to solve the problem based on environ-

ment constants; or

any combination thereof.

32. The system of claim 31, wherein the configuring the
computer vision task comprises the processor executing one
or more of instructions to:

use edge based methods;

use point based methods;

use rectangle based methods; or

any combination thereof.

33. The system of claim 28, wherein the context is an
indoor context and the computer vision task uses information
associated with the indoor context to modify the computer
vision task configuration for use with one or more of: an
aligned rectangle coordinate system, bounded interior scene
dimensions, predetermined objects, indoor structural fea-
tures, or any combination thereof.

34. The system of claim 28, wherein the context is an
outdoor context and the computer vision task uses informa-
tion associated with the outdoor context to modify the com-
puter vision task configuration for use with one or more of:
dynamic world modeling, predetermined outdoor structural
features, distant features, a panoramic model or tracker,
images from a ground facing camera, or any combination
thereof.

35. The system of claim 28, wherein the context is a clut-
tered context and the computer vision task uses information
associated with the cluttered context to modity the computer
vision task configuration for use with one or more of: feature
point calculations, increasing a keyframe rate, or any combi-
nation thereof.

36. The system of claim 28, wherein the context is an
uncluttered context and the computer vision task uses infor-
mation associated with the uncluttered context to modify the
computer vision task configuration for use with one or more
of instructions to:

decrease a keyframe rate,

use one or more features of: lines, vanishing points, rect-

angles, or any combination thereof, or

any combination thereof.

37. The system of claim 28, wherein when the context is an
excited context the computer vision task increases a number
of tracked features, and wherein when the context is an unex-
cited context the computer vision task decreases the number
of tracked features.

38. The system of claim 28, wherein the context is a
dynamic context and the computer vision task uses informa-
tion associated with the dynamic context to modify the com-
puter vision task configuration for use with one or more of
instructions to:

delay performing the computer vision task until the context

is determined to be static,

select one of a plurality of camera sensors to capture a static

portion of the dynamic environment and performing the
computer vision task using the selected camera sensor,
or

any combination thereof.

39. The system of claim 28, wherein the context is a com-
bination of two or more of: a location context, an environment
context, an activity context, a motion context, or any combi-
nation thereof.

40. The system of claim 28, further comprising instructions
to:
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provide, for the computer vision task, a suggested camera

direction or viewpoint based on the inferred context.
41. An apparatus for performing a computer vision task,
the apparatus comprising:
means for inferring a context of a user or device, wherein
the context comprises one or more of: motion, activity,
environment, location, or any combination thereof;

means for configuring a computer vision task according to
the inferred context; and

means for performing the computer vision task, wherein

the computer vision task comprises at least one of:

a mapping of an environment of the device,

a localizing the device or an object within the environment

of the device,

a tracking of the device within the environment of the

device, or

any combination thereof.

42. The apparatus of claim 41, wherein the means for
inferring a context comprises means for reading sensor datato
infer the context of the user or the device, wherein the sensor
data is from one or more of: Bluetooth sensor, microphone,
camera(s), global positioning sensor (GPS), WiFi, proximity
sensor, temperature sensor, barometric (i.e., pressure) sensor,
ambient light sensor (ALS), red-green-blue (RGB) color sen-
sor, ultra-violet (UV) sensor, UV-A sensor, UV-B sensor,
fingerprint sensor, touch sensor, accelerometer, gyro, com-
pass, magnetometer, or any combination thereof.

43. The apparatus of claim 41, wherein the means for
inferring a context comprises means for reading application
data to infer the context of the user or the device, wherein the
application data is from one or more of: calendar, geo tagging,
social media data, battery, time of day, or any combination
thereof.

44. The apparatus of claim 41, wherein the means for
configuring the computer vision task includes one or more of:

means for selecting parameters of an algorithm associated

with the task;

means for selecting a prior model as inputs to the algorithm

associated with the task;

means for selecting an approach to solve the problem based

on environment constants, or

any combination thereof.

45. The apparatus of claim 44, wherein the means for
configuring the computer vision task further includes one or
more of:

means for using edge based methods;

means for using point based methods;

means for using rectangle based methods; or

any combination thereof.

46. The apparatus of claim 41, wherein the context is an
indoor context and the computer vision task uses information
associated with the indoor context to modify the computer
vision task configuration for use with one or more of: an
aligned rectangle coordinate system, bounded interior scene
dimensions, predetermined objects, indoor structural fea-
tures, or any combination thereof.

47. The apparatus of claim 41, wherein the context is an
outdoor context and the computer vision task uses informa-
tion associated with the outdoor context to modify the com-
puter vision task configuration for use with one or more of:
dynamic world modeling, predetermined outdoor structural
features, distant features, a panoramic model or tracker,
images from a ground facing camera, or any combination
thereof.

48. The apparatus of claim 41, wherein the context is a
cluttered context and the computer vision task uses informa-
tion associated with the cluttered context to modify the com-
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puter vision task configuration for use with one or more of:
feature point calculations, increasing a keyframe rate, or any
combination thereof.

49. The apparatus of claim 41, wherein the context is an
uncluttered context and the computer vision task uses infor-
mation associated with the uncluttered context to modify the
computer vision task configuration for use with one or more
of:

means for decreasing a keyframe rate, or

means for using one or more features of: lines, vanishing

points, rectangles, or any combination thereof, or

any combination thereof.

50. The apparatus of claim 41, wherein when the context is
an excited context the computer vision task increases a num-
ber of tracked features, and wherein when the context is an
unexcited context the computer vision task decreases the
number of tracked features.

51. The apparatus of claim 41, wherein the context is a
dynamic context and the computer vision task uses informa-
tion associated with the dynamic context to modify the com-
puter vision task configuration for use with one or more of:

means for delaying performing the computer vision task

until the context is determined to be static,

means for selecting one of a plurality of camera sensors to

capture a static portion of the dynamic environment and
performing the computer vision task using the selected
camera sensor, or

any combination thereof.

52. The apparatus of claim 41, wherein the context is a
combination of two or more of: a location context, an envi-
ronment context, an activity context, a motion context, or any
combination thereof.

53. The apparatus of claim 41, further comprising:

means for providing, for the computer vision task, a sug-

gested camera direction or viewpoint based on the
inferred context.

54. A machine-implemented method for performing a
computer vision task, the method comprising:

inferring a context of a user or device, wherein the inferring

a context comprises reading sensor data to infer the
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context of the user or the device, wherein the sensor data
is from one or more of: Bluetooth sensor, microphone,
camera(s), global positioning sensor (GPS), WiFi, prox-
imity sensor, temperature sensor, barometric (i.e., pres-
sure) sensor, ambient light sensor (ALS), red-green-blue
(RGB) color sensor, ultra-violet (UV) sensor, UV-A sen-
sor, UV-B sensor, fingerprint sensor, touch sensor, accel-
erometer, gyro, compass, magnetometer, or any combi-
nation thereof;

configuring a computer vision task according to the
inferred context; and

performing the computer vision task, wherein the com-
puter vision task further comprises at least one of:

mapping of an environment of the device,

localizing of the device or an object within the environment
of the device,

tracking of the device within the environment of the device,
or

any combination thereof.

55. A machine-implemented method for performing a

computer vision task, the method comprising:

inferring a context of a user or device, wherein the inferring
a context comprises reading application data to infer the
context of the user or the device, wherein the application
datais from one or more of: calendar, geo tagging, social
media data, battery, time of day, or any combination
thereof;

configuring a computer vision task according to the
inferred context; and

performing the computer vision task, wherein the com-
puter vision task further comprises at least one of:

mapping of an environment of the device,

localizing of the device or an object within the environment
of the device,

tracking of the device within the environment of the device,
or

any combination thereof.

#* #* #* #* #*
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