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AUGMENTED REALITY DISPLAY DEVICE WITH DEEP LEARNING SENSORS

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] This application claims the benefit of prionty to U.S. Patent Application
No. 62/377.835, filed August 22, 2016, entitled SYSTEMS AND METHODS FOR
AUGMENTED REALITY, which 1s hereby incorporated by reference herein in its entirety.

BACKGROUND
Field

[0002] The present disclosure relates to augmented reality systems that use deep
learning neural networks to combine multiple sensor inputs {e.g., inertial measurement units,
cameras, depth sensors, microphones) into a unified pathway comprising shared layers and
upper lavers that perform multiple functionalities (e.g., face recognition, location and
mapping, object detection, depth estimation, etc.).

[0003] Modern computing and display technologies have facilitated the
development of systems for so called “virtual reality” or “augmented reality” experiences,
wherein digitally reproduced umages or portions thereof are presented to a user in a manner
wherein they seem to be, or may be percetved as, real A viurtual reality, or “VR”, scenario
typically involves presentation of digital or virtual image information without transparency to
other actual real-world visual mput; an augmented reality, or “AR”, scenario typically
mvolves presentation of digital or virtual image information as an augmentation to

visualization of the actual world around the user.

SUMMARY
[6004] In one aspect, a head-mounted augmented reality { AR} device can include
a hardware processor programmed to receive different types of sensor data from a plurahity of
sensors {e.g., an mertial measurement unit, an outward-facing camera, a depth sensing
camera, an eve imaging camera, of a microphone); and determining an event of a plurality of
events using the different types of sensor data and a hydra newral network {eg., face
recognmtion, visual search, gesture identification, semantic segmentation, object detection,

lighting detection, simultaneous localization and mapping, relocalization}. In another aspect,

-
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a system for training a hydra neural network 18 also disclosed. In yet another aspect, a
method for training a hydra newral network or using a trained hydra neural network for
determining an event of a plurality of different types of events 1s disclosed.

[0004] Details of one or more implementations of the subject matter described mn
this specification are set forth in the accompanying drawings and the description below.
Other features, aspects, and advantages will become apparent from the description, the
drawings, and the claims. Netther this summary nor the following detailed description

purports to define or himit the scope of the inventive subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] FIG. 1 depicts an itlustration of an augmented reality scenario with certain
virtual reality objects, and certain physical objects viewed by a person.

[0006] FIGS. 2A-2D schematically illustrate examples of a wearable system.

[06007] FIG. 3 schematically illustrates coordination between cloud computing
assets and local processing assets.

[0008] FIG. 4 schematically illustrates an example system diagram of an
electromagnetic (EM) tracking system.

[6009] FIG. 5 15 a flowchart describing example functioning of an embodiment of
an electromagnetic tracking system.

[6010] FIG. 6 schematically illustrates an example of an electromagnetic tracking
system mcorporated with an AR system,

[6011] FIG. 7 15 a flowchart describing functioning of an example of an
electromagnetic tracking system in the context of an AR device.

6012} FIG. 8 schematically illustrates examples of components of an
embodiment of an AR system.

6013} FIGS. 9A-9F schematically illustrate examples of a quick release module.

[0014] Fi1(3. 10 schematically illustrates a head-mounted display system.

[601 5] FIGS. 11A and 11B schematically illustrate examples of electromagnetic
sensing coils coupled to a head-mounted display.

[6016] FIGS. 12A-12E schematically illustrate example configurations of a ferrite

core that can be coupled to an electromagnetic sensor.
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16017} FIG. 13A 15 a block diagram that schematically illustrates an example of
an EM transmutter circuit (EM emitter} that is frequency division multiplexed (FDM).

[6018&] FIG. 13B is a block diagram that schematically illustrates an example of
an EM receiver circuit (EM sensor) that is frequency division multiplexed.

[6019] FI1G. 13C is a block diagram that schematically illustrates an example of
an EM transmatter circuit that 1s time division multiplexed (TDM).

0026} FIG. 13D 1s a block diagram that schematically illustrates an example of a
dynamically tunable circuit for an EM transmitter.

[0021] FIG. 13E 15 a graph showing examples of resonances that can be achieved
by dynamically tuning the circuit shown in FIG. 13D.

(6022} FIG. 13F illustrates an example of a timing diagram for a time division
multiplexed EM transmitter and receiver.

(6023} FIG. 13G illustrates an example of scan timing for a time division
multiplexed EM transmitter and receiver.

[0024] FIG. 13H 15 a block diagram that schematically illustrates an example of a
TDM receiver in EM tracking system.

(0025} FIG. 131 1s a block diagram that schematically 1llustrates an example of an
EM recerver without automatic gain control (AGC).

[6026] FIG. 13315 a block diagram that schematically 1llustrates an example of an
EM transmuitter that employs AGC.

(6027} FIGS. 14 and 15 are flowcharts that illustrate examples of pose tracking
with an electromagnetic tracking system n a head-mounted AR system.

[6028] FIGS. 16A and 16B schematically iflustrates examples of components of
other embodiments of an AR system.

[0029] FIG 17A schematically illustrates an example of a resonant circwit in a
transmitter in an electromagnetic tracking system.

6030} FI(G 17B 1s a graph that shows an example of a resonance at 22 kHz in the
resonant circuit of FIG. 17A.

[0031] FIG 17C 1s a graph that shows an example of current flowing through a
resonant Cicuit.

[0032] FIGS. 17D and 17E schematically illustrate examples of a dynanmically
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tunable configuration for a resonant circuit in an EM field transmiiter of an electromagnetic
tracking system.

6033} FIG. 17F 1s a graph that shows examples of dynamically tuned resonances
by changing the value of the capacitance of capaciior C4 in the example circuit shown in
FIGI7E

[0034] FIG.17G 1s a graph that shows examples of the maximum current achieved
at various resonant frequencies.

[0035] FIG. 18A 15 a block diagram that schematically shows an example of an
electromagnetic field sensor adjacent an audio speaker.

[0036] FIG. 188 1s a block diagram that schematically shows an example of an
electromagnetic field sensor with a noise canceling system that receives input from both the
sensor and the external audio speaker.

[6037] FIG. 18C 15 a graph that shows an example of how a signal can be inverted
and added to cancel the magnetic interference caused by an audio speaker.

[0038] FIG. 18D 15 a flowchart that shows an example method for canceling
mterference received by an EM sensor in an EM tracking system.

[0039] FIG. 19 schematically shows use of a pattern of lights to assist in
calibration of the vision system.

[6040] FIGS. 20A-20C are block diagrams of example circuits usable with
subsystems or components of a wearable display device.

[8041] FIG. 21 13 a graph that shows an example of fusing output from an IMU,
an electromagnetic tracking sensor, and an optical sensor.

[06042] FIGS. 22A-22C  schematically  illustrate  additional  examples of
electromagnetic sensing coils coupled to a head-mounted display.

[0043] FIGS, 23A-23C schematically illustrate an example of recalibrating a
head-mounted display using electromagnetic signals and an acoustic signal.

[0044] FIGS,  24A-24D  schematically  illustrate  additional examples of
recalibrating a head-mounted display using a camera or a depth sensor.

[0045] FIGS. 25A and 25B schematically illustrate techniques for resolving
position ambiguity that may be associated with an electromagnetic tracking system.

[0046] FIG. 26 schematically illustrates an example of feature extraction and
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generation of sparse 3-I map points.

[0047] FIG 27 15 a flowchart that shows an example of a method for vision based
pose calculation.

[0048] FIGS. 28A-28F schematically iHustrate examples of sensor fusion.

[6049] FIG. 29 schematically illustrates an example of a Hydra neural network
architecture.

[0056] Throughout the drawings, reference numbers may be re-used to indicate
correspondence between referenced elements. The drawings are provided to illustrate
example embodiments described herein and are not intended to limut the scope of the

disclosure.

DETAILED DESCRIPTION

Overview of AR VR and Localization Svstems

[0051] In FIG. | an augmented reality scene (4) 1s depicted wherein a user of an
AR technology sees a real~-world park-like setting (6) featuring people, trees, buildings n the
background, and a concrete platform (1120}, In addition to these items, the user of the AR
technology also perceives that he “sees” a robot statue (1110) standing upon the real-world
platform (1120), and a cartoon-like avatar character (2) flying by which seems to be a
persomfication of a bumble bee, even though these elements (2, 1110} do not exist 1n the real
world. As 1t turns out, the human visual perception system 18 very complex, and producing a

/R or AR technology that facilitates a comfortable, natural-feeling, rich presentation of
virtual image elements amongst other virtual or real-world imagery elements 1s challenging.

[6052] For instance, head~-worn AR displays {or helmet-mounted displays, or
smart glasses) typically are at least loosely coupled to a user’s head, and thus move when the
user’s head moves. If the user’s head motions are detected by the display system, the data
being displayed can be updated to take the change in head pose into account.

[0053] As an example, if a user wearing a head-worn display views a virtual
representation of a three-dimensional (3D} object on the display and walks around the area
where the 3D object appears, that 3D object can be re-rendered for each viewpoint, giving
the user the perception that he or she 1s walking around an object that occupies real space. If

the head-worn display 1s used to present multiple objects within a virtual space {for instance,
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a rich virtual world), measurements of head pose {e.g., the location and orientation of the
user’s head) can be used to re-render the scene to match the user’s dynamically changing
head location and orientation and provide an increased sense of immersion in the virtual
space.

[6054] In AR systems, detection or calculation of head pose can facilitate the
display system to render virtual objects such that they appear to occupy a space in the real
world in a manner that makes sense to the user. In addition, detection of the position and/or
orientation of a real object, such as handheld device {(which also may be referred 1o as a
“toten”}, haptic device, or other real physical object, in relation to the user’s head or AR
system may also facilitate the display system in presenting display information to the user to
enable the user to interact with certain aspects of the AR system efficiently. As the user’s
head moves around in the real world, the virtual objects may be re-rendered as a function of
head pose, such that the virtual objects appear to remain stable relative to the real world. At
least for AR applications, placement of virtual objects in spatial relation to physical objects
{e.g., presented to appear spatially proximate a physical object in two-~ or three-dimensions)
may be a non-trivial problem. For example, head movement may significantly complicate
placement of virtual objects in a view of an ambient environment. Such 1s true whether the
view 1s captured as an image of the ambient environment and then projected or displayed to
the end user, or whether the end user perceives the view of the ambient environment directly.
For instance, head movement will likely cause a field of view of the end user to change,
which will likely require an update to where various virtual objects are displayed i the field
of the view of the end user. Additionally, head movements may occur within a large variety
of ranges and speeds. Head movement speed may vary not only between different head
movements, but within or across the range of a single head movement. For instance, head
movement speed may iitially increase (e.g., lingarly or not) from a starting point, and may
decrease as an ending point 1s reached, obtaining a maximum speed somewhere between the
starting and ending points of the head movement. Rapid head movements may even exceed
the ability of the particular display or projection technology to render images that appear
uniform and/or as smooth motion to the end user.

[6055] Head tracking accuracy and latency {(e.g., the elapsed time between when

the user moves his or her head and the time when the image gets updated and displayed to the
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user} have been challenges for VR and AR systems. Especially for display systems that {ilf a
substantial portion of the user’s visual field with virtoal elements, it 1s advantageous if the
accuracy of head-tracking is high and that the overall system latency 1s very low from the
first detection of head motion to the updating of the light that is delivered by the display to
the user’s visual system. If the latency is high, the system can create a mismatch between the
user’s vestibular and visual sensory systems, and generate a user perception scenario that can
lead to motion sickness or simulator sickness. If the system latency is high, the apparent
location of virtual objects will appear unstable during rapid head motions.

6056} in addition to head-worn display systems, other display systems can
benefit from accurate and low latency head pose detection. These include head-tracked
display systems in which the display is not worn on the user’s body, but is, g, mounted on
a wall or other surface. The head-tracked display acts like a window onto a scene, and as a
user moves his head relative to the “window” the scene s re-rendered to match the user’s
changing viewpoint. Gther systems include a head-worn projection system, in which a head-
worn display projects light onto the real world.

[6057] Additionally, in order to provide a realistic augmented reality experience,
AR systems may be designed to be interactive with the user. For example, multiple users
may play a ball game with a virtual ball and/or other virtual objects. One user may “catch”
the virtual ball, and throw the ball back to another user. In another embodiment, a first user
may be provided with a totem {e.g., a real bat communicatively coupled to the AR system) to
hit the virtual ball.  In other embodiments, a virtual user interface may be presented to the
AR user to allow the user to select one of many options. The user may use totems, haptic
devices, wearable components, or simply touch the virtual screen to interact with the system.

[6058&] Detecting head pose and orientation of the user, and detecting a physical
location of real objects in space enable the AR system to display virtual content in an
effective and enjovable manner. However, although these capabilities are key to an AR
svstem, but are difficult to achieve. In other words, the AR svstem can recognize a physical
location of a real object (e.g., user’s head, totem, haptic device, wearable component, user’s
hand, etc.} and correlate the physical coordinates of the real object to virtual coordinates
corresponding to one or more virtual objects being displayed to the user. This generally

requires highly accurate sensors and sensor recognition systems that track a position and

~3
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orientation of one or more objects at rapid rates. Current approaches do not perform
localization at satisfactory speed or precision standards.
6059} Thus, there is a need for a better localization system in the context of AR

and VR devices.

Example AR and VR Svystems and Components

6060} Referring to FIGS. 2A-2D, some general componentry options are
itlustrated. In the portions of the detatled description which follow the discussion of FIGS.
2A-2D, various systems, subsystems, and components are presented for addressing the
objectives of providing a high-quality, comfortably-perceived display system for human VR
and/or AR

[0061] As shown m Figure ZA, an AR system user {60} is depicted wearing head
mounted component {58) featuring a frame (64) structure coupled to a display system (62)
positioned 1o front of the eves of the user. A speaker (66) 1s coupled to the frame (64) in the
depicted configuration and positioned adjacent the ear canal of the user {in one embodiment,
another speaker, not shown, 1s positioned adjacent the other ear canal of the user to provide
for stereo / shapeable sound control). The display (62) 1s operatively coupled (68), such as
by a wired lead or wireless connectivity, to a local processing and data module (70) which
may be mounted in a variety of configurations, such as fixedly attached to the frame (64),
fixedly attached to a helmet or hat (80} as shown 1n the embodiment of Figure 2B, embedded
in headphones, removably attached to the torso (82) of the user (60) mn a backpack-style
configuration as shown m the embodiment of Figure 2C, or removably attached to the hip
{84) of the user {60} m a belt-coupling style configuration as shown n the embodiment of
Figure 2D

[8062] The local processing and data module (70} may comprise a power-
efficient processor or controller, as well as digital memory, such as flash memory, both of
which may be utilized to assist in the processing, caching, and storage of data a} captured
from sensors which may be operatively coupled to the frame (64), such as image capture
devices (such as cameras), microphones, inertial measwrement units, accelerometers,
compasses, GPS units, radio devices, and/or gyvros, and/or b) acquired and/or processed

using the remote processing module (72) and/or remote data repository {(74), possibly for
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passage to the display (62) after such processing or retrieval. The local processing and data
module {70) may be operatively coupled (76, 78), such as via a wired or wireless
communication finks, to the remote processing module (72} and remote data repository (74)
such that these remote modules {72, 74} are operatively coupled to each other and available
as resources to the local processing and data module (70).

[0063] In one embodiment, the remote processing module (72} may comprise one
or more relatively powerful processors or controllers configured to analyze and process data
and/or image information. In one embodiment, the remote data repository {74) may
comprise a relatively large-scale digital data storage facility, which may be available through
the internet or other networking configuration in a “cloud” resource configuration. In one
embodiment, all data is stored and all computation is performed in the local processing and
data module, allowing fully autonomous use from any remote modules.

[0064] Referring now to FIG. 3, a schematic dlustrates coordination between the
cloud computing assets (46) and local processing assets, which may, for example reside in
head mounted componentry (58) coupled to the user’s head (120) and a local processing and
data module (70), coupled to the user’s belt (308; therefore the component 70 may also be
termed a “belt pack” 70), as shown in Figure 3. In one embodiment, the cloud (46) assets,
such as one or more server systems {110} are operatively coupled (113}, such as via wired or
wireless networking {(wireless being preferred for mobility, wired being preferred for certamn
high-bandwidth or high-data-volume transfers that may be desired), directly to {40, 42} one
or both of the local computing assets, such as processor and memory configurations, coupled
to the user’s head (120) and belt (308) as described above. These computing assets local to
the user may be operatively coupled to each other as well, via wired and/or wireless
connectivity configurations {44), such as the wired coupling (68} discussed below in
reference to Figure 8. In one embodiment, to maintain a low-inertia and small-size
subsystem mounted to the user’s head (120), primary transfer between the user and the cloud
(46) may be via the link between the subsystem mounted at the belt (308} and the cloud, with
the head mounted {120} subsystem primarily data-tethered to the belt-based (308) subsystem
using wireless connectivity, such as ultra-wideband (“UWB”)} connectivity, as is currently
employed, for example, in personal computing peripheral connectivity applications.

[0065] With efficient local and remote processing coordination, and an

0.
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appropriate display device for a user, such as the user interface or user display system (62}
shown n Figure 2A, or variations thereof, aspects of one world pertinent to a user’s current

actual or virtual location may be transferred or “passed” to the user and updated i an
efficient fashion. In other words, a map of the world may be continually updated at a
storage location which may partially reside on the user’s AR system and partially reside in
the cloud resources. The map (also referred to as a “passable world model”) may be a large
database comprising raster imagery, 3-D and 2-D points, parametric information and other
information about the real world As more and more AR users continually capture
mnformation about their real environment (e g., through cameras, sensors, IMUs, etc.), the
map becomes more and more accurate and complete.

[0066] With a configuration as described above, wherein there is one world
model that can reside on cloud computing resources and be distributed from there, such
world can be “passable” to one or more users in a relatively low bandwidth form preferable
{0 trying to pass around real-time video data or the like. The augmented experience of the
person standing near the statue {(e.g., as shown in Figure 1} may be informed by the cloud-
based world model, a subset of which may be passed down to them and thewr local display
device to complete the view. A person sitting at a remote display device, which may be as
stmple as a personal computer sitting on a desk, can efficiently download that same section
of mformation from the cloud and have it rendered on their display. Indeed, one person
actually present m the park near the statue may take a remotely-located friend for a walk m
that park, with the friend joining through virtual and augmented reality. The system waill
need to know where the street is, wherein the trees are, where the statue 18 — but with that
nformation on the cloud, the joining friend can download from the cloud aspects of the
scenario, and then start walking along as an augmented reality local relative to the person
who is actually 1in the park.

(6067} Three-dimensional (3-D) points may be captured from the environment,
and the pose {e.g., vector and/or origin position information relative to the world) of the
cameras that capture those images or poinis may be determined, so that these points or
images may be “tagged”, or associated, with this pose information. Then points captured by
a second camera may be utilized to determine the pose of the second camera. In other words,

one can orient and/or localize a second camera based upon comparisons with tagged images

-10-
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from a first camera. Then this knowledge may be utilized to extract textures, make maps,
and create a virtual copy of the real world (because then there are two cameras around that
are registered).

[0068] So at the base level, in one embodiment a person-worn system can be
gtilized to capture both 3-D points and the 2-D images that produced the points, and these
points and images may be sent out to a cloud storage and processing resource. They may
also be cached locally with embedded pose information {e. g., cache the tagged images); so
the cloud may have on the ready {e.g., in available cache) tagged 2-D images {(e.g., tagged
with a 3-D pose), along with 3-D points. If a user is observing something dynamic, he may
also send additional mformation up to the cloud pertinent to the motion (for example, if
looking at another person’s face, the user can take a texture map of the face and push that up
at an optimized frequency even though the surrounding world 1s otherwise basically static).
More information on object recognizers and the passable world model may be found 10 U.S.
Patent Pub. No. 2014/0306866, entitled “System and method for avgmented and virtual
reality”, which 15 incorporated by reference in its entirety herein, along with the following
additional disclosures, which related to augmented and virtual reality systems such as those
developed by Magic Leap, Inc. of Plantation, Flonida: U.S. Patent Pub. No. 2015/0178939;
U.S. Patent Pub. No. 2015/0205126; U.S. Patent Pub. No. 2014/0267420; U.S. Patent Pub.
No. 2015/0302652; U.S. Patent Pub. No. 2013/0117377. and US. Patent Pub. No.
2013/0128230, each of which 1s hereby incorporated by reference heremn n its entirety.

[6069] 3PS and other localization information may be utilized as inputs to such
processing.  Highly accurate localization of the user’s head, totems, hand gestures, haptic
devices etc. may be advantageous n order to display appropriate virtual content to the user.

16076} The head-mounted device {58) may include displays positionable in front
of the eyes of the wearer of the device. The displays may comprise light field displays. The
displays may be configured to present images to the wearer at a plurality of depth planes.
The displays may comprise planar waveguides with diffraction elements. Examples of
displays, head-mounted devices, and other AR components usable with any of the
embodiments disclosed herein are described in U.8. Patent Publication No. 2015/0016777.
U.8. Patent Publication No. 2015/0016777 1s hereby incorporated by reference herein in its

entirety.

-11-
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Examples of Electromagnetic Localization

6071} Une approach to achieve high precision localization may nvolve the use
of an electromagnetic (EM} field coupled with electromagnetic sensors that are strategically
placed on the user’s AR head set, belt pack, and/or other ancillary devices {e.g., totems,
haptic devices, gaming instruments, etc.). Electromagnetic tracking systems typically
comprise at least an electromagnetic field emitter and at least one electromagnetic field
sensor. The electromagnetic field emitter generates an electromagnetic field having a known
spatial (and/or temporal} distribution in the environment of wearer of the AR headset. The
electromagnetic filed sensors measure the generated electromagnetic fields at the locations of
the sensors. Based on these measurements and knowledge of the distribution of the generated
electromagnetic field, a pose {e.g., a position and/or orientation) of a field sensor relative to
the emitter can be determined. Accordingly, the pose of an object to which the sensor 13
attached can be determined.

(60721 Referring now to Fig. 4, an example system diagram of an electromagnetic
tracking system {e.g., such as those developed by orgamzations such as the Biosense division
of Johnson & Johnson Corporation, Polhemus, Inc. of Colchester, Vermont, manufactured
by Sixense Entertainment, Inc. of Los Gatos, Califormia, and other tracking companies) is
itiustrated. In one or more embodiments, the electromagnetic tracking system comprises an
electromagnetic field emitter 402 which 1s configured to emit a known magnetic field. As
shown in Fig. 4, the electromagnetic field emitter may be coupled to a power supply {(e.g.,
electric current, batteries, etc.) to provide power to the emitier 402,

[6073] In one or more embodiments, the electromagnetic field emutter 402
comprises several coils {e.g., at least three coils positioned perpendicular to each other to
produce field in the X, Y and Z directions) that generate magnetic fields. This magnetic field
is used to establish a coordinate space {(e.g., an X-Y-Z Cartesian coordinate space}. This
allows the system to map a position of the sensors {e.g., an (XY 7} position} in relation to
the known magnetic field, and helps determine a position and/or orientation of the sensors.
in one or more embodiments, the electromagnetic sensors 404a, 404b, etc. may be attached to
one or more real objects. The electromagnetic sensors 404 may comprise smailer coils in

which current may be induced through the emitted electromagnetic field Generally the
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“sensor” components (404} may comprise small cotls or loops, such as a set of three
differently-oriented (e.g., such as orthogonally oriented relative to each other) coils coupled
together within a small structure such as a cube or other container, that are
positioned/oriented to capture incoming magnetic flux from the magnetic field emitted by the
emitter (402}, and by comparing currents induced through these coils, and knowing the
relative positioning and orientation of the coils relative to each other, relative position and
orientation of a sensor relative to the emitter may be calculated.

[0074] One or more parameters pertaining to a behavior of the coils and mertial
measurement unit (“IMU”) components operatively coupled to the electromagnetic tracking
sensors may be measured to detect a position and/or orientation of the sensor (and the object
to which 1t is attached to) relative to a coordinate system to which the electromagnetic field
emitter is coupled. In one or more embodiments, multiple sensors may be used in relation to
the electromagunetic emitter to detect a position and orientation of each of the sensors within
the coordinate space. The electromagnetic tracking system may provide positions in three
directions {e.g., X, Y and Z directions), and further in two or three orientation angles. Tn one
or more embodiments, measurements of the IMU may be compared to the measurements of
the coil to determine a posttion and orientation of the sensors. In one or more embodiments,
both electromagnetic (EM) data and IMU data, along with various other sources of data, such
as cameras, depth sensors, and other sensors, may be combined to determine the position and
orientation. This information may be transmitted {(e.g., wireless communication, Bluetooth,
etc.}) to the controller 406, In one or more embodiments, pose {or position and orientation)
may be reported at a relatively high refresh rate in conventional systems. Conventionally an
electromagnetic field emitier 15 coupled to a relatively stable and large object, such as a table,
operating table, wall, or ceiling, and one or more sensors are coupled to smaller objects, such
as medical devices, handheld gaming components, or the like. Alternatively, as described
below 1n reference to Figure 6, various features of the electromagnetic tracking system may
be emploved to produce a configuration wherein changes or deltas in position and/or
orientation between two objects that move 1n space relative to a more stable global
coordinate system may be tracked; in other words, a configuration 1s shown in Figure 6
wherein a variation of an electromagnetic tracking system may be utilized to track position

and orientation delta between a head-mounted component and a hand-held component, while
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head pose relative to the global coordinate system (say of the room environment local to the
user) is determined otherwise, such as by simultaneous localization and mapping ("SLAM”)
techniques using outward-capturing cameras which may be coupled to the head mounied
component of the system.

[6075] The controller 406 may conirol the electromagnetic field generator 402,
and may also capture data from the various electromagnetic sensors 404. It should be
appreciated that the various components of the system may be coupled to each other through
any electro-mechanical or wireless/Bluetooth means. The controller 406 may also comprise
data regarding the known magnetic field, and the coordinate space in relation to the magnetic
field. This mformation s then used to detect the position and orientation of the sensors in
relation to the coordinate space corresponding to the known electromagnetic field.

[8076] One advantage of electromagnetic tracking systems is that they produce
highly accurate tracking results with nunimal latency and high resolution.  Additionally, the
electromagnetic tracking system does not necessarily rely on optical trackers, and
sensors/objects not 1n the user’s line-of-vision may be easily tracked.

[6077] It should be appreciated that the strength of the electromagnetic field v
drops as a cubic function of distance 1 from a coil transmitter {(e.g, electromagnetic field
emitter 402).  Thus, an algorithm may be used based on a distance away from the
electromagnetic field emitter. The controller 406 may be configured with such algorithms to
determine a position and orientation of the sensor/object at varying distances away from the
electromagnetic field emutter. Given the rapid decline of the strength of the electromagnetic
field as the sensor moves farther away from the electromagnetic emitter, best results, 1n terms
of accuracy, efficiency and low latency, may be achieved at closer distances. In typical
electromagnetic tracking systems, the electromagnetic field emitter 13 powered by electric
current {e.g., plug-in power supply) and has sensors located within 20t radius away from the
electromagnetic field emitter. A shorter radius between the sensors and field emitter may be
more desirable in many applications, including AR applications.

[6078&] Referring now to Fig. 5, an example flowchart describing a functioning of
a typical electromagnetic tracking system 1is briefly described. At 502, a known
electromagnetic field is emitted. In one or more embodiments, the magnetic field emitter

may generate magnetic fields each coil may generate an electric field in one direction {e.g,,
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X, Y or 7). The magnetic fields may be generated with an arbitrary waveform. In one or
more embodiments, the magnetic field component along each of the axes may oscillate at a
shightly different frequency from other magnetic field components along other directions. At
504, a coordinate space corresponding to the electromagnetic field may be determined. For
example, the control 406 of Fig. 4 may automatically determine a coordinate space around
the emitter based on the electromagnetic field At 506, a behavior of the coils at the sensors
(which may be attached to a known object) may be detected. For example, a current induced
at the coils may be calculated. In other embodiments, a rotation of coils, or any other
quantifiable behavior may be tracked and measured. At 508, this behavior may be used to
detect a position or orientation of the sensor(s) and/or known object. For example, the
controller 406 may consult a mapping table that correlates a behavior of the coils at the
sensors to various positions or orientations. Based on these calculations, the position in the
coordinate space along with the orientation of the sensors may be determuned.

[6079] In the context of AR systems, one or more componenis of the
electromagnetic tracking system may need to be modified to faciditate accurate tracking of
mobile components. As described above, tracking the user’s head pose and orentation may
be desirable in many AR applications. Accurate determination of the user’s head pose and
orientation allows the AR system to display the right virtual content to the user. For
example, the virtual scene may comprise a monster hiding behind a real butlding. Depending
on the pose and orientation of the user’s head mn relation to the building, the view of the
virtual monster may need to be modified such that a realistic AR experience 13 provided. O,
a position and/or orientation of a totem, haptic device or some other means of interacting
with a virtual content may be important in enabling the AR user to mteract with the AR
system. For example, in many gaming applications, the AR system can detect a position and
orientation of a real object in relation to virtual content. Or, when displaying a virtual
interface, a position of a totem, user’s hand, haptic device or any other real object configured
for interaction with the AR system can be known in relation to the displayed virtual interface
in order for the system to understand a command, etc.  Conventional localization methods
mcluding optical tracking and other methods are typically plagued with high latency and low
resolution problems, which makes rendering virtual content challenging in many augmented

reality applications.
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6080} In one or more embodiments, the electromagnetic tracking system,
discussed in relation to Figs. 4 and 5 may be adapted to the AR system to detect position and
orientation of one or more objects in relation to an emitted electromagnetic field Typical
electromagnetic systems tend to have a large and bulky electromagnetic emitters (e.g., 402 in
Fig. 4}, which is problematic for head-mounted AR devices. However, smaller
electromagnetic emitters {e g., in the millimeter range) may be used to emit a known
electromagnetic field in the context of the AR system.

[0081] Referring now to Fig. 6, an electromagnetic tracking system may be
imncorporated with an AR system as shown, with an electromagnetic field emutter 602
mcorporated as part of a hand-held controller 606. The controller 606 can be movable
independently relative to the AR headset {or the belt pack 70). For example, the user can
hold the controller 606 1n his or her hand, or the controller could be mounted to the user’s
hand or arm {e.g., as a ring or bracelet or as part of a glove worn by the user). In one or more
embodiments, the hand-held controller may be a totem to be used in a ganung scenario {e.g.,
a multi-degree-of-freedom controller) or to provide a rich user experience in an AR
environment or to allow user mteraction with an AR system. In other embodiments, the
hand-held controller may be a haptic device. In vet other embodiments, the electromagnetic
field emitter may simply be incorporated as part of the belt pack 70. The hand-held
controller 606 may comprise a battery 610 or other power supply that powers that
electromagnetic field enutter 602. It should be appreciated that the electromagnetic field
emitter 602 may also comprise or be coupled to an IMU 650 component configured to assist
m determining positioning and/or ortentation of the electromagnetic field emitter 602 relative
to other components. This may be especially advantageous in cases where both the field
emitter 602 and the sensors {604) are mobile. Placing the electromagnetic field emitter 602
in the hand-held controller rather than the belt pack, as shown in the embodiment of Figure 6,
helps ensure that the electromagnetic field emitter 1s not competing for resources at the belt
pack, but rather uses its own battery source at the hand-held controller 606, In yet other
embodiments, the electromagnetic field emitter 602 can be disposed on the AR headset and
the sensors 604 can be disposed on the controller 606 or belt pack 70.

[6082] In one or more embodiments, the electromagnetic sensors 604 may be

placed on one or more locations on the user’s headset, along with other sensing devices such
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as one or more IMUs or additional magnetic flux capturing coils 608. For example, as shown
in Fig. 6, sensors (604, 608) may be placed on one or both sides of the head set {58). Since
these sensors are engineered to be rather small (and hence may be less sensitive, in some
cases), having mulitiple sensors may improve efficiency and precision. In one or more
embodiments, one or more sensors may also be placed on the belt pack 70 or any other part
of the user’s body. The sensors {604, 608) may communicate wirelessly or through
Bluetooth to a computing apparatus that determines a pose and orientation of the sensors {and
the AR headset to which 1t is attached). In one or more embodiments, the computing
apparatus may reside at the belt pack 70. In other embodiments, the computing apparatus
may reside at the headset utself, or even the hand-held controller 606, The computing
apparatus may in turn comprise a mapping database {e.g., passable world model, coordinate
space, etc.) to detect pose, to determine the coordinates of real objects and virtual objects,
and may even connect to cloud resources and the passable world model, in one or more
embodiments.

[0083] As described above, conventional electromagnetic emitters may be too
bulky for AR devices. Therefore the electromagnetic field emitter may be engineered to be
compact, using smaller coils compared to traditional systems. However, given that the
strength of the electromagnetic field decreases as a cubic function of the distance away from
the field enutter, a shorter radius between the eclectromagnetic sensors 604 and the
electromagnetic field enutter 602 (e.g., about 3 to 3.5 fi) may reduce power consumption
when compared to conventional systems such as the one detailed m Fig. 4.

[6084] This aspect may either be utilized to prolong the life of the battery 610 that
may power the controller 606 and the electromagnetic field emitter 602, in one or more
embodiments.  Or, in other embodiments, this aspect may be utilized to reduce the size of
the coils generating the magnetic field at the electromagnetic field emitter 602. However, in
order to get the same strength of magnetic field, the power may be need to be increased. This
aliows for a compact electromagnetic field emitter unit 602 that may fit compactly at the
hand-held controller 606.

[0085] Several other changes mayv be made when using the electromagnetic
tracking system for AR devices. Although this pose reporting rate is rather good, AR

systems may require an even more efficient pose reporting rate. To this end, IMU-based
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pose tracking may {additionally or alternatively} be used in the sensors. Advantageously, the
IMUs may remain as stable as possible in order to increase an efficiency of the pose
detection process. The IMUs may be engineered such that they remain stable up to 50-100
milliseconds. It should be appreciated that some embodiments may utilize an outside pose
estimator module {e.g., IMUs may drift over time} that may enable pose updates to be
reported at a rate of 1010 20 Hz. By keeping the IMUs stable at a reasonable rate, the rate of
pose updates may be dramatically decreased to 10 to 20 Hz (as compared to higher
frequencies in conventional systems).

[0086] if the electromagnetic tracking system can be run at, for example, a 10%
duty cycle {e.g., only pinging for ground truth every 100 milliseconds), this would be another
way to save power at the AR system. This would mean that the electromagnetic tracking
system wakes up every 10 milliseconds out of every 100 mulliseconds to generate a pose
estimate. This directly translates to power consumption savings, which may, in turn, affect
size, battery life and cost of the AR device.

[6087] In one or more embodiments, this reduction in duty cvele may be
strategically utilized by providing two hand-held controllers {(not shown) rather than just one.
For example, the user may be playing a game that requires two totems, etc. Or, in a multi-
user game, two users may have their own toters/hand-beld controllers to play the game.
When two controllers {e.g., symmetrical controllers for each hand) are used rather than one,
the controllers may operate at offset duty cycles.  The same concept may also be apphied to
controllers utilized by two different users playing a multi-player game, for example.

[0088] Referring now to Fig. 7, an example flow chart describing the
electromagnetic tracking system in the context of AR devices 1s descrnibed. At 702, a
portable {e.g., hand-held} controller emits a magnetic field At 704, the electromagnetic
sensors {placed on headset, belt pack, etc.) detect the magnetic field At 7006, a pose {(e.g,,
position or orientation} of the headset/belt i1s determined based on a behavior of the
cotls/IMUs at the sensors. At 708, the pose information i3 conveyed to the computing
apparatus {e.g., at the belt pack or headset). At 710, optionally, a mapping database {e.g.,
passable world model} may be consulted to correlate the real world coordinates {(e.g.,
determined for the pose of the headset/belt) with the virtual world coordinates. At 712,

virtual content may be delivered to the user at the AR headset and displayed to the user (e.g,,

-18-



WO 2018/039269 PCT/US2017/048068

via the hght field displays described herein). It should be appreciated that the flowchart
described above is for illustrative purposes only, and should not be read as limiting.

[6089] Advantageously, using an electromagnetic tracking system similar to the
one outhined in Fig. 6 enables pose tracking {(e.g., head position and orientation, position and
orientation of totems, and other controllers). This allows the AR system to project virtual
content {based at least in part on the deternuned pose} with a higher degree of accuracy, and
very low latency when compared to optical tracking techniques.

[0090] Referring to Figure 8, a system configuration is illustrated wherein
featuring many sensing components. A head mounted wearable component (58) is shown
operatively coupled (68) to a local processing and data module (70}, such as a belt pack, here
using a physical multicore lead which also features a control and quick release module (86)
as described below in reference to Figures 9A-9F. The local processing and data module
(70} 1s operatively coupled (100) to a hand held component (606}, here by a wireless
connection such as low power Bluetooth; the hand held component (606) may also be
operatively coupled (94) directly to the head mounted wearable component (38), suchas by a
wireless connection such as low power Bluetooth. Generally where IMU data s passed to
coordinate pose detection of various components, a high-frequency connection is desirable,
such as in the range of hundreds or thousands of cycles/second or lugher; tens of cycles per
second may be adequate for electromagnetic localization sensing, such as by the sensor (604)
and transmitter {602) pairings. Also shown is a global coordinate system (10), representative
of fixed objects 1 the real world around the user, such as a wall (8).

[6091] Cloud resources {46) also may be operatively coupled (42, 40, 88, 90} 1o
the local processing and data module (70}, to the head mounted wearable component {58), to
resources which may be coupled to the wall (8} or other item fixed relative to the global
coordinate system {10), respectively. The resources coupled to the wall (8} or having known
positions and/or orientations relative to the global coordinate system (10} may include a
wireless transceiver (114}, an electromagnetic emiiter {602) and/or recetver {604}, a beacon
or reflector {112} configured to emit or reflect a given type of radiation, such as an infrared
LED beacon, a cellular network transcetver {110), a RADAR emutter or detector {108), a
LIDAR emutter or detector {106), a GPS transceiver (118), a poster or marker having a

known detectable pattern (122), and a camera (124},
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[6092] The head mounted wearable component (58) features similar components,
as iflustrated, in addition to lighting emitters {130) configured to assist the camera (124)
detectors, such as infrared emitters (130} for an infrared camera (124); also featured on the
head mounted wearable component (58) are one or more strain gauges (116}, which may be
fixedly coupled to the frame or mechamical platform of the head mounted wearable
component {58) and configured to determine deflection of such platform in between
components such as electromagnetic recetver sensors {604) or display elements (62}, wherein
it may be valuable to understand if bending of the platform has occurred, such as at a thinned
portion of the platform, such as the portion above the nose on the eveglasses-like platform
depicted in Figure §.

[0093] The head mounted wearable component (58) also features a processor
(128) and one or more IMUs (102}, Fach of the components preferably are operatively
coupled to the processor (128). The hand held component (606} and local processing and
data module (70) are 1llustrated featuring similar components. As shown in Figure 8, with so
many sensing and connectivity means, such a system 1s likely to be heavy, power hungry,
large, and relatively expensive. However, for iHustrative purposes, such a system may be
utilized to provide a very high level of connectivity, system component integration, and
position/onentation tracking.  For example, with such a configuration, the various main
mobile components {58, 70, 606} may be localized in terms of position relative to the global
coordinate  system using WiFi, GPS, or Cellular signal tnangulation; beacons,
electromagnetic tracking {as described herein), RADAR, and LIDAR systems may provide
vet further location and/or onentation information and feedback. Markers and cameras also
may be utilized to provide further nformation regarding relative and absolute position and
orientation. For example, the various camera components (124), such as those shown
coupled to the head mounted wearable component (58}, may be utilized to capture data
which may be utilized in simultaneous localization and mapping protocols, or “SLAM”, to
determine where the component {58} 1s and how 1t 1s oriented relative to other components.

[6094] Referring to Figures 9A-9F, various aspects of the control and quick
release module (86) are depicted. Referring to Figure 9A, two outer housing components
(132, 134) are coupled together using a magnetic coupling configuration which may be

enhanced with mechanical latching. Buttons {136) for operation of the associated system
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may be included, for example, an on/off button {circular bution} and up/down volume
controls {triangular buttons). Opposing ends of the module 86 can be connected to electrical
leads running between the local processing and data module (70) and the display (62) as
shown in Figure 8.

[6095] Figure 9B illustrates a partial cutaway view with the outer housing (132)
removed showing the buttons (136} and the underlying top printed circuit board (138).
Referring to Figure 9C, with the buttons {136} and underlying top printed circuit board (138)
removed, a female contact pin array (140} 1s visible. Referring to Figure 9D, with an
opposite portion of housing (134) removed, the lower printed circuit board (142} 1s visible.
With the lower printed circuit board (142) removed, as shown in Figure 9E, a male contact
pin array {144) 1s visible.

[8096] Referring to the cross-sectional view of Figure OF, at least one of the male
pins or female pins are configured to be spring-loaded such that they may be depressed along
each pin’s longitudinal axis; the pins may be termed “pogo pins” and generally comprise a
highly conductive material, such as copper or gold. The conductive material may be plated
onto the pins {e.g., tmmersion or electroplating) and the width of the conductive matenial
may be, eg., at least 25 pum of gold in some cases. When assembled, the illustrated
configuration mates 46 male pins with 46 corresponding female pins, and the entire assembly
may be quick-release decoupled by manually pulling the two housings (132, 134) apart and
overcoming a magnetic mterface (146} load which may be developed using north and south
magnets oriented around the perimeters of the pin arrays (140, 144). In one embodiment, an
approximate 2 kg load from compressing the 46 pogo pins 13 countered with a closure
maintenance force of about 4 kg provided by the magnetic interface (146). The pins m the
array may be separated by about 1.3mm, and the pins may be operatively coupled to
conductive lines of various types, such as twisted pairs or other combinations to support
interfaces such as USB 3.0, HDMI 2.0 (for digital video}, and 128 (for digital audio},
transition-mininized differential signaling (TMDS) for high speed serial data, general
purpose mput/output {GPIO), and mobile interface {e.g., MIPI} configurations, battery/power
connections, and high current analog lines and grounds configured for up to about 4 amps
and 5 volts in one embodiment.

[0097] In one embodiment, the magnetic interface (146} is generally rectangular
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and surrounds the pin arrays (140, 144) and s about 1 mm wide and 4.8 mm high. The inner
diameter of the rectangular magnet 1s about 14.6 mm. The magnet surrounding the male pin
array {144) may have a first polarity (e.g., north), and the magnet surrounding the female pin
array {140} may have a second {opposite) polarity {e.g., south}. In some cases, each magnet
comprises a mixture of north and south polarittes, with the opposing magnet having
corresponding opposite polarities, to provide a magnetic attraction to assist holding the
housings (132, 134) together.

[0098] The pogo pins in the arrays (140, 144) have heights m a range 0f 4.0t0 4.6
mm and diameters in a range of 0.6 to 0.8 mm. Different pins in the array can have different
heights, diameters, and pitches. For example, in one implementation, the pin arrays (140,
144} have a length of about 42 to 50 mm, a width of about 7 to 10 mm, and a height of about
S mm. The pitch of the pin array for USB 2.0 and other signals can be about 1.3 mm, and the
pitch of the pin array for high speed signals can be about 2.0 to 2.5 num.

[0099] Referring to Figure 10, 1 can be helpful to have a mimmized
component/feature set to be able to reduce or minimize the weight or bulk of the various
components, and to arrive at a relatively slim head mounted component, for example, such as
that (38) featured in Figure 10, Thus various permutations and combinations of the various

components shown in Figure 8 may be utilized.

Example Blectromagnetic Sensing Components in an AR svstem

6100} Referring to Figure 11A, an electromagnetic sensing coil assembly (604,
e.g., 3 individual coils coupled to a housing) 13 shown coupled to a head mounted component
{58); such a configuration adds additional geometry to the overall assembly which may not
be desirable. Referring to Figure 11B, rather than housing the cotls in a box or single
housing 604 as in the configuration of Figure 11 A, the individual coils may be integrated into
the various structures of the head mounted component (58), as shown in Figure 11B. FIG.
118 shows examples of locations on the head-mounted display 58 for X-axis coils {148), Y-
axis cotls {150), and Z-axis coils {152). Thus, the sensing coils can be distributed spatially on
or about the head-mounted display (58) to provide a desired spatial resolution or accuracy of
the localization and/or orientation of the display {58) by the electromagnetic tracking system.

[0101] Figures 12A-12E illustrate various configurations for using a ferrite core
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1200a-1200e coupled to an electromagnetic sensor to increase field sensitivity. Figure 1ZA
itiustrates a solid ferrite core 12003 in a shape of a cube, Figure 12B shows a ferrite core
1200b configured as a plurality of rectangular disks spaced apart from each other, Figure 12C
shows a ferrite core 1200c¢ having a single axis air core, Figure 12D shows a ferrite core
1200d having a three-axis air core, and Figure 12E shows a ferrite core 1200e comprising a
plurality of ferrite rods in a housing {which may be made from plastic). The embodiments
1200b-1200e of Figures 12B-12F are lighter in weight than the solid core embodiment 1200a
of Figure 12A and may be utilized to save mass. Although shown as a cube in Figures 12A-

12E, the ferrite core can be shaped differently in other embodiments.

Frequency Division Multiplexine, Time Division Multiplexunge. and Gam Control for EM

fragking Systems

[0102] Conventional EM tracking solutions typically employ either a frequency
division multiplexed (FDM) circuit design or a time division multiplexed (TDM) circuit
design. However, an FDM design typically uses more current and a TDM design typically
supports only a houted number of users. As described further below, a circuit design that
merges both the FDM and TDM designs may achieve the benefits of both. Advantages of
such a design can include savings on the area of the printed circuit board (PCB), matenial
costs, number of parts used, and/or current drain as compared to conventional designs. The
design can also allow for multiple users at improved or optimum performance.

[6103] Figure 13A 1s a block diagram that schematically illustrates an example of
an EM transmutter {(TX) circuwit 1302 that 1s frequency division multiplexed. The EM
transmutter circuit can drive three tuned orthogonal coils 1n an EM tracking system. The time-
varving EM field generated by the EM TX can be sensed by an EM receiver {e.g., described
with reference to Fig. 13B). This circuit uses a master control unit (MCU) to control three
different synthesizers at three different radio frequency (RF) frequencies (1, 2, and £3)
whose cutputs are filtered (e.g., at bandpass filters {BPF) and optional ferrite beads (FB)) and
amplified (e.g., via pre-amplifiers (PA)) and fed to respective X, Y, Z coils. The circuit also
employs a current sensing control circuit {R-sense and Current Ctrl) that ensures that the
current inte each cotl remains constant. This circuit also has an RF wireless communication

mterface {e.g., Bluetooth Low Energy (BLE}) connected to the M{CU that communicates with
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an EM receiver unit described with reference to Figure 13B.

[0104] Figure 13B 15 a block diagram that schematically illustrates an example of
an EM recetver (RX) circuit 1304 that 1s frequency division multiplexed. The EM receiver
uses three orthogonal cotls (X-coil operating at frequency {1, Y-coil operating at frequency
2, and Z-coil operating at frequency £3) to receive the time-varying EM signals generated by
the EM TX circuit 1302 (see, e.g, Fig. 13A). The three signals are individually amplified
(e.g., via pre-amplifiers (PA)) and filtered (e.g., by bandpass filters (BPF}} in paraliel
Optionally, the filter output may be further amplified. The amplified output is then fed nto
an analog-to-digital (ADC) and the digital signals are processed by a digital signal processor
(DSP). The DSP can control the gain of the pre-amplifiers to keep the ADC from saturating,
This recetver design also has a radio frequency (R¥} communication link connected to the
DSP {(or an MCU)} that communicates with the EM transmitter {e g., described with reference
to Fig. 13B) The RF link can be configured to support any suitable wireless standard,
mncluding Bluetooth Low Energy (BLE).

(0105} The EM TX and RX circusts 1302, 1304 shown in Figures 13A and 13B
(as well as the TX and RX circuits described helow with reference to Figs. 13C-13J) can be
used for EM tracking. For example, the EM TX circuit 1302 can be used in the EM field
emitter 402 and the EM RX circuit 1304 used n the EM field sensor 404 described with
reference to Figure 4. Additional emnbodiments of EM TX and RX circuits will be described
that can provide advantages such as, e.g., reduced part count, reduced PCB area, lower
material costs, and which may allow for multiple users at optimum performance.

[6106] Figure 13C 18 a block diagram that schematically illustrates an example of
an EM transmitter circuit 1302 that 13 time division multiplexed. In this embodiment, the
FDM circuit of Figure 13A has been changed to a time division multiplexed circuit. The
TDM circuit uses only one path that 13 divided into the 3 orthogonal coils. The X, Y, and Z-
cotls operate, respectively, at frequencies 1, {2, and 3 to generate the time-varying EM
fields that are received by an EM receiver circuit. The TDM circuity can operate these coils
at respective times tl, {2, and t3 according to a TDM timing protocol (see, e.g., Figs. 13F and
133G}, Automatic Gain Control (AGL) can be included in the transmitter circuit (further
described below with reference to Figs. 131 and 13J). Each coil can be dynamically

frequency tuned to a desired frequency assigned by the MCU.
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Dvnamic Frequency Tuning

6167} Dynamic frequency tuning can be used to achieve resonance on gach coil
to obtain increased or maximum current flow n an EM TX circuit. Dynamic frequency
tuning can be used to accommodate multiple users. Figure 13D 13 a block diagram that
schematically illustrates an example of a dynamically tunable circuit 1306, Other
embodiments of dynamically tunable circuits 1306 are described with reference to Figures
17D-17G. In the circuit shown i Figure 13D, a transmit coil 1s represented by an inductor
LY. A static capacitor (C2) 15 in parallel with a tunable capacitor (C1). In this example, the
frequency generated by the coil by tuning the capacitor C1 covers a frequency range from 16
kHz to 30 kHz Figure 13E 1s a graph showing examples of the resonances at various
frequencies {(from 16 kHz to 30 kHz) that can be achieved by dynamically tuning the circuit
1306 shown in Figure 13D. In order to accoramodate multiple users, the example dynamic
frequency tuning circuit can employ one transmit (TX) frequency per user. Exarples of the

frequency assignments are shown in Table 1.

Example Frequency Assignments
Start Frequency 16 kHz
Stop Frequency 30 kHz

# of Users 4

# of Frequencies per coil 1

# of TX Frequencies per user 2
Frequency Range 14 kHz
Channel Spacing 2 kHz

Total Frequencies Required 8

Table 1

Time Division Multinlexing

[6108] In some embodiments, to achieve time division multiplexing on the
transmitter, synchronization between the transmutter and receiver circuits may be utilized.
Two possible scenarios for synchronization are discussed below.

[6109] A fust scenario uses synchronization through the RF wireless interface
{e.g., BLE) of both the receiver and the transomutter. The wireless RF hink can be used to
synchronize the clocks of both the transmutter and the receiver. After synchronization is

achieved, time division multiplexing can be referenced to the on-board real-time clock
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(RTC).

(0110} A second scenario uses synchronization through an electromagnetic pulse.
The time of flight of the EM pulse will be significantly shorter than tolerances typically used
in the TDM circuit and may be ignored. A TX EM pulse 1s sent by the transmutter to the
receiver, which calculates the time difference between the receiver clock and the transmitter
clock. This time difference is communicated over the R¥ wireless link as a known offset or is
used to adjust the reference on the wireless interface {(e.g., BLE) clock.

0111} In some embodiments, one or both of these synchronization scenarios can
be implemented. After synchronization is completed, a time sequence for TDM for the
transmitter and receiver can be established. Figure 13F illustrates an example of a TDM
timing diagram 1308, The TX on the X-coil will stay on for a first time period that allows the
X, Y, and Z coils of the recetver to receive the magnetic flux generated by the X-coil During
the first fime period, the TXs on the Y-coil and the Z-coil are substantially off (e g., the coils
are fully off or operating at a voltage much less {e.g, < 10%, < 3%, < 1%, etc ) than their
normal operating voltage). Following the X-coil transmussion, the TX on the Y-coil will turn
on {and the X-cotl will turn substantially off, while the Z-coil remains substantially off), and
the X, Y, and 7 coils of the recetver will receive the magnetic flux generated by the TX Y-
cotl. Following the Y-coil transmission, the TX on the Z-coil will turn on (and the Y-coil will
turn substantially off, while the X-co1l remains substantially off), and the X, Y, and Z coils of
the receiver will recetve the magnetic flux generated by the TX Z-coil. This timung sequence
1s then repeated continuously while the EM transnutter 15 operating,

[6112] The followmng describes a non-houting, dlustrative example of
accommodating multiple users. For example, to accommodate up to four users with two
transmitters each requires eight TX frequencies. It i1s generally advantageous if these
frequencies are not duplicated. In such embodiments, a scan process can be implemented by
the EM receiver to determine if a particular frequency is being used in close proximity.
Figure 13G tllustrates an example of scan timing 1310, This scan can be done by the EM
recetver 1304 at mitiahization as well as periodically during the user’s session. The scan can
be performed by intentionally turning off the TX in the transmitter 1302 and cycling through
the RX (in the recetver 1304) to measure the existence of unintentional interference. If 1t 1s

determined that there 1s energy at that frequency, then an alternate frequency can be selected.
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This scan can also be shortened by monitoring one or two {rather than all three) of the three
orthogonal coils, because Position and Orientation (PnQ) is not required in that slot.

(6113} Figure 13H 15 a block diagram that schematically illustrates another
example of a receiver 1304 1n an EM tracking system. As compared to the example FDM
receiver illustrated in Figure 13B, a TDM switch has replaced the individual paths from the
three orthogonal coils. The TDM switch can be controlled by an R¥F wireless interface (e.g,,
BLE). The TDM switch can utilize the timing protocol 1308 illustrated in Figure 13F.

[0114] In various embodiments, the time division multiplexed TX and/or RX
circutts described with reference to Figures 13C-13H may provide one or more of the
following advantages. (A) Current Drain and Battery Life. By time multiplexing the
transmitter and the receiver, the amount of current used may be lowered. This reduction
comes from the fact that the high current circuits, such as the transmitter, are no longer being
utilized 100% of the time. The current drain of the system can be reduced to shightly over 1/3
as compared to the FDM circuits shown in Figures 13A and 13B. (B) Bill of Materials Cost.
The number of components used to achieve the same result has been reduced (compared to
the FDM circuits mn Figs. 13A and 13B) in the TDM embodiments described above.
Multiplexing the signals through the same path reduces the part count and m this case the
cost of the components should also be reduced to slightly over 1/3 compared to the FDM
counterparts. (Cy PCB Area. Another benefit of the part reduction can be the savings gained
m PCB area. The part count has reduced by almost 2/3 and so the required space on the PCB
15 reduced.

[6115] Other possible advantages may be reduced mass of the TX and RX
circutts. For example, the FDM TX and RX circuits shown in Figures 13A and 13B atilize
separate filter and amplifier paths for each of the three orthogonal coils. In contrast, the TDM
TX and RX circuits lustrated in Figures 13C and 13H share a filter and amplifier path.

6116} In addition to removing sensor housings, and multiplexing to save on
hardware overhead, signal-to-noise ratios may be increased by having more than one set of
electromagnetic sensors, each set being relatively small relative to a single larger coil set.
Also, the low-side frequency himits, which generally are needed to have multiple sensing
coils in close proximity, may be improved to facilitate bandwidth requirement improvements.

There generally 1s a tradeoff with TD multiplexing, in that multiplexing generally spreads out
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the reception of RF signals in time, which results in generally noister signals; thus larger coil
diameters may be used for multiplexed systems. For example, where a multiplexed system
may utilize a 9 mm-side dimension cubic coil sensor box, a nonmultiplexed system may only
utilize a 7 mm-side dimension cubic coil box for similar performance; thus there may be
tradeoffs in minimizing geometry and mass and selecting between embodiments of FDM and

TDM circuits.

Example Automatic Gain Conirol for an Electromagnetic Trackine Svstem

(6117} With reference to Figures 13A and 13B, the FDM receiver (Fig. 13B)

implements a closed-loop gain control while the FDM transmitter (Fig. 13A) does not
implement gain conirol and is left to transmit at its maximum output power, regardless of the
recetved level The gain of the receiver can be set by the DSP. For example, the received
voltages on the receiver coils are fed directly into the first stage, which has gain control.
Large voltages can be determined in the DSP, and the DSP can automatically adjust the gain
of the first stage. Placing the gain control in the receiver may utilize more power in the
transmitter, even when it 15 not needed.  Accordingly, it may be advantageous to employ
automatic gain control {AGC, sometimes also referred to as adaptive gain control) on the
transmitter side (rather than the receiver side), which may save space in the receiver system
{that would otherwise be used for AGC), thereby allowing for a much smaller and more
portable receiver,

[0118] Figure 131 1s a block diagram that schematically tllustrates an example of
an EM receiver 1304 that does not utilize automatic gain control {AGC). The first stage 15 no
longer an AGC circuit {compare to Fig. 13B), and the receiver s designed to simply have a
constant gain. The level of the received voltage on the coils 15 determined by the DSP, and
the DSP provides that information to the wireless {e.g., BLE) link. This BLE hink can provide
that information to the transmitter (see Fig. 13J) to control the TX level.

[0119] Figure 13] is a block diagram that schematically illustrates an example of
an EM transmitter 1302 that employs AGC. The EM transmitter 1302 of Figure 137 can
communicate with the recetver 1304 of Figure 131 The wireless link {eg., BLE)
communicates the received voltage level (from the BLE link on the receiver} to the MCU.

The amplification stage can have adjustable gain that is controlled by the MCU. This can
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allow for current savings on the transmitter when the received voltage required is small.
6120} Accordingly, the RX and TX circuit examples in Figures 131 and 13J
employ AGC in the EM transmitter 1302 instead of the EM receiver 1304. This change from
the RX and TX circuit examples in Figures 13A and 13B can allow for a smaller RX design
as well as a more power efficient design because the TX power will be allowed to be reduced

when necessary.

Examples of EM Tracking of User Head Pose or Hand Pose

[0121] Referring to Figure 14, in one embodiment, after a user powers up his or
her wearable computing system (160), a head mounted component assembly may capture a
combination of IMU and camera data (the camera data being used, for example, for SLAM
analysis, such as at the belt pack processor where there may be more raw processing
horsepower present) to determine and update head pose {e.g., position or orientation) relative
to a real world global coordinate system (162). The user may also activate a handheld
component to, for example, play an augmented reality game (164), and the handheld
component may comprise an electromagnetic transmitter operatively coupled to one or both
of the belt pack and head mounted component (166). One or more electromagnetic field coil
receiver sets {e.g., a set being 3 differently-oriented individual coils) coupled to the head
mounted component to capture magnetic flux from the transmitter, which may be utilized to
determune positional or onentational difference {or “delta”), between the head mounted
component and handheld component (168).  The combination of the head rmounted
component assisting n determining pose relative to the global coordinate system, and the
hand held assisting in determining relative location and orientation of the handheld relative to
the head mounted component, allows the system to generally determine where each
component 1s relative to the global coordinate system, and thus the user’s head pose, and
handheld pose may be tracked, preferably at relatively low latency, for presentation of
augmented reality image features and interaction using movements and rotations of the
handheld component {170).

[0122] Referring to Figure 15, an embodiment 1s illustrated that is somewhat
similar to that of Figure 14, with the exception that the system has many more sensing

devices and configurations available to assist in determining pose of both the head mounted
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component {172} and a hand held component (176, 178), such that the user’s head pose, and
handheld pose may be tracked, preferably at relatively low latency, for presentation of
augmented reality image features and interaction using movements and rotations of the

handheld component {180},

Example Stereo and Time-of-Flicht Depth Sensing

(0123} Referring to Figures 16A and 16B, various aspects of a configuration
stmilar to that of Figure 8 are shown. The configuration of Figure 16A differs from that of
Figure 8 in that in addition to a LIDAR (106} type of depth sensor, the configuration of
Figure 10A features a generic depth camera or depth sensor (154) for tllustrative purposes,
which may, for example, be either a stereo triangulation style depth sensor (such as a passive
stereo depth sensor, a texture projection stereo depth sensor, or a structured light stereo depth
sensor) or a time or flight style depth sensor (such as a LIDAR depth sensor or a modulated
emission depth sensor), further, the configuration of Figure 16A has an additional forward
facing “world” camera {124, which may be a grayscale camera, having a sensor capable of
720p range resolution) as well as a relatively high-resolution “picture camera” (156, which
may be a full color camera, having a sensor capable of two megapixel or higher resolution,
for example). Figure 16B shows a partial orthogonal view of the configuration of Figure
16A for illustrative purposes, as described further below 1n reference to Figure 16B.

[6124] Referring back to Figure 16A and the stereo vs. time-of-tlight style depth
sensors mentioned above, each of these depth sensor types may be employved with a wearable
computing solution as disclosed herein, although each has various advantages and
disadvantages. For example, many depth sensors have challenges with black surfaces and
shiny or reflective surfaces. Passive stereo depth sensing is a relatively simphlistic way of
getting tnangulation for calculating depth with a depth camera or sensor, but it may be
challenged if a wide field of view (“"FOV”) 1s required, and may require relatively significant
computing resource; further, such a sensor type may have challenges with edge detection,
which may be important for the particular use case at hand. Passive stereo may have
challenges with textureless walls, low light situations, and repeated patterns. Passive stereo
depth sensors are available from manufacturers such as Intel and Aquifi. Steres with texture

projection (also known as “active stereo”) 1s similar to passive stereo, but a texture projector
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broadcasts a projection pattern onto the environment and the more texture that 1S
broadcasted, the more accuracy is available in triangulating for depth calculation.  Active
stereo may also require relatively high compute resource, present challenges when wide FOV
is required, and be somewhat suboptimal in detecting edges, but it does address some of the
challenges of passive stereo in that it 1s effective with textureless walls, is good n low hight,
and generally does not have problems with repeating patterns. Active stereo depth sensors
are available from manufacturers such as Intel and Aquifi.

[0125] Stereo with structured light, such as the systems developed by Primesense,
Inc. and available under the tradename Kinect, as well as the systems available from Mantis
Vision, Inc, generally utilize a single camera/projector pairing, and the projector is
specialized in that it is configured to broadcast a pattern of dots that i1s known a priori. In
essence, the system knows the pattern that is broadcasted, and it knows that the variable to be
determined is depth. Such configurations may be relatively efficient on compute load, and
may be challenged in wide FOV requirement scenarios as well as scenarios with ambient
light and patterns broadcasted from other nearby devices, but can be quite effective and
etficient 10 many scenarios. With modulated time of fhight type depth sensors, such as those
available from PMD Technologies, A.G. and SoftKinetic Inc., an emitter may be configured
to send out a wave, such as a sine wave, of amplitude modulated light; a camera component,
which may be positioned nearby or even overlapping in some configurations, receives a
returning signal on each of the pixels of the camera component and depth mapping may be
determined/calculated. Such configurations may be relatively compact in geometry, hugh in
accuracy, and low in compute load, but may be challenged in terms of 1mage resolution (such
as at edges of objects), multi-path errors (such as wherein the sensor 1s aimed at a reflective
or shiny corner and the detector ends up receiving more than one return path, such that there
is some depth detection aliasing.

[6126] Direct time of flight sensors, which also may be referred to as the
aforementioned LIDAR, are available from suppliers such as LuminAR and Advanced
Scientific Concepts, Inc. With these time of flight configurations, generally a pulse of Light
(such as a picosecond, nanosecond, or femtosecond fong pulse of light) 1s sent out to bathe
the world oriented around 1t with this light ping; then each pixel on a camera sensor waits for

that pulse to return, and knowing the speed of light, the distance at each pixel may be
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calculated. Such configurations may have many of the advantages of modulated time of
flight sensor configurations (no baseling, relatively wide FOV, high accuracy, relatively low
compute load, etc.) and also relatively high framerates, such as into the tens of thousands of
Hertz. They may also be relatively expensive, have relatively low resolution, be sensitive to
bright light, and susceptible to multi-path errors; they may also be relatively large and heavy.
(0127} Referring to Figure 16B, a partial top view is shown for illustrative
purposes featuring a user’s eyes (12} as well as cameras (14, such as infrared cameras) with
fields of view (28, 30) and light or radiation sources {16, such as infrared) directed toward
the eyes (12) to facilitate eye tracking, observation, and/or image capture. 'The three
outward-facing world-capturing cameras (124} are shown with their FOVs (18, 20, 22}, as s
the depth camera (154) and its FOV (24), and the picture camera (156) and its FOV (26).
The depth information garnered from the depth camera (154) may be bolstered by using the
overlapping FOVs and data from the other forward-facing cameras. For example, the system
may end up with something hike a sub~-VGA 1mage trom the depth sensor (154}, a 720p
image from the world cameras (124), and occasionally a 2 megapixel color image from the
picture camera (156). Such a configuration has four cameras sharing common FOV, two of
them with heterogeneous visible spectrum images, one with color, and the third one with
relatively low-resolution depth. The systermn may be configured to do a segmentation in the
grayscale and color tmages, fuse those two and make a relatively high-resolution image from
them, get some stereo correspondences, use the depth sensor to provide hypotheses about
stereo depth, and use stereo correspondences to get a more refined depth map, which may be
significantly better than what was avatlable from the depth sensor only. Such processes may
be run on local mobile processing hardware, or can run using cloud computing resources,
perhaps along with the data from others in the area (such as two people sitting across a table
from each other nearby}, and end up with quite a refined mapping. In another embodiment,
all of the above sensors may be combined into one integrated sensor to accomplish such

functionality.

Example Dvnanuc Tuning of a Transmission Coil for EM Tracking

[6128&] Referring to Figures 17A-17G, aspects of a dynamic transmission coil

tuning configuration are shown for electromagnetic tracking, to facilitate the transmission
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coil to operate optumally at multiple frequencies per orthogonal axis, which allows for
multiple users to operate on the same system. Typically an electromagnetic tracking
transmitter will be designed to operate at fixed frequencies per orthogonal axis. With such an
approach, each transmission coil 1s tuned with a static series capacitance that creates
resonance only at the frequency of operation.  Such resonance allows for the maximum
possible current flow through the coil which, in turn, maximizes the magnetic flux generated.
Figure 17A illustrates a typical resonant curcuit 1305 used to create resonance at a fixed
operation frequency. Inductor “L” represents a single axis transmission coil having an
inductance of T mH, and with a capacitance set to 52 nF, resonance is created at 22 kHz, as
shown in Figure 17B. Figure 17C shows the current through the circuit 1305 of Figure 17A
plotted versus frequency, and it may be seen that the current 1s maximum at the resonant
frequency. If this system 1s expected to operate at any other frequency, the operating circuit
will not be at the possible maximum current {which occurs at the resonant frequency of 22
kHz).

[0129] Figure 17D dlustrates an embodiment of a dynamically tunable
configuration for the transmitter curcuit 1306 of a transmutter 1302 of an electromagnetic
tracking system. The example circuit 1306 shown in Figure 17D may be used n
embodiments of the EM field entter 402, 602, 1302 described heremn. The circuit in Figure
170 includes an oscillating voltage source 1702, a transmit (TX} coil, a high voltage (HV)
capacitor, and a plurality of low voltage (1.V) capacitors in a capacitor bank 1704 that can be
selected to provide the tuning for a deswred resonance frequency. The dynamic frequency
tuning may be set to achieve resonance on the coil {(at desired, dynamically adjustable
frequencies) to get maximum current flow. Another example of a dynamically tunable circuit
1306 is shown in Figure 17E, where a tunable capacitor 1706 {("C4”) may be tuned to
produce resonance at different frequencies, as shown in the simulated data illustrated in
Figure 17F. Tuning the tunable capacitor can include switching among a plurality of
different capacitors as schematically iHlustrated in the circuit shown m Figure 17D, As shown
in the embodiment of Figure 17E, one of the orthogonal coils of an electromagnetic tracker s
stmulated as an inductor “L” and a static capacitor {57} 1s a fixed high voltage capacitor.
This high voltage capacitor will see the higher voltages due to the resonance, and so its

package size generally will be larger. Capacitor C4 will be the capacitor which is
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dynamically switched with different values, and can thus see a lower maximum voltage and
generally be a smaller geometric package to save placement space. Inductor L3 can also be
atilized to fine tune the resonant frequency.

[0130] Figure 17F illustrates examples of the resonances that may be achieved by
the circuit 1306 of Figure 17E. In Figure 17F, the higher curves {248) show the voltage
VYrud - YVout across the capacitor 5, and the lower curves (250) show the voltage Vout
across the capacitor C4. As the capacitance of (4 s varied, the resonance frequency is
changed (between about 22 kHz and 30 kHz in this example), and it i1s notable that the
voltage across CS (Vmid-Vout; curves 248} is higher than that across C4 (Vout; curves 250).
This generally will allow for a smaller package part on C4 since multiples of this capacitor
generally will be used in the system, e.g., one capacitor per resonant frequency of operation
{(see, e.g., the multiple LV capacitors in the capacitor bank 1704 shown in Figure 17D).
Figure 17G 15 a plot of current versus frequency that illustrates that the maximum current
achieved follows the resonance regardless of the voltage across the capacitors. Accordingly,
embodiments of the dynamically tunable circuit can provide mcreased or maximum current
i the transnutter coil across multiple frequencies allowing for improved or optimized

performance for multiple users of a single EM tracking system.

Example Audio Noise Canceling for an EM Tracking System

[0131] Audio speakers (or any external magnet) can create a magoetic field that
can unintentionally interfere with the magnetic field created by the EM field emitter of an
EM tracking system. Such interference can degrade the accuracy or rehiability of the location
estimation provided by the EM tracking system.

6132} As AR devices evolve, they become more complicated and integrate more
technologies that have to coexist and perform independently. EM tracking systems rely on
reception (by the EM sensor} of minute changes in a magnetic flux (generated by the EM
field emitter} to determine a 3-D position of the EM sensor (and thereby the 3-I3 position of
the object to which the sensor 15 attached or incorporated). Audio speakers that reside close
to the EM tracking sensor coils can emit a magnetic flux that can interfere with the EM
tracking system’s ability to compute a true position.

[0133] Referring to Figures 18A-18C, an electromagnetic tracking system may be
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bounded to work below about 30 kHz, which i3 slightly higher than the audible range for
human hearing. Figure 18A shows a configuration where an audio speaker 1820 s in close
proximity to an EM sensor 604. The audio speaker 1820 s driven by a time-varying voltage
source 1822 and an amplifier 1824, The magnetic field of the speaker 1820 can cause
unintentional magnetic iterference to the EM tracking system, because the speaker generates
noise in the magnetic field sensed by the coils of the EM sensor 604 In some
implementations, the distance between the audio speaker 1820 and the EM sensor 604 can be
increased to reduce the received interference. But because the magnetic flux from the
speaker decays by the cube of the distance from the sensor (1/1), there will be a point where
large distances provide very hittle decay in the interference. An audio speaker {e g., speaker
66 shown in Figs. ZA-2D) will commonly be used in AR devices to provide an audio
experience to the wearer of the AR device; therefore, it may be common that an audio
speaker is relatively near to an EM sensor also disposed on the AR device (see, e.g., the EM
sensor 604 disposed near the speaker 66 in the example wearable display device 58 shown in
Fig 11A). The magnetic field from the audio speaker can interfere with the EM field sensed
by the EM sensor of the EM tracking system.

[0134] Referring to Figure 18A, there may be some audio systems which create
noise in the usable frequencies for such electromagnetic tracking systems. Further, audio
speakers typically have magnetic fields and one or more coils, which also may mnterfere with
electromagnetic tracking systems. Referning to Figure 18B, a block diagram 1s shown for an
example of a noise cancelling system 1830 for an electromagnetic tracking system. Since the
ununtentional EM interference 1s a known entity (because the signal supplied by the voltage
source 1822 to the audio speaker 1820 1s known or can be measured), this knowledge can be
used to cancel the EM interference from the audio speaker 1820 and improve performance of
the EM tracking system. In other words, the audio signal generated by the system may be
atilized to eliminate the magnetic interference from the speaker that is recetved by the coil of
the EM sensor 604, As schematically shown in Figure 18B, the noise cancelling circuit 1830
may be configured to accept the corrupted signals 1850a from the EM sensor 604 as well as
the signal 1850b from the audio system. The noise cancelling system can combine the signals
1850a, 1850b to cancel out the interference received from the audio speaker 1820 and to

provide an uncorrupted sensor signal 1850c.

-35-



WO 2018/039269 PCT/US2017/048068

[6135] Figure 18C is a plot showing an illustrative, non-limiting example of how
the audio signal 1850b can be inverted and added to the corrupted sensor signal 1850a cancel
the interference and to provide the substantially uncorrupted sensor signal 1850¢. The top
plot, V{noise), is the noise signal 1850b added to the EM tracking system by the audio

speaker 1820. The bottom plot, V{cancel), 1s the inverted audio signal {e.g.

A==t

-Vinoise}), when
these are added together the effect s no noise degradation from the audio. In other words,
the noise canceling system receives a corrupted signal 1850a that is the sum of the true EM
sensor signal, V{sensor) representing the signal from the EM transmitter coils, and the noise
signal: Visensor}+V(noise). By adding the inverted audio signal, -V{noise}, to the corrupted
signal 1850a, the uncorrupted signal, V{sensor) 1850¢, 1s recovered. The uncorrupted signal
1850c¢ reflects the response of the sensor 604 as if the audio speaker 604 were not present and
therefore reflects the EM transmutier fields at the position of the sensor 604, Equivalently, the
noise signal 1830b can be subtracted from the corrupted signal 1850a to recover the
uncorrupted signal, V(sensor) 1830c. The noise cancellation can result in canceling
substantially all {e.g., > 80%, >90%, > 95%, or more} of the noise signal {e.g., from the audio
speaker). This noise cancellation technique 1s not limited to cancellation of just audio speaker
noise but can be applied to other sources of noise interference to the EM sensor signal if a
measurement {or estimate) of the noise signal can be determined (so that it can then be
removed from the EM sensor signal as described above}.

[6136] FIG. 18D 15 a flowchart that shows an example method 1800 for canceling
mterference recetved by an EM sensor in an EM tracking system. The method 1800 can be
performed by a hardware processor in the AR device such as, e.g., the local processing and
data modale 70, or by a hardware processor in the EM tracking system. At block 1802, the
method receives a noisy signal from an electromagnetic sensor.  As described above, the
noisy signal can be caused by interference from a nearby audic speaker that generates
electromagnetic interference. At block 1804, the method receives a signal from the source of
the EM interference. For example, the signal can be the signal 1850b used to drive the audio
speaker (see, e.g., Figure 18B). At block 1806, the noisy signal and the interference signal
are combined to obtain a de-noised EM signal For example, the interference signal can be
inverted and added to the noisy signal or the mierference signal can be subtracted from the

noisy signal. At block 1808, the de-noised signal can be used to determine the location of the
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EM sensor. The location obtained using the de-noised signal {(as compared to using the noisy
signal} 1s more accurate and reliable.

6137} Accordingly, the foregoing provides a method to remove the unintentional
noise created by an audio speaker in proximity to an EM tracker sensor. This method
employs a noise cancelling method that uses the known information about the audio to
remove it from the EM tracking signal. This system may be used when sufficient physical
separation of the audio speaker and the EM sensor coil cannot be achieved (so that the
mterference 1s sufficiently low). Although in the foregoing, the interference noise has been
described as generated by an audio speaker, this is for tllustration and 15 not a himitation.
Embodiments of the foregoing can be applied to any interference signal that can be

measured, and then subtracted from the corrupted sensor signal

Example Calibration of Vision Svstems

[0138] Referring to Figure 19, m one embodiment a known pattern 1900 (such as
a circular pattern) of lights or other emitters may be utilized to assist in calibration of vision
systems. For example, the circular pattern may be utilized as a fiducial; as a camera or other
capture device with known ornientation captures the shape of the patiern while the object
coupled to the pattern is reoriented, the orientation of the object, such as a hand held totem
device 606, may be determined; such orientation may be compared with that which comes
from an associated IMU on the object {e.g., the totem) for error determination and use
calibration. With further reference to Figure 19, the pattern of lights 1900 may be produced
by hight enutters {e.g., a plurality of LEDs) on a hand-held totem 606 {(schematically
represented as a cylinder in Fig. 19). As shown in Fig. 19, when the totem s viewed head-on
by a camera on the AR headset 58, the pattern of hghts 1900 appears circular. When the
totem 606 is tilted in other onentations, the pattern 1900 appears elliptical. The pattern of
lights 1900 can be identified using computer vision techniques and the orientation of the
totem 606 can be determined.

[6139] In varipus implementations, the augmented reality device can include a
computer vision system configured to implement one or more computer vision technigues to
identify the pattern of lights (or perform other computer vision procedures used or described

herein). Non-limiting examples of computer vision techniques include: Scale-invariant
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feature transform (SIFT), speeded up robust features (SURF), oriented FAST and rotated
BRIEF (ORB), binary robust invariant scalable keypoints (BRISK), fast retina kevpoint
(FREAK), Viola-Jones algorithm, Figenfaces approach, Lucas-Kanade algorithm, Horn-
Schunk algorithm, Mean-shift algorithm, wvisual simuhianecus location and mapping
(vSLAM) techniques, a sequential Bavesian estimator (e.g., Kalman filter, extended Kalman
filter, etc.), bundle adjustment, Adaptive thresholding (and other thresholding technigues),
Iterative Closest Point (ICP), Semi Global Matching (SGM), Semi Global Block Matching
(SGBM), Feature Point Histograms, various machine learning algorithms (such as eg,
support vector machine, k-nearest neighbors algorithm, Naive Bayes, neural network
(including convolutional or deep neural networks), or other supervised/unsupervised models,

etc.}, and so forth.

Example Circuits for Subsystems of Wearable Display Devices

[0140] Referring to Figures 20A-20C, a configuration is shown with a summing
amplifier 2002 to simphify circuitry between two subsysterns or components of a wearable
computing configuration such as a head mounted compounent and a belt-pack component.
With a conventional configuration, each of the coils 2004 {(on the left of Figure 20A) of an
electromagnetic tracking sensor 604 15 associated with an amplifier 2006, and three distinct
amplified signals can be sent through a summing amplifier 2002 and the cabling to the other
component {e.g., processing circuitry as shown n Fig. 20B}. In the llustrated embodiment,
the three distinct amplified signals may be directed to the summing amplifier 2002, which
produces one amplified sigoal that 15 directed down an advantageously simplified cable 2008,
and each signal may be at a different frequency. The summing amplifier 2002 may be
configured to amplify all three signals received by the amplifier; then (as illustrated in Fig.
208} the receiving digital signal processor, after analog-to-digital conversion, separates the
signals at the other end. Gain control may be used. Figure 20C illustrates a filter for each
frequency (F1, F2, and F3} — so the signals may be separated back out at such stage. The
three signals may be analyzed by a computational algorithm {e g., to determing sensor pose)
and the position or orientation result can be used by the AR system (e.g., to properly display

virtual content to the user based on the user’s instantaneous head pose).
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Example EM Trackine Svstem Updatine

[0141] Referring to Figure 21, electromagnetic ("EM”) tracking updating can be
relatively “expensive” in terms of power for a portable system, and may not be capable of
very high frequency updating. In a “sensor {usion” configuration, more frequently updated
localization iformation from another sensor such as an IMU may be combined, along with
data from another sensor, such as an optical sensor {e.g., a camera or a depth camera), which
may or may not be at a relatively high frequency; the net of fusing all of these inputs places a
lower demand upon the EM system and provides for quicker updating.

0142} Referring back to Figure 11B, a distributed sensor coil configuration was
shown for the AR device 58 Referring to Figure 22A, an AR device 58 with a single
electromagnetic sensor device {604}, such as a housing containing three orthogonal sensing
cotls, one for each direction of X, Y, Z, may be coupled to the wearable component (58} for 6
degree of freedom tracking, as described above. Also as noted above, such a device may be
dis-integrated, with the three sub-portions (e.g., coils) attached at different locations of the
wearable component (58), as shown in Figures 22B and 22C. Referring to Figure 22C, to
provide further design alternatives, each individual sensor coil may be replaced with a group
of similarly oriented coils, such that the overall magnetic flux for any given orthogonal
direction is captured by the group (148, 150, 152) rather than by a single coil for each
orthogonal direction. In other words, rather than one coil for each orthogonal direction, a
group of smaller coils may be utilized and thetr signals aggregated to form the signal for that
orthogonal direction. In another embodiment wherein a particular system component, such as
a head mounted component (58} features two or more electromagnetic coil sensor sets, the
system may be configured to selectively utilize the sensor and emitter pairing that are closest
to each other (e.g., within 1 em, 2 cm, 3 cm, 4 cm, 5 cm, or 10 cm) to improve or optimize

the performance of the system.

Examples of Recalibrating 3 Wearable Displav Svystem

6143} Referring to Figures 23A-23C, it may be useful to recalibrate a wearable
computing system such as those discussed herein, and in one embodiment, acoustic {e.g.,
ultrasonic} signals generated at the transmuiter, along with an acoustic sensor {e.g.,

microphone) at the recetver and acoustic time of flight calculation, may be utilized to
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determine sound propagation delay between the transmitter and receiver and thereby distance
between the transmitter and receiver (since the speed of sound 18 known). Figure 23 A shows
that in one embodiment, three coils on the transmuiter are energized with a burst of
stnewaves, and at the same time an ultrasonic transducer may be energized with a burst of
sinewaves, preferably of the same frequency as one of the coils. Figure 23B illustrates that
an EM receiver may be configured to receive the three EM waves using X, Y, 7 sensor coils,
and the acoustic, ultrasonic wave using a microphone (MIC). Total distance may be
calculated from the amplitude of the three EM signals. Time of flight {sound propagation
delay time 2300) may be calculated by comparing the timing of the acoustic {microphone)
response 2302 with the response of the EM coils 2304 (see, e g., Figure 23C). This may be
used to also calculate distance. Comparing the electromagnetically calculated distance with
the acoustic delay time 2300 can be used to calibrate the EM TX or RX circuits {e.g., by
correction factors).

[0144] Referring to Figure 24A, in another embodiment, in an augmented reality
system featuring a camera, the distance may be calculated by measuring the size mn pixels of
a known-size alignment feature (depicted as an arrow in Fig. 24A) on another device such as
a handheld controller {e.g., the controller 606).

[0145] Referring to Figure 24B, in another embodiment, in an augmented reality
system featuring a depth sensor, such as an mfrared (“IR”} depth sensor, the distance may be
calculated by such depth sensor and reported directly to the controller.

[0146] Referring to Figures 24 and 24D, once the total distance 13 known, either
the camera or the depth sensor can be used to determine position in space. The augmented
reality system may be configured to project one or more virtual alignment targets to the user.
The user may align the controlier to the targets, and the system can calculate position from
both the EM response, and from the direction of the virtual targets plus the previously
calculated distance. Roll angle calibration may be done by aligning a known feature on the
controller with a virtual target projected to the user; yaw and pitch angle may be calibrated
by presenting a virtual target to the user and having the user align two features on the
controller with the target {(much like sighting a rifle).

6147} Referring to Figures 25A and 25B, there may be an inherent ambiguity

associated with EM tracking systems: a receiver would generate a similar response in two
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diagonally opposed locations around the transmutter. For example, Figure 25A shows a
handheld device 606 and a ghost device 606a that generates a similar response. Such a
challenge 1s particularly relevant in systems wherein both the transmitter and receiver may be
mobile relative to each other.

[6148&] In one embodiment, the system may use an IMU sensor to determine if the
user 15 on the plus or the negative side of a reference (e.g., symmetry} axis. In an
embodiment such as those described above which feature world cameras and a depth camera,
the system can use that information to detect whether a handheld component (e.g., handheld
2500 in Fig. 25B) 15 in the positive side or negative side of the reference axis; if the handheld
2500 1s outside of the field of view of the camera and/or depth sensor, the system may be
configured to decide (or the user may decide) that the handheld component 2500 15 1n the
180-degree zone directly in back of the user, for example, at the ghost position 2500a as
shown 1n Figure 258,

[0149] Referring back to the embodiments above wherein outward-oriented
camera devices (124, 154, 156) are coupled to a system component such as a head mounted
component {58), the posttion and orientation of the head coupled to such head mounted
component {38) may be determuned using information gathered from these camera devices,
using techniques such as simultaneous localization and mapping, or “SLAM” techniques
{also known as parallel tracking and mapping, or “PTAM” techniques). Understanding the
position and orientation of the head of the user, also known as the user’s “head pose”, in real
or near-real time {(e.g., preferably with low latency of determination and epdating) 1s valuable
m determuming where the user 1s within the actual environment around him or her, and how to
place and present virtual content relative to the user and the environment pertinent to the
augmented or mixed reality experience of the user. A typical SLAM or PTAM configuration
involves extracting features from incoming image information and using this to triangulate 3-
D mapping points, and then tracking against those 3-D mapping points. SLAM technigues
have been utilized in many mnmplementations, such as i self-driving cars, where computing,
power, and sensing resources may be relatively plentiful when compared with those which
might be available on board a wearable computing device, such as a head mounted

component (58).

41-



WO 2018/039269 PCT/US2017/048068

Examples of Pose Calculation and Location Mapping Via Extraction of Camera Features

[0150] Referring to FIG. 26, in one embodiment, a wearable computing device,
such as a head mounted component (58), may comprise two outward-facing cameras
producing two camera images {left - 204, right - 206). In one embodiment, a relatively
lightweight, portable, and power efficient embedded processor, such as those sold by
Movidius®, Intel®, Qualcomm®, or Ceva®, may comprise part of the head mounted
component (58} and be operatively coupled to the camera devices. The embedded processor
may be configured to first extract features (210, 212} from the camera images {204, 206). If
the calibration between the two cameras is known, then the system can tniangulate (214) 3-D
mapping points of those features, resulting in a set of sparse 3-I map points (202). This may
be stored as the “map”, and these first frames may be utihized to establish the “world”
coordinate system origin {208}, As subsequent image information comes into the embedded
processor from the cameras, the systemn may be configured to project the 3-D map points into
the new image information, and compare with locations of 2-D features that have been
detected in the mmage mformation. Thus the system may be configured to attempt to
establish a 2-D to 3-D correspondence, and using a group of such correspondences, such as
about six of them, the pose of the user’s head (which is, of course, coupled to the head
mounted device S8) may be estimated. A greater number of correspondences, such as more
than six, generally means a better job of estimating the pose. Of course this analysis relies
aupon having some sense of where the user’s head was {e.g, in terms of position and
orientation) before the current images being examined. As long as the system 15 able to track
without too much latency, the system may use the pose estimate from the most immediately
previous time to estimate where the head 1s for the most current data. Thus 1s the last frame
was the origin, the system may be configured to estimate that the user’s head is not far from
that in terms of position and/or orientation, and may search around that to find
correspondences for the current time interval.  Such 15 a basis of one embodiment of a
tracking configuration.

(6151} After moving sufficiently away from the original set of map points (202},
one or both camera images (204, 206} may start to iose the map points in the newly incoming
images {for example, if the user’s head 1s rotating right in space, the original map points may

start to disappear to the left and may only appear in the left image, and then not at all with
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more rotation). Once the user has rotated too far away from the original set of map points,
the system may be configured to create new map points, such as by using a process similar to
that described above (detect features, create new map poinis) — this is an example of how the
system may be configured to keep populating the map. In one embodiment, this process may
be repeated again every 10 to 20 frames, depending upon how much the user is transiating
and/or rotating his head relative to his environment, and thereby translating and/or rotating
the associated cameras. Frames associated with newly created mapping points may be
deemed “key frames”, and the system may be configured to delay the feature detection
process with key frames, or alternatively, feature detection may be conducted upon each
frame to try to establish matches, and then when the system 1s ready to create a new key
frame, the system already has that associated feature detection completed. Thus, in one
embodiment, the basic paradigm is to start off creating a map, and then track, track, track
until the system needs to create another map or additional portion thereof.

[0152] Referring to FIG. 27, in one embodiment, vision based pose calculation
may be split into 5 stages {(e.g, pre-tracking 216, tracking 218, low-latency mapping 220,
latency-tolerant mapping 222, post mapping/cleanup 224) to assist with precision and
optimization for embedded processor configurations wherein computation, power, and
sensing resources may be hmited. The vision based posed calculation can be performed by
the local processing and data module 70 or the remote processing and data module 72, 74.

[0153] With regard to pretracking (216}, the system may be configured to identify
which map points project into the image before the image mformation arrives.  In other
words, the systemn may be configure to identify which map points would project into the
image given that the system knows where the user was before, and has a sense or where the
user 1s going. The notion of “sensor fusion” is discussed further below, but it 1s worth noting
here that one of the nputs that the system may get from a sensor fusion module or
functionality may be “post estimation” information, at a relatively fast rate, such as at 250 Hz
from an merttal measurement unit (“IMU”} or other sensor or device (this 1s a high rate
relative to, say, 30 Hz, at which the vision based pose calculation operation may be providing
updates). Thus there may be a much finer temporal resolution of pose mformation being
derived from IMU or other device relative to vision based pose calculation; but it 1s also

noteworthy that the data from devices such as IMUs tends to be somewhat noisy and
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susceptible to pose estimation drift, as discussed below. For relatively short time windows,
such as 10-15 mulliseconds, the IMU data may be quite useful in predicting pose, and, again,
when combined with other data in a sensor fusion configuration, an optimized overall result
may be determined.

[6154] Pose information coming from a sensor fusion module or functionality
may be termed “pose prior”, and this pose prior may be utilized by the system to estimate
which sets of points are going to project into the current image. Thus in one embodiment,
the system 1s configured in a “pre tracking” step {210) to pre-fetch those map pomts and
conduct some pre-processing that helps to reduce latency of overall processing. Fach of the
3-D map points may be associated with a descriptor, so that the system may identify them
uniguely and match them to regions in the image. For example, if a given map point was
created by using a feature that has a patch around it, the system may be configured to
maintain some semblance of that patch along with the map point, so that when the map point
is seen projected onto other images, the system can look back at the original image used to
create the map, examine the patch correlation, and determine if they are the same pomt.
Thus in pre-processing, the system may be configured to do some amount of fetching of map
points, and some amount of pre-processing associated with the patches associated with those
map points. Thus in pre-tracking (216), the system may be configured to pre-fetch map
points, and pre-warp 1mage patches {a “warp” of an mmage may be done to ensure that the
system can match the patch associated with the map point with the current image; a warp is
an example of a way to make sure that the data being compared 1s compatible}.

[6155] Referrning back to FIG 27, a tracking stage may comprise several
components, such as feature detection, optical flow analysis, feature matching, and pose
estimation. While detecting features in the mcoming image data, the system may be
configured to utilize optical flow analysis to save computational time in feature detection by
trving to follow features from one or more previous images. Once features have been
identified in the current image, the system may be configured to try to maich the features
with projected map points — this may be deemed the “feature matching” portion of the
configuration. In the pre-tracking stage {216), the system preferably has already identified
which map points are of interest, and fetched them; in feature mapping, they are projecied

into the current image and the system tries to match them with the features. The output of
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feature mapping 1s the set of Z-D} to 3-D correspondences, and with that in hand, the system
is configured to estimate the pose.

[6156] As the user is tracking his head around, coupled to the head mounted
component (58}, the system preferably is configured to identify if the user s looking at a new
region of the environment or not, to determine whether a new key frame s needed. In one
embodiment, such analysis of whether a new key frame is needed may be almost purely
based upon geometry; for example, the system may be configured to look at the distance
(translational distance; also field-of-view capture reorientation — the user’s head may be close
translationally but re-oriented such that completely new map points may be required, for
example} from the current frame to the remaining key frames. Once the system has
determined that a new key frame should be inserted, the mapping stage may be started. As
noted above, the system may be configured to operate mapping as three different operations
(low-latency mapping, latency-tolerant mapping, post/mapping or cleanup), as opposed to a
single mapping operation more likely seen in a conventional SLAM or PTAM operation.

(61571 Low-latency mapping (220), which may be thought of in a simplistic form
as triangulation and creation of new map points, 1s a critical stage, with the system preferably
configured to conduct such stage immediately, because the paradigm of tracking discussed
herein relies upon map points, with the system only finding a position if there are map points
available to track against. The “low-latency” denommation refers to the notion that there 13
no tolerance for unexcused latency (in other words, this part of the mapping needs to be
conducted as quickly as possible or the system has a tracking problem).

0158} Latency-tolerant mapping (222) may be thought of i a simplistic form as
an optimization stage. The overall process does not absolutely require low latency to
conduct this operation known as “bundle adjustment”, which provides a global optimization
in the result. The system may be configured to examine the positions of 3-D points, as well
as where they were observed from. There are many errors that can chain together in the
process of creating map points. The bundle adjustment process may take, for example,
particular points that were observed from two different view locations and use all of this
mformation to gain a better sense of the actual 3-D geometry. The result may be that the 3-D
points and also the calculated trajectory (e.g., location, path of the capturing cameras) may be

adjusted by a small amount. It is desirable to conduct these kinds of processes to not
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accumuilate errors through the mapping/tracking process.

[0159] The post mapping / cleanup {224} stage s one in which the system may be
configured to remove points on the map that do not provide valuable information in the
mapping and tracking analysis. In this stage, these points that do not provide useful
information about the scene are removed, and such analysis is helpful in keeping the entire
mapping and tracking process scalable.

[0160] During the vision pose calculation process, there is an assumption that
features being viewed by the outward-facing cameras are static features {e.g., not moving
from frame to frame relative to the global coordinate system). In various embodiments,
semantic segmentation and/or object detection technigues may be utilized to remove moving
objects from the pertinent field, such as humans, moving vehicles, and the like, so that
features for mapping and tracking are not extracted from these regions of the various images.
In one embodiment, deep learning techniques, such as those described below, may be utilized

for segmenting out these non-static objects.

Fxamples of Sensor Fusion

[0161] Referring to FIGS. 28A-28F, a sensor fusion configuration may be utilized
to benefit from one source of information coming from a sensor with relatively high update
frequency (such as an IMU updating gyroscope, accelerometer, and/or magnetometer data
pertinent to head pose at 3 frequency such as 250 Hz) and another imformation source
updating at a lower frequency {such as a vision based head pose measurement process
updating at a frequency such as 30 Hz}. In various embodiments, the higher frequency sensor
data 1s at frequencies above 100 Hz and the lower frequency sensor data 1s at frequencies
below 100 Hz. In some embodiments, the higher frequency sensor data is at frequencies
greater than 3 times, 5 times, 10 times, 25 times, 100 times, or greater than the frequencies at
which the lower frequency sensor takes data.

[0162] Referring to FIG. 28A, in one embodiment the system may be configured
to use an extended Kalman filter (EKF, 232) and to track a significant amount of information
regarding the device. For example, in one embodiment, it may account for 32 states, such as
g from the

=

angular velocity {(g.g., from the IMU gyroscope), transiational acceleration {e.

IMU accelerometers), calibration information for the IMU uself (e.g., coordinate systems and
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calibration factors for the gyros and accelerometers; the IMU may also comprise one or more
magnetometers). Thus the system may be configured to take in IMU measurements at a
relatively high update frequency (226), such as 250 Hz, as well as data from some other
source at a lower update frequency (e.g., calcuiated vision pose measurement, odometry data,
etc.), for example, vision pose measurement (228} at an update frequency such as 30 Hz.

[0163] Each time the EKF gets a round of IMU measurements, the system may be
configured to integrate the angular velocity information to get rotational information {e.g.,
the mntegral of angular velocity (change in rotational position over change in time) is angular
position {change in angular position)); likewise for translational information (in other words,
by doing a double integral of the translational acceleration, the system will get position data).
With such calculation the system can be configured to get 6 degree-of-freedom (DOF) pose
mformation from the head (translation in X, Y, Z; orientation for the three rotational axes) —
at the high frequency from the IMU (e.g, 250 Hz i one embodiment). Fach time an
mtegration 15 done, noise 1s accumulated in the data; doing a double integration on the
translational or rotational acceleration can propagate noise. Generally the system 13
configured to not rely on such data which is susceptible to “dnift” due to noise for too long a
time window, such as any longer than about 100 oulliseconds in one embodiment. The
mcoming lower frequency (e.g., updated at about 30Hz i one embodiment) data from the
vision pose measurement (228) may be utilized to operate as a correction factor with the EKF
(232}, producing a corrected output (230).

[0164] Referring to FIGS. 28B-28F, to llustrate how the data from one source at
a higher update frequency may be combined with the data from another source at a lower
update frequency, a first group of pomts (234) from an IMU at a higher frequency, such as
250 Hz, 1s shown, with a point (238} coming in at a lower frequency, such as 30 Hz, from a
vision pose calculation process. The system may be configured to correct {242) to the vision
pose calculation point when such information 1s available, and then continue forward with
more points from the IMU data (236} and another correction {244) from another point {240)
available from the vision pose calculation process. The may be termed applying an “update”
with the vision pose data to the “propagation” of data coming from the IMU, using the EKF.

[6165] in 1s notable that in some embodiments, the data from the second source

{(e.g., such as the vision pose data) may come in not only at a lower update frequency, but
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also with some latency — meaning that the system preferably is configured to navigate a time
domain adjustment as the information from IMU and vision pose calculation are integrated.
In one embodiment, to ensure that the system 13 fusing in the vision pose calculation input at
the correct time domain position in the IMU data, a buffer of IMU data may be maintained,
to go back, to a time (say “Tx"} in the IMU data to do the fusion and calculate the “update”
or adjustment at the time pertinent to the input from the vision pose calculation, and then
account for that in forward propagation to the current time (say “Tcurrent”), which leaves a
gap between the adjusted position and/or orientation data and the most current data coming
from the IMU. To ensure that there is not too much of a “jump” or “jitter” in the presentation
to the user, the system may be configured to use smoothing technigques. One way to address
this issue is to use weighted averaging techniques, which may be linear, nonlinear,
exponential, etc., to eventually drive the fused data stream down to the adjusted path.

[6166] Referring to FIG. 28C, for example, weighted averaging techniques may
be utilized over the time domain between TO and T1 to drive the signal from the unadjusted
path (252; eg., coming straight from the IMU) to the adjusted path (254; e g., based upon
data coming from the visual pose calculation process); one example 15 shown in Figure 28D,
wherein a fused result (260) 15 shown starting at the unadjusted path (252) and time TO and
moving exponentially to the adjusted path (254) by T1. Referring to FIG. 28E, a series of
correction opportunifies 1s shown with an exponential time domain correction of the fused
result {260} toward the lower path from the upper path 1 each sequence (first correction 1s
from the first path 252, say from the IMU, to the second path 254, say from vision based
pose calculation; then coutinuing with the simular pattern forward, using the continued IMU
data while correcting, down m this example toward successive corrected lower paths 256,
258 based upon successive pomnts from vision pose, using each incoming vision based pose
calculation point). Referring to FIG. 28F, with short enough time windows between the
“updates” or corrections, the overall fused result (260) functionally may be percetved as a
relatively smooth patterned result (262},

(6167} In other embodiment, rather than rely directly upon the wvision pose
measurement, the system may be configured to examine the derivative EKF; 1n other words,
rather than using vision pose calculation result directly, the system uses the change in vision

pose from the current time to the previous time. Such a configuration may be pursued, for
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example, if the amount of noise in the vision pose difference 1s a lot less than the amount of
noise in the absolute vision pose measurement. It 1s preferable to not have mstantanecus
errors throwing off the fused result, because the output of all of this 18 pose, which gets sent
back as the “pose prior” values to the vision system.

[0168] Although certain embodiments use an EKF, other embodiments may use
different estimation algorithms such as, e g, unscented Kalman filters, linear Kalman filters,
Bayesian models, hidden Markov models, particle filters, sequential Monte Carlo models, or

other estimation techniques.

Example Pose Service

[0169] The external system-based “consumer” of the pose result may be termed
the “Pose Service”, and the system may be configured such that all other system components
tap into the Pose Service when requesting a pose at any given time. The Pose Service may
be configured to be a queue or stack (e.g., a buffer), with data for a sequences of time slices,
one end having the most recent data. If a request of the Pose Service 1s the current pose, or
some other pose that s in the buffer, then it may be outputied immediately;, in certain
configurations, the Pose Service will receive a request for: what is the pose going to be 20
matlliseconds forward 1n time from now (for example, in a video game content rendering
scenario — it may be deswrable for a related service to know that 1t needs to be rendering
something tn a given position and/or ortentation shightly 1n the future from now}). In one
model for producing a future pose value, the system may be configured to use a constant
velocity prediction model (e.g., assume that the user’s head 15 moving with a constant
velocity and/or angular velocity); tn another model for producing a future pose value, the
system may be configured to use a constant acceleration prediction model (e.g. assume that
the user’s head 1s translating and/or rotating with constant acceleration}. The data in the data
butfer may be utilized to extrapolate where the pose will be using such models. A constant
acceleration model uses a bit longer tail into the data of the buffer for prediction than does a
constant velocity model, and we have found that the subject systems can predict into the
range of 20 milliseconds in the future without substantial degradation. Thus the Pose Service
may be configured to have a data buffer going back in time, as well as about 20 milliseconds

or more going forward, in terms of data that may be utilized to output pose. Operationally,
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content operations generally will be configured to identify when the next frame draw 15 going
to be coming in time {for example, it will either try to draw at a time T, or at a time T+N, the
N being the next interval of updated data available from the Pose Service).

[0170] The use of user-facing {(g.g., inward-facing, such as toward the user’s
eves) cameras, such as those depicted in FIG. 16B (14} may be utilized to conduct eye
tracking, as described, for example, in US. Patent Application Serial Numbers 14/707,000
and 15/238,516, which are hereby incorporated by reference herein in their entireties. The
system may be configured to conduct several steps in eye tracking, such as first taking an
image of the eve of the user; then using segmenting analysis to segment anatomy of the eye
(for example, to segment the puptl, from the iris, from the sclera, from the surrounding skin);
then the system may be configured to estimate the pupil center using glint locations identified
in the images of the eye, the ghints resulting from small illununation sources (16}, such as
LEDs, which may be placed around the mmward-facing side of the head mounted component
(58); from these steps, the system may be configured to use geometric relationships to
determine an accurate estimate regarding where in space the particular eye 18 gazing.  Such
processes are fauly computationally intensive for two eyes, particularly in view of the
resources available on a portable system, such as a head mounted component (58) featuring
on on-board embedded processor and limited power.

(6171} Deep learnming techniques may be trained and utihized to address these and
other computational challenges. For example, in one embodiment, a deep learming network
may be utilized to conduct the segmentation portion of the aforementioned eye tracking
paradigm {e.g., a deep convolutional network may be watihized for robust pixel-wise
segmentation of the left and right eye 1mages into s, pupil, sclera, and rest classes), with
everything else remaining the same; such a configuration takes one of the large
computationally intensive portions of the process and makes it significantly more efficient.
In another embodiment, one joint deep learning model may be trained and wvtitized to conduct
segmentation, pupil detection, and glint detection {e.g., a deep convolutional network may be
atilized for robust pixel-wise segmentation of the left and right eye images o iris, pupil,
sclera, and rest classes; eye segmentation may then be utilized to narrow down the 2-D glint
locations of active inward-facing LED illumination sources); then the geometry calculations

to determine gaze may be conducted. Such a paradigm also streamlines computation. In a
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third embodiment, a deep learning model may be trained and utilized to directly estimate
gaze based upon the two images of the eyes coming from the inward-facing cameras {e.g., in
such an embodiment, a deep learning model solely using the pictures of the user’s eyes may
be configured to tell the system where the user is gazing in three dimensional space; a deep
convolutional network may be wutilized for robust pixel-wise segmentation of the left and
right eye images nto iris, puptl, sclera, and rest classes; eye segmentation may then be
utilized to narrow down the 2-D glint locations of active mward-facing LED iHlumination
sources; the 2-D ghint locations along with 3-D LED locations may be utilized to detect the
cornea center in 3-D; note that all 3-D locations may be in the respective camera coordinate
system; then eye segmentation may also be utilized to detect the pupil center in the 2-D
image using ellipse fitting; using offline calibration information, the 2-D pupil center may be
mapped to a 3-D gaze point, with depth being determined during calibration; the line
connecting the cornea 3-D location and the 3-D gaze point location is the gaze vector for that
eye), such a paradigm also streamlines computation, and the pertinent deep network may be
trained to directly predict the 3-D gaze point given the left and right images. The loss
function for such deep network to performo such a tramning may be a simple Euclidean loss, or
also include the well-known geometric constraints of the eye model.

[0172] Further, deep learning models may be included for biometric identification
using images of the user’s w15 from the inward-facing cameras. Such models may also be
utilized to determine if a user 18 wearing a contact lens — because the model will jump out 1n
the Fourier transform of the image data from the imnward-facing cameras.

(6173} The use of outward-facing cameras, such as those depicted in FIG. 16A
{124, 154, 156) may be utihized to conduct SLAM or PTAM analysis for the determunation of
pose, such as the pose of a user’s head relative to the environment in which he is present
wearing a head-mounted component (58), as described above. Most SLAM technigues are
dependent upon tracking and matching of geometric features, as described in the
embodiments above. Generally it 1s helpful to be 1n a “textured” world wherein the outward-
facing cameras are able to detect corners, edges, and other features, further, certain
assumptions may be made about the permanence/statics of features that are detected mn
scenes, and it is helpful to have significant computing and power resources available for all

of this mapping and tracking analysis with SLAM or PTAM processes; such resources may
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be in short supply with certain systems, such as some of those which are portable or
wearable, and which may have limited embedded processing capabilities and power

available.

Example DeepSLAM Networks

[0174] Deep learning networks may be incorporated into various embodiments to
observe differences in image data, and based upon training and configuration, play a key role
in the SLAM analysis {in the context of SLAM, the deep networks herein may be deemed
“DeepSLAM” networks) of variations of the subject system.

[0175] In one embodiment, a DeepSLAM network may be utilized to estimate
pose between a pair of frames captured from cameras coupled to a component to be tracked,
such as the head mounted component {58) of an augmented reality system. The system may
comprise a convolutional neural network configured to learn transformation of pose (for
example, the pose of a head mounted component 58) and apply this in a tracking manner.
The systerm may be configured to start looking at a particular vector and orientation, such as
straight ahead at a known origin (50 0,0,0 as X, Y, 7). Then the user’s head may be moved,
for example, to the right a bit, then to the left a bit between frame 0 and frame 1 with the goal
of seeking the pose transform or relative pose transformation. The associated deep network
may be trained on a pair of mmages, for example, wherein we know pose A and pose B, and
mage A and 1mage B; this leads to a certain pose transformation.  With the pose
transformation  determined, one may then integrate associated IMU data  (from
accelerometers, gyros, etc. — as discussed above) nto the pose transformation and continue
tracking as the user moves away from the origin, around the room, and at whatever
trajectory. Such a system may be termed a “relative pose net”, which as noted above, 1
trained based upon pairs of frames wherein the known pose information is available (the
transformation s determined from one frame to the other, and based upon the variation in the
actual images, the system learns what the pose transformation 1s in terms of translation and
rotation). Deep homography estimation, or relative pose estimation, has been discussed, for
example, in U.S. Patent Application Serial Number 62/339,799, which 1s hereby incorporated
by reference herein in its entirety.

[0176] When such configurations are utilized to conduct pose estimation from
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frame O to frame 1, the result generally is not perfect, and the system can implement a
method for dealing with drift. As the system moves forward from frame 1 to 2 t0 3 to 4 and
estimates relative pose, there 1s a small amount of error brought in between each pair of
frames. This error generally accumulates and becomes a problem (for example, without
addressing this error-based dnift, the system can end up placing the user and his or her
associated system componentry in the wrong location and orientation with pose estimation.
In one embodiment, the notion of “loop closure” may be applied to solve what may be
termed the “relocalization” problem. In other words, the system may be configured to
determine if it has been in a particular place before — and if so, then the predicted pose
information should make sense in view of the previous pose information for the same
location. For example, the system may be configured such that anytime it sees a frame on
the map that has been seen before, it relocalizes; if the translation is off, say by Smm in the X
direction, and the rotation 15 off, say by 5 degrees in the theta direction, then the system fixes
this discrepancy along with those of the other associated frames; thus the trajectory becomes
the true one, as opposed to the wrong one. Relocalization 15 discussed in U.S. Patent
Application Serial Number 62/263,529, which 15 hereby icorporated by reference herein in
its entirety.

[0177] It also turns out that when pose is estimated, n particular by using IMU
nformation {(e.g., such as data from associated accelerometers, gyros, and the like, as
described above), there 1s nowse m the determined position and orientation data.  If such data
s directly utilized by the system without further processing to present images, for example,
there 15 hikely to be undesirable jitter and instability experienced by the user; this 1s why n
certain techmiques, such as some of those described above, Kalman filters, sensor fusion
techniques, and smoothing functions may be utilized. With deep network solutions, such as
those described above using convolutional neural nets to estimate pose, the smoothing issue
may be addressed using a recurrent neural networks (RNN), which 13 akin to a long short
term memory network. In other words, the system may be configured to build up the
convolutional neural net, and on top of that, the RNN is placed. Traditional neural nets are
feed forward in design, static in time; given an mmage or pair of images, they give you an
answer. With the RNN, the output of a layer 15 added to the next input and fed back into the

same layer again — which typically is the only layer in the net; can be envisioned as a
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“passage through time” - at each point in time, the same net layer is reconsidering a shghtly
temporally tuned input, and this cycle is repeated. Further, unlike feed forward nets, an RNN
can receive a sequence of values as an input {e.g., sequenced over time) — and can also
produce a sequence of values as output. The simple structure of the RNN with built in
feedback loop that allows 1t to behave like a forecasting engine, and the result when
combined with the convolutional neural net in this embodiment is that the system can take
relatively noisy trajectory data from the convolutional neural net, push 1t through the RNN,
and it will output a trajectory that is much smoother, much more like human motion, such as
motion of a user’s head which may be coupled to a head mounted component (58) of a
wearable computing system.

[0178] The system may also be configured to determine depth of an object from a
stereo pair of images, wherein you have a deep network and left and right 1images are input.
The convolutional neural net may be configured to output the disparity between left and right
cameras (such as between left eve camera and right eve camera on a head mounted
component 38); the determined disparity 1s the inverse of the depth if the focal distance of
the cameras 1s known, so the system can be configured to efficiently calculate depth having
the disparnity information; then meshing and other processes may be conducted without
mvolving alternative components for sensing depth, such as depth sensors, which may
require relatively high computing and power resource loads.

[6179] As regards semantic analysis and the application of deep networks to
various embodiments of the subject augmented reality configurations, several areas are of
particular nterest and apphcability, including but not limited to detection of gestures and
keypoints, face recognition, and 3-D object recognition.

[6180] With regard to gesture recognition, in various embodiments the system is
configured to recognize certain gestures by a user’s hands to control the system. In one
embodiment, the embedded processor may be configured to utilize what are known as
“random forests” along with sensed depth information to recognize certain gestures by the
user. A random forest model 15 a nondetermunistic mode!l which may use a fairly large
library of parameters, and may use relatively large processing capacity and therefore power
demand. Further, depth sensors may not always be optimally suited for reading hand

gestures with certain backgrounds, such as desk or tabletops or walls which are near to the
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depth of the subject hand, due to noise limitations with certain depth sensors and mnabilities to
determine differences between, for example, 1 or 2 cm in depth accurately. In certain
embodiments, random forest type of gesture recognition may be replaced with deep learning
networks. One of the challenges in utihizing deep networks for such a configuration is in
labelling portions of the image information, such as pixels, as “hand” or “not hand”; training
and utilizing deep networks with such segmentation challenges may require doing
segmentations with millions of images, which is very expensive and time consuming. To
address this, in one embodiment, during training time, a thermal camera, such as those
available for military or security purposes, may be coupled to the conventional outward-
facing camera, such that the thermal camera essentially does the segmentation of “hand” and
“no hand” tself by showing which portions of the image are hot enough to be human hand,
and which are not.

[0181] With regard to face recognition, and given that the subject augmented
reality system 1s configured to be worn in a social setting with other persons, understanding
who 15 around the user may be of relatively high value — not only for simply dentifying other
nearby persons, but also for adjusting the information presented {for example, if the system
wdentifies a nearby person as an adult friend, 1t may suggest that vou play chess and assist n
that; 1if the systemn 1dentifies a nearby person as vour child, it may suggest that vou go and
play soccer and may assist in that; if the system fails to wdentify a nearby person, or
identifies them as a known danger, the user may be inclined to avoid proximuty with such
person}). In certain embodiments, deep neural network configurations may be utilized to
assist with face recogmition, m a manner simular to that discussed above n relation to deep
relocalization. The model may be trained with a plurality of different faces pertinent to the
user’s life, and then when a face comes near the system, such as near the head mounted
component {58), the system can take that face image in pixel space, translate i, for example,
into a 128-dimensional vector, and then use vectors as points in high dimensional space to
figure out whether this person is present in your known list of people or not. In essence, the
system may be configured to do a “nearest neighbor” search 1n that space, and as 1t turns out,
such a configuration can be very accurate, with false positive rates running in the T out of
1,000 range.

[0182] With regard to 3-D object detection, in certain embodiments, it 1s useful to
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have a deep neural network incorporated which will tell the user about the space they are in
from a 3-dimensional perspective {e.g., not only walls, floors, ceiling, but also objects
populating the room, such as couches, chairs, cabinets, and the like — not just from a
traditional 2-dimensional sense, but from a true 3-dimensional sense). For example, in one
embodiment it 15 desirable for a user to have a model which understands the true volumetric
bounds of a couch in the room — so that the user knows what volume is occupied by the
volume of the couch in the event that a virtual ball or other object 15 to be thrown, for
example. A deep neural network model may be utilized to form a cuboid model with a hugh
level of sophistication.

[0183] In certain embodiments, deep reinforcement networks, or deep
reinforcement learning, may be utilized to learn effectively what an agent should be domng in
a specific context, without the user ever having to directly tell the agent. For example, if a
user wants to always have a virtual representation of his dog walking around the room that he
is occupving, but he wanis the dog representation to always be visible {(e.g., not hidden
behind a wall or cabinet), a deep reinforcement approach may turn the scenario mto a game
of sorts, wherein the virtual agent (here a virtual dog) s allowed to roam around in the
physical space near the user, but during training time, a reward is given if the dog stays in
acceptable locations from, say T0O to T1, and a penalty 15 given if the user’s view of the dog
becomes occluded, lost, or the dog bumps into a wall or object. With such an embodiment,
the deep network starts learning what it needs to do to win ponts rather than lose points, and
pretty soon it knows what it needs to know to provide the desired function.

[0184] The system may also be configured to address highting of the virtual world
in a manner that approximates or matches the lighting of the actual world around the user.
For example, to make a virtual perception blend in as optimally as possible with actual
perception in avgmented reality, hghting color, shadowing, and lighting vectoring is
reproduced as realistically as possible with the virtual objects. In other words, if a virtual
opaque coffee cup is to be positioned upon an actual tabletop in a room with yellow-ish
unted light coming from one particular corner of the room that creates shadowing from the
real world objects on the real world table, then optimally the light tinting and shadowing of
the virtual coffee cup would match the actual scenario. In certain embodiments, a deep

learning model may be utilized to learn the illumination of an actual environment in which
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the system component is placed. For example, a model may be utilized that, given an image
or sequences of images from the actual environment, learns the illumination of the room to
determine factors such as brightness, hue, and vectoring by one or more light sources. Such
a model may be trained from synthetic data, and from images captured from the user’s

device, such as from the user’s head mounted component (58).

Example Hyvdra Architecture

[0185] Referring to FIG. 29, a deep learning network architecture which may be
called a “Hydra” architecture (272} is tllustrated. With such a configuration, a variety of
mputs (270}, such as IMU data {from accelerometers, gyros, magnetometers), outward-tfacing
camera data, depth sensing camera data, and/or sound or voice data may be channeled to a
multilayer centralized processing resource having a group or a plurality of lower layers (268)
which conduct a significant portion of the overall processing, pass their results to a group or
a plurality of middle layers {(266), and ultimately to one or more of a plurality of associated
“heads” (264) representing various process functionalities, such as face recognition, visual
search, gesture identification, semantic segmentation, object detection, lighting
detection/deternunation, SLAM, relocalization, and/or depth estimation (such as from stereo
image information, as discussed above). Occurrence, determination, or identification of a
gesture, an object, relocation, or a depth {or any state associated with any of the
functionalities) can be referred to as an event associated with a particular functionality. In
wearable display systems, the Hydra architecture may be implemented on and performed by
the local processing and data module 70 or the remote processing module and data repository
72, 74, in various embodiments. The plurality of lower layers (268) and nuddle layers (266}
can be referred to as a plurality of intermediate layers.

[0186] Conventionally, when using deep networks to achieve various tasks, an
algorithm will be built for each task. Thus if it desired to recognize automobiles, then an
algorithm will be built for that; 1f it 15 desired to recognize faces, then an algorithm will be
built for that, and these algorithms may be run simultaneously. If unlimited or high levels of
power and computation resource are available, then such a configuration will work well and
get results; but in many scenarios, such as the scenario of a portable augmented reality

system with a limited power supply and limited processing capability in an embedded
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processor, computing and power resources can be relatively limited, and 1t may be desirable
to process certain aspects of the tasks together. Further, if one algorithm has knowledge
from another, then it may make the second algorithm better in some embodiments. For
example, if one deep network algorithm knows about dogs and cats, knowledge transfer {also
termed “domain adaptation”) from that may help ancther algorithm recognize shoes better.
So there 1s reason to have some kind of crosstalk between algorithms during training and
inference.

[0187] Further, there 15 a consideration related to algorithm design and
modification. Preferably it further capabilities are needed relative to an imitial version of an
algorithm, one will not need to completely rebuild a new one from scratch. The depicted
Hydra architecture (272) may be utilized to address these challenges, as well as the
computing and power efficiency challenge, because as noted above, it is the case that there
are common aspects of certain computing processes that can be shared. For example, in the
depicted Hydra architecture (272), inputs (270}, such as image information from one or more
cameras, may be brought into the lower layers (268) where feature extraction on a relatively
low level may be conducted. For example, Gabor functions, denivatives of Gaussians, things
that basically effect lines, edges, corners, colors — these are uniform for many problems at the
low level. Thus, regardless of task variation, low level feature extraction can be the same,
whether 1t 15 the objective to extract cats, cars, or cows — and therefore the computation
related thereto can be shared. Hydra architecture (272) 15 a high-level paradigm which
aliows knowledge sharing across algorithms to make each better, it allows for feature sharing
so that computation can be shared, reduced, and not redundant, and allows one to be able to
expand the sutte of capabilities without having to rewrite everything — rather, new
capabilities may be stacked upon the foundation with the existing capabilities.

[0188] Thus, as noted above, in the depicted embodiment, the Hydra architecture
represents a deep neural network that has one unified pathway. The bottom layers (268) of
the network are shared, and they extract basic units of visual primitives from input images
and other mputs (270} The system may be configured to go through a few lavers of
convolutions to extract edges, lines, contours, junctions, and the like. The basic components
that programmers used to feature-engineer, now become learned by the deep network. As it

turns out, these features are useful for many algorithms, whether the algorithm s face
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recognition, tracking, etc. Thus once the lower computational work has been done and there
is a shared representation from images or other inputs into all of the other algorithms, then
there can be individual pathways, one per problem or functionality. Thus on top of this
shared representation, there is a pathway that leads to face recognition that 1s very specific to
faces, there’s a pathway that leads to tracking that 15 very specific to SLAM, and so on for
the other “heads” (264) of the architecture (272). With such an embodiment, one has all of
this shared computation that allows for multiplying additions basically, and on the other hand
one has very specific pathways that are on top of the general knowledge and allow one to
fine tune and find answers to very specific questions.

[0189] Also of value with such a configuration is the fact that such neural
networks are designed so that the lower layers (268), which are closer to the nput (270},
utilize more computation, because at each layer of computation, the system takes the original
mput and transforms it into some other dimensional space where typically the dirnensionality
of things is reduced. So once the fifth layer of the network from the bottom layer is
achieved, the amount of computation may be n the range of 5, 10, 20, 100 {or more) times
less than what was utilized 10 the lowest level (e.g., because the input was much larger and
much larger matrix multiplication was used). In one embodiment, by the time the system has
extracted the shared computation, 1t’s fairly agnostic to the problems that need to be solved.
A large portion of the computation of almost any algorithm has been completed in the lower
layers, so when new pathways are added for face recognition, tracking, depth, highting, and
the hike, these contribute relatively little to the computational constramts — and thus such an
architecture provides plenty of capability for expansion. In one embodiment, for the first few
layers, there may be no pooling to retain the highest resolution data; middle layers may have
pooling processes because at that point, high resolution is not needed (for example, high
resolution 1s not needed to know where the wheel of a car 1s 1in a nmuddle layer; the network
generally needs to know where the nut and bolt are located from the lower levels in high
resolution, and then the image data can be significantly shrunk as it is passed to the middle
layers for location of the wheel of the car}. For example the features generated i the lower
levels comprise features having a first resolution, and the features generated in the middle
layers comprise features having a second resolution that is less than the first resolution.

Further, once the network has all of the learned connections, everything 1s loosely wired and
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the connections are advantageously learned through the data. The middle layers {266) may
be configured to start learning parts, for example — object parts, face features, and the like; so
rather than simple Gabor functions, the muddle layers are processing more complex
constructs or higher level features {(e.g., squiggly shapes, shading, etc.}. Then as the process
moves higher toward the top, there are split-offs into the unique head components (264},
some of which may have many layers, and some of which may have few. The layers of a
head component {264} can be referred to a head component layers. Again, the scalability and
efficiency is largely due to the fact that a large portion, such as 90%, of the processing power
(e.g., measured in floating point operations per second (flops)) are within the lower layers
(2068), then a small portion, such as 5% of the flops, are at the muddle layvers (266), and
another 5% is in the heads (264).

[0190] Such networks may be pre-trained using information that already exists.
For example, in one embodiment, ImageNet, a large group (in the range of 10 nullion) of
images from a large group of classes (in the range of 1,000) may be utilized to train all of the
classes. In one embodiment, once 1t’s trained, the top layer that distinguishes the classes may
be thrown out, but all of the weights learned in the training process are kept.

[0191] The process of training a neural network with a hydra architecture (272)
mvolves presenting the network with both put data and corresponding target output data.
This data, comprising both example inputs and target outputs, can be referred to as a training
set. Through the process of traming, the weights of the network, including weights
assoctated with the lower layers (268}, the middle layers (266}, and the head components
(264} can be incrementally or iteratively adapted such that the output of the network, given a
particular mput data from the training set, comes to maich {e.g., as closely as possible) the

target output corresponding to that particular input data.

Example NNs

[0192] A laver of a neural network (NN}, such as a deep neural network (DINN)
can apply a linear or non-linear transformation to its input to generate its output. A deep
neural network layer can be a normalization layer, a convolutional layer, a softsign layer, a
rectified linear layer, a concatenation layer, a pooling layer, a recurrent layer, an inception-

like layer, or any combination thereof. The normalization layer can normalize the brightness
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of its input to generate s output with, for example, L2 normalization. The normalization
layer can, for example, normalize the brightness of a plurality of images with respect to one
another at once to generate a plurality of normalized images as its output.  Non-limiting
examples of methods for normalizing brightness include local contrast normalization (LCN)
or iocal response normalization (LRN). Local contrast normalization can normalize the
contrast of an image non-linearly by normalizing local regions of the image on a per pixel
basis to have a mean of zero and a vanance of one {or other values of mean and variance).
Local response normalization can normalize an image over local input regions to have a
mean of zero and a vanance of one {or other values of mean and variance). The
normalization layer may speed up the training process.

(6193} The convolutional layer can apply a set of kernels that convolve its input
to generate its output. The softsign layer can apply a sofisign function to its input. The

X

softsign function (softsign(x)} can be, for example, (x / (1 + |x]})}. The sofisign layer may
neglect impact of per-element outliers. The rectified linear layer can be a rectified linear
layer umit (RelLU) or a parameterized rectified hinear layer unit (PRelLlU). The RelU layer
can apply a ReLU function to its input to generate its output. The ReLU function ReLU{x)
can be, for example, max{0, x}. The PReLU layer can apply a PReLLU function to its input to
generate its output. The PReL.U function PReLU(x) can be, for example, x if x > 0 and ax if
x < 0, where g 15 a positive number. The concatenation laver can concatenate its input to
generate 1ts output. For example, the concatenation layer can concatenate four 5 x 5 images
to generate one 20 x 20 image. The pooling layer can apply a pooling function which down
samples its imput to generate its output. For example, the pooling layer can down sample a
20 x 20 image nto a 10 x 10 image. Non-limiting examples of the pooling function include
maximum pooling, average pooling, or mimimum pooling,

[0194] At a time point t, the recurrent layer can compute a hidden state s(#), and a
recusrent connection can provide the hidden state §¢#) at time ¢ to the recurrent layer as an
mnput at a subsequent time point £+1. The recurrent layer can compute s output at time #+1
based on the hidden state sf#) at time £ For example, the recurrent laver can apply the
softsign function to the hidden state s(¥) at time ¢ to compute s output at time #1. The
hidden state of the recurrent layer at time t+1 has as its input the hidden state s(#) of the

recurrent layer at time ¢ The recurrent layer can compute the hidden state s(#+1) by

-61-



WO 2018/039269 PCT/US2017/048068

applying, for example, a Rel.U function to its input. The inception-like layer can include one
or more of the normalization layer, the convolutional laver, the softsign layer, the rectified
linear fayer such as the RelLU laver and the PReLU layer, the concatenation layer, the
pooling layer, or any combination thereof

[6195] The number of layers in the NN can be different m different
implementations. For example, the number of layers in the lower layers (268) or the middle
layers (266) can be 50, 100, 200, or more. The input type of a deep neural network layer can
be different in different implementations. For example, a layer can receive the outputs of a
number of layers as its input. The input of a layer can include the outputs of five layers. As
another example, the input of a layer can include 1% of the layers of the NN. The output of a
layer can be the inputs of a number of layers. For example, the output of a laver can be used
as the mnputs of five layers. As another example, the output of a layer can be used as the
mputs of 1% of the layers of the NN,

[6196] The 1nput size or the output size of a layer can be quite large. The input
size or the output size of a layer can be n x m, where n denotes the width and m denotes the
height of the input or the output. For example, n or m can be 11, 21, 31, or more. The
channel sizes of the wput or the ouiput of a laver can be different in different
implementations. For example, the channel size of the input or the output of a layer can be 4,
16, 32, 64, 128, or more. The kernel size of a layer can be different m different
mplementations. For example, the kernel size can be # x m, where 2 denotes the width and
m denotes the height of the kernel. For example, # or m can be 5, 7, 9, or more. The stnide
stze of a layer can be different in different tmplementations. For example, the stride size of a

deep neural network layer can be 3, 5, 7 or more.

Additional Aspects and Advantages

6197} In a lIst aspect, a head mounted display system 1s disclosed. The head
mounted display svstem comprises: a plurality of sensors for capturing different types of
sensor data; non-transitory memory configured to store: executable instructions, and a deep
neural network for performing a plurality of functionalities associated with a user using the
sensor data captured by the plurality of sensors, wherein the deep neural network comprises

an input layer for receiving input of the deep neural network, a plurality of lower layers, a
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plurality of muddle layers, and a plurality of head components for outputting results of the
deep neural network associated with the plurality of functionalities, wherein the input layer is
connected to a first fayer of the plurality lower layers, wherein a last layer of the plurality of
lower layers 1s connected to a first layer of the middle layers, wherein a head component of
the plurality of head components comprises a head output node, and wherein the head output
node ts connected to a last layer of the middle layers through a plurality of head component
layers representing a unique pathway from the plurality of muddle layers to the head
component; a display configured to display mformation related to at least one functionality of
the plurality of functionalities to the user; and a hardware processor in communication with
the plurality of sensors, the non-transitory memory, and the display, the hardware processor
programumed by the executable instructions to: receive the different types of sensor data from
the plurality of sensors; determine the results of the deep neural network using the different
types of sensor data, and cause display of the mformation related to the at least one
functionalities of the plurality of functionalities to the user.

[0198] In a 2nd aspect, the system of aspect 1, wheremn the plurality of sensors
comprises an inertial measurement unit, an outward-facing camera, a depth sensing camera, a
nucrophone, or any combination thereof

[6199] In a 3rd aspect, the system of any one of aspects 1-2, wherein the plurality
of functionalities comprises face recognition, visual search, gesture identification, semantic
segmentation, object detection, hghting detection, simultaneous locahization and mapping,
relocalization, or any combination thergof

[626¢] In a 4th aspect, the system of any one of aspects 1-3, wheremn the plurality
of lower lavers s trained to extract lower level features from the different types of sensor
data.

[0201] In a 5th aspect, the system of aspect 4, wherein the plurality of middle
layers is trained to extract higher level features from the lower level features extracted.

[0202] In a 6th aspect, the system of aspect 5, the head component uses a subset
of the higher level features to determine the at least one event of the plurality of events.

[0203] In a 7th aspect, the system of any one of aspects 1-6, the head component
is connected to a subset of the plurality of middle lavers through the plurality of head

component layers.
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[6204] in a 8th aspect, the system of any one of aspects 1-7, the head component
is connected to each of the plurality of middle layers through the plurality of head component
layers.

[0205] In a %th aspect, the system of any one of aspects 1-8, wherein a number of
weights associated with the plurality of lower layers is more than 50% of weights associated
with the deep neural network, and wherein a sum of a number of weights associated with the
plurality of nuddle lavers and a number of weights associated with the plurality of head
components is less than 50% of the weights associated with the deep neural network.

16206} in a 10th aspect, the system of any one of aspects 1-9, wherein
computation associated with the plurality of lower layers is more than 50% of total
computation associated with the deep neural network, and wherein computation associated
with the plurality of nuddle layers and the plurality of head components is less than 50% of
the computation involving the deep neural network.

(6207} In a 1lth aspect, the system of any one of aspects 1-10, wherein the
plurality of lower layers, the plurality of muddle layers, or the plurality of head component
lavers comprises a convolution layer, a brightness normalization layer, a batch normalization
layer, a rectified linear layer, an upsampling layer, a concatenation layer, a fully connected
laver, a linear fully connected laver, a softsign laver, a recurrent layer, or any combination
thereof.

[0208] In a 12th aspect, the system of any one of aspects 1-11, wherein the
plurality of middle layers or the plurality of head component layers comprises a pooling
layer.

[6209] In a 13th aspect, a system for tramning a neural network for determining a
plurality of different types of events 1s disclosed. The system comprises. computer-readable
memory storing executable instructions; and one or more processors programmed by the
executable instructions to at least: receive different types of sensor data, wherein the sensor
data 1s associated with a plurality of different types of events; generate a training set
comprising the different types of sensor data as input data and the plurality of different types
of events as corresponding target output data; and train a neural network, for determining a
plurality of different types of events, using the training set, wherein the neural network

comprises an input layer for recetving input of the neural network, a plurality of intermediate
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layers, and a plurality of head components for outpuiting results of the neural network,
wherein the input laver is connected to a first layer of the plurality intermediate lavers,
wherein a head component of the plurality of head components comprises a head output
node, and wherein the head output node 1s connected to a last layer of the intermediate layers
through a plurality of head component layers.

[0210] In a 14th aspect, the system of aspect 13, wherein the different types of
sensor data comprises inertial measurement unit data, image data, depth data, sound data,
voice data, or any combination thereof.

(0211} in a 15th aspect, the system of any one of aspects 13-14, wherein the
plurality of different types of events comprises face recognition, visual search, gesture
identification, semantic segmentation, object detection, lighting detection, simultaneous
localization and mapping, relocalization, or any combination thereof

(6212} In a 16th aspect, the system of any one of aspects 13-13, wherein the
plurality of intermediate layers comprises a plurality of lower layers and a plurality of middle
layers, wherein the plurality of lower layers is trained to extract lower level features from the
different types of sensor data, and wherein the plurality of nuddle layers 1s trained to extract
higher level features trom the lower level features extracteded.

[0213] In a 17th aspect, the system of any one of aspects 13-16, the head
component 1s connected to a subset of the plurality of intermediate layers through the
plurality of head component layers.

[6214] In a 18th aspect, the system of any one of aspects 13-17, the head
component 15 connected to each of the plurahity of intermediate layers through the plurality of
head component lavers.

[6215] In a 19th aspect, the system of any one of aspects 13-18, wherein the
plurality of mntermediate layers or the plurality of head component lavers comprises a
convolution layer, a brightness normalization layer, a batch normalization layer, a rectified
linear layer, an upsampling layer, a pooling layer, a concatenation layer, a fully connected
layer, a linear fully connected layer, a softsign layer, a recurrent layer, or any combination
thereof.

[6216] In a 20th aspect, the system of any one of aspects 13-19, wherein the one

or more processors i1s further programmed by the executable instructions to at least: receive a
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second different tvpe of sensor data, wherein the second different type of sensor data 1s
assoctated with a second different type of events; generate a retraining set comprising the
second different type of sensor data as input data and the second different type of events as
corresponding target output data; and retrain the neural network, for determining the second
different type of events, using the retraining set, wherein a second head component of the
plurality of head components comprises a second head output node for outputting results
associated with the second different type of events, and wherein the head output node 1s
connected to the last layer of the intermediate layers through a plurality of second head
component layers.

(0217} In a 21st aspect, the system of aspect 20, wherein to retrain the neural
network, the one or more processors are programmed by the executable instructions to at
least: update weights associated with the plurality of second head component layers.

[0218] In a 22nd aspect, the system of aspect 20, wherein the neural network is
retrained without updating weights associated with the plurality of intermediate layers.

[0219] In a 23rd aspect, the system of any one of aspects 13-22, wherein the
plurality of different tvpes of sensor data i1s associated with a second different types of
events, and wherein the one or more processors is further programmed by the executable
mstructions to at least: generate a retraining set comprising the different types of sensor data
as mput data and the second different type of events as corresponding target output data; and
retrain the neural network, for determining the second different type of events, using the
retrating set.

[6220] In a 24th aspect, the system of aspect 23, wherein to retrain the neural
network, the one or more processors are programmed by the executable nstructions to at
least: update weights associated with the plurality of second head component layers.

[0221] In a 25th aspect, the system of any one of aspects 23-24, wherein the
neural network s retrained without updating weights associated with the plorality of
intermediate layers.

16222} In a 26th aspect, a method is disclosed. The method is under control of a
hardware processor and comprises: recetving different types of training sensor data, wherein
the training sensor data is associated with a plurality of different types of events; generating a

training set comprising the different types of training sensor data as input data and the
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plurality of different types of events as corresponding target output data; and training a neural
network, for determining a plurality of different tvpes of events, using the training set,
wherein the neural network comprises an input layer for receiving imput of the neural
network, a plurality of intermediate layers, and a plurality of head components for outputting
results of the neural network, wherein the input layer 15 connected to a first layer of the
plurality intermediate layers, wherein a head component of the plurality of head components
comprises a head output node, and wherein the head output node 1s connected to a last layer
of the intermediate layers through a plurality of head component layers.

[0223] in a 27th aspect, the method of aspect 26, wherein the different types of
training sensor data comprises inertial measurement unit data, image data, depth data, sound
data, voice data, or any combination thereof.

[0224] In a 28th aspect, the method of any one of aspects 26-27, wherein the
plurality of different types of events comprises face recognition, visual search, gesture
identification, semantic segmentation, object detection, highting detection, simultaneous
localization and mapping, relocalization, or any combination thereof,

[0225] In a 29th aspect, the method of any one of aspects 26-28, wherein the
plurality of intermediate layers comprises a plurality of lower lavers and a plurality of nuddle
lavers.

[6226] In a 30th aspect, the method of aspect 29, wherein the plurality of lower
layers is tramed to extract fower level features from the different types of traimming sensor
data.

[6227] In a 31st aspect, the method of aspect 30, wherein the plurality of muddle
layers 15 trained to extract more complex constructs from the lower level features extracted.

[6228] In a 32nd aspect, the method of any one of aspects 26-31, wherein a
number of weights associated with the plurality of lower lavers 1s more than 50% of weights
associated with the neural network, and wherein a sum of a number of weighis associated
with the plurality of middle layers and a number of weights associated with the plurality of
head components 1s less than 50% of the weights associated with the neural network.

[0229] In a 33rd aspect, the method of anv one of aspects 26-32, wherein
computation associtated with the plurality of lower layers when training the neural network 1s

more than 50% of total computation associated with training the neural network, and wherein
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computation associated with the plurality of muddle layers and the plurality of head
components 18 ess than 30% of the computation involving the neural network.

16236} In a 34th aspect, the method of any one of aspects 26-33, wherein the
plurality of mntermediate layers or the plurality of head component lavers comprises a
convolution layer, a brightness normalization layer, a batch normalization layer, a rectified
linear layer, an upsampling layer, a pooling layer, a concatenation laver, a fully connected
layer, a linear fully connected laver, a softsign layer, a recurrent layer, or any combination
thereof.

(0231} in a 35th aspect, the method of any one of aspects 26-34, further
comprising: recetving a second different type of training sensor data, wherein the second
different type of training sensor data is associated with a second different type of events;
generating a retraining set comprising the second different type of training sensor data as
mput data and the second different type of evenis as corresponding target output data; and
retraining the neural network, for determining the second different type of events, using the
retramning set, wherein a second head component of the plurality of head components
comprises a second head output node for outputting results associated with the second
different type of events, and wherein the head output node 1s connected to the last layer of the
itermediate layers through a plurality of second head component layers.

[6232] In a 36th aspect, the method of aspect 35, wheremn to retrain the neural
network, the one or more processors are programmed by the executable mstructions to at
least: update weights associated with the plurality of second head component layers.

[6233] In a 37th aspect, the method of aspect 35, wherein the neural network 1s
retrained without updating weights associated with the plurahity of intermediate layers.

6234} In a 38th aspect, the method of any one of aspects 26-37, wherein the
plurality of different types of training sensor data is associated with a second different types
of events, the method further comprising: generating a retraining set comprising the different
types of training sensor data as input data and the second different type of events as
corresponding target output data; and retraining the neural network, for determiming the
second different type of events, using the retraining set.

[6235] In a 39th aspect, the method of any one of aspects 26-38, further

comprising: recetving different types of user sensor data corresponding to the different types
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of training sensor data; and determining, using the neural network and the different types of
user sensor data, an event of the plurality of different types of events. In a 40th aspect, the
method of aspect 39, further comprising displaying information refated to the event.

[0236] In a 40th aspect, a wearable display system comprising a first sensor
configured to operate at a first frequency, a second sensor configured to operate at a second
frequency, the second frequency lower than the first frequency, a hardware processor
programmed to receive a first input from the first sensor and a second input from the second
sensor, filter the first input and the second mnput, and output a filtered result In some
embodiments, to filter the first input in the second input, the hardware processor is
programmed to utilize an extended Kalman filter.

162371 in a 41st aspect, a wearable display system comprising a plurality of
sensors, and a hardware processor programmed to receive wnput from each of the plurality of
sensors, evaluate a Hydra neural network architecture, and generate a plurality of functional
outputs. The Hydra neural network can comprise a plurality of lower layers configured to
recetve the nput from each of the plurality of sensors and to extract a plurality of lower-level
features, a plurality of middle lavers configured to receive mput from the plurality of lower
layers and to extract a plurality of higher-level features, the higher-level features having a
resolution that 1s less than the lower-level features, and a plurality of heads configured to
recetve input from the muddle layers and to generate the plurality of functional outputs. The
plurality of sensors can include an nertial measurement unit (IMU), an outward-facing
camera, a depth sensor, or an audio sensor. The plurality of functional outputs can include
face recogmition, visual search, gesture identification, semantic segmentation, object
detection, lighting, localization and mapping, relocalization, or depth estimation. In some
aspects, the lower layers do not include a pooling laver, whereas the middle layers do include
a pooling laver. In some aspects, the Hydra neural network architecture is configured such
that the lower layers perform a first fraction of the computation of the neural network, the
middle layers perform a second fraction of the computation of the neural network, and the
heads perform a third fraction of the computation of the neural network, where the first
fraction is greater than the second fraction or the third fraction by a factor in a range from 5

to 100,
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Additional Considerations

[0238] Each of the processes, methods, and algorithms described herein and/or
depicted in the attached figures may be embodied in, and fully or partially automated by,
code modules executed by one or more physical computing systems, hardware computer
processors, application-specific circuitry, and/or electronic hardware configured to execute
specific and particular computer instructions. For example, computing systems can include
general purpose computers {e.g., servers} programmed with specific computer instructions or
special purpose computers, special purpose circuitry, and so forth. A code module may be
compiled and linked into an executable program, installed in a dynamic link library, or may
be written in an interpreted programming language. In some implementations, particular
operations and methods may be performed by circuitry that is specific to a given function.

[0239] Further, certain implementations of the functionality of the present
disclosure are sufficiently mathematically, computationally, or technically complex that
application-specific hardware or one or more physical computing devices (utilizing
appropriate  specialized executable instructions) may be necessary to perform  the
functionality, for example, due to the volume or complexity of the calculations nvolved or to
provide resulits substantially in real-time. For example, a video may include many frames,
with each frame having millions of pixels, and specifically programmed computer hardware
15 necessary to process the video data to provide a deswwed image processing task or
apphication in a commercially reasonable amount of time.

[6240] Code modules or any type of data may be stored on any type of non-
transitory  computer-readable medium, such as physical computer storage mcluding hard
drives, solid state memory, random access memory {RAM}, read only memory (ROM),
optical disc, volatile or non-volatile storage, combinations of the same and/or the like. The
methods and modules (or data) may also be transmitted as generated data signals {e.g., as part
of a carrier wave or other analog or digital propagated signal) on a variety of computer-
readable transmission mediums, including wireless-based and wired/cable-based mediums,
and may take a variety of forms {e.g., as part of a single or multiplexed analog signal, or as
multiple discrete digital packets or frames). The results of the disclosed processes or process
steps may be stored, persistently or otherwise, mn any type of non-transitory, tangible

computer storage or may be communicated via a computer-readable transmission medium.
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6241} Any processes, blocks, states, steps, or functionalities i flow diagrams
described herein and/or depicted in the attached figures should be understood as potentially
representing code modules, segments, or portions of code which include one or more
executable instructions for implementing specific functions {e.g., logical or arithmetical} or
steps 1n the process. The vartous processes, blocks, states, steps, or functionalities can be
combined, rearranged, added to, deleted from, modified, or otherwise changed from the
tlustrative examples provided herein.  In some embodiments, additional or different
computing systems or code modules may perform some or all of the functionalities described
herein. The methods and processes described herein are also not limited to any particular
sequence, and the blocks, steps, or states relating thereto can be performed in other sequences
that are appropriate, for example, in serial, in parallel, or in some other manner. Tasks or
events may be added to or removed from the disclosed example embodiments. Moreover,
the separation of various systern components in the noplementations described herein 1s for
itlustrative purposes and should not be understood as requiting such separation wn all
implementations. It should be understood that the described program components, methods,
and systems can generally be integrated together in a single computer product or packaged
mto multiple computer products. Many implementation variations are possible.

[0242] The processes, methods, and systems may be implemented in a network
{or distributed) computing environment.  Network environments mclude enterprise-wide
computer networks, intranets, local area networks (LAN}, wide area networks (WAN),
personal area networks (PAN), cloud computing networks, crowd-sourced computing
networks, the Internet, and the World Wide Web. The network may be a wired or a wireless
network or any other type of communication network.

(6243} The invention includes methods that may be performed using the subject
devices. The methods may comprise the act of providing such a suitable device. Such
provision may be performed by the end user. In other words, the "providing” act merely
requires the end user obtamn, access, approach, position, set-up, activate, power-up or
otherwise act to provide the requusite device in the subject method. Methods recited herein
may be carried out in any order of the recited events which 1s logically possible, as well as in
the recited order of events.

[0244] The systems and methods of the disclosure each have several innovative
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aspects, no single one of which is solely responsible or required for the desirable attributes
disclosed herein.  The various features and processes described above may be used
independently of one anocther, or may be combined in various ways. All possible
combinations and subcombinations are intended to fall within the scope of this disclosure.
Vartous modifications to the implementations described in this disclosure may be readily
apparent to those skilled in the art, and the generic principles defined herein may be applied
to other implementations without departing from the spirit or scope of this disclosure. Thus,
the claims are not intended to be limited to the implementations shown herein, but are to be
accorded the widest scope consistent with this disclosure, the principles and the novel
features disclosed herein.

[0245] Certain features that are described in this specification in the context of
separate umplementations also can be mmplemented i1n combination i a single
mmplementation. Conversely, various features that are described in the context of a single
implementation also can be mplemented in multiple implementations separately or in any
suitable subcombination. Moreover, although features may be described above as acting in
certain combinations and even initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combination, and the claimed
combination may be directed to a subcombination or vanation of a subcombination. No
single feature or group of features 15 necessary or indispensable to each and every
embodiment.

23

[6246] Conditional language used herein, such as, among others, “can,” “could,”
“might,” “may,” “e.g.,” and the like, unless specifically stated otherwise, or otherwise
understood within the context as used, 15 generally intended to convey that certamn
embodiments include, while other embodiments do not include, certain features, elements
and/or steps. Thus, such conditional language 1s not generally intended to umply that
features, elements and/or steps are in any way required for one or more embodiments or that
one or more embodiments necessarily include logic for deciding, with or without author input
or prompting, whether these features, elements and/or steps are included or are to be
performed in any particular embodiment. The terms “comprising,” “including,” “having,”
and the hike are synonymous and are used inclusively, i an open-ended fashion, and do not

exclude additional elements, features, acts, operations, and so forth. Also, the term “or” is
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used in its inclusive sense {and not in its exclusive sense) so that when used, for example, to
connect a list of elements, the term “or” means one, some, or all of the elements in the list. In

133

addition, the articles “a,” “an,” and “the” as used n this application and the appended claims
are to be construed to mean “one or more” or “at least one” unless specified otherwise.
Except as specifically defined herein, all technical and scientific terms used herein are to be
given as broad a commonly understood meaning as possible while maintaining claim
validity. It is further noted that the claims may be drafted to exclude any optional element.

[0247] As used herein, a phrase referring to “at least one of” a list of items refers
to any combination of those items, including single members. As an example, “at least one
off A, B, or C” is intended to cover: A, B, C, Aand B, Aand C, Band C, and A, B, and .
Conjunctive language such as the phrase “at least one of X, Y and Z,” unless specifically
stated otherwise, is otherwise understood with the context as used in general to convey that
an iterm, term, etc. may be at least one of X, Y or Z. Thus, such conjunctive language 1s not
generally intended to imply that certain embodiments require at least one of X, at least one of
Y and at least one of 7 to each be present.

[0248] Simularly, while operations may be depicted in the drawings 1o a particular
order, 1t 15 to be recogruzed that such operations need not be performed 1n the particular order
shown or in sequential order, or that all illustrated operations be performed, to achieve
desirable results. Further, the drawings may schematically depict one more example
processes 1o the form of a flowchart. However, other operations that are not depicted can be
mcorporated n the example methods and processes that are schematically illustrated. For
example, one or more additional operations can be performed before, after, simultaneously,
or between any of the illustrated operations. Additionally, the operations may be rearranged
or reordered in other implementations. In certain circumstances, multitasking and parallel
processing may be advantageous. Moreover, the separation of various system components in
the implementations described above should not be understood as requiring such separation
i all implementations, and it should be understood that the described program components
and systems can generally be integrated together in a single software product or packaged
mto multiple software products.  Additionally, other implementations are within the scope of
the following claims. In some cases, the actions recited in the claims can be performed in a

different order and still achieve desirable resulis.
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WHAT IS CLAIMED I5:

1. A head mounted display system comprising:

a plurality of sensors for capturing different types of sensor data;

non-transitory memory configured to store

executable instructions, and

a deep neural network for performing a plurality of functionalities

associated with a user using the sensor data captured by the plurality of

S€NSOLs,

wherein the deep neural network comprises an input layer for
recetving input of the deep neural network, a plurality of lower layers,
a plurality of middle layers, and a plurality of head components for
outputting results of the deep neural network associated with the
plurality of functionalities,

wherein the nput layer 15 connected to a first layer of the
plurality lower layers,

wherein a last layer of the plurality of lower layers s connected
to a first layer of the middle layers,

wherein a head component of the plurality of head components
comprises a head output node, and

wherein the head output node 18 connected to a last layer of the
middle layers through a plurality of head component layers
representing a unique pathway from the plurality of muddle lavers to

the head component;

a display configured to display information related to at least one functionality

of the plurality of functionalities to the user; and

a hardware processor in communication with the plurality of sensors, the non-

transitory memory, and the display, the hardware processor programmed by the

executable instructions to:

receive the different types of sensor data from the pluorality of sensors;

determine the results of the deep neural network using the different

types of sensor data; and
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cause display of the nformation related to the at least one
functionalities of the plurality of functionalities to the user.
2. The system of claim 1, wherein the plurality of sensors comprises an inertial
measurement unit, an outward-facing camera, a depth sensing camera, a microphone, an eye
imaging camera, or any combination thereof.

3. The system of any one of claims 1-2, wherein the plurality of functionalities
comprises face recognition, visual search, gesture identification, semantic segmentation,
object detection, lighting detection, simultaneous localization and mapping, relocalization, or
any combination thereof.

4, The system of any one of claims 1-3, wherein the plurality of lower layers is
trained to extract lower level features from the different types of sensor data.

5. The system of claim 4, wherein the plurality of middle layers is trained to
extract higher level features from the lower level features extracted.

6. The system of any one of claims 4-5, the head component uses a subset of the
higher level features to determine the at least one event of the plurality of events.

7. The system of any one of claims 1-6, the head component 15 connected to a
subset of the plurality of nuddle layers through the plurality of head component layers.

8. The system of any one of claims 1-7,

wherein a number of weights associated with the plurabity of tower layers 15
more than 50% of weights associated with the deep neural network, and

wherein a sum of a number of weights associated with the plurality of muddie
layers and a number of weights associated with the plurabty of head components 1s
tess than 50% of the weights associated with the deep neural network.

9. The svstem of any one of claims 1-8,

wherein computation associated with the plurality of fower layers is more than
50% of total computation associated with the deep neural network, and

wherein computation associated with the plurality of middle layers and the
plurality of head components 1s less than 50% of the computation involving the deep
neural network.

10. The system of any one of claims 1-9, wherein the plurality of lower layers, the

plurality of middle layers, or the plurality of head component lavers comprises a convolution
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layer, a brighiness normalization layer, a batch normalization layer, a rectified hnear layer,
an upsampling laver, a concatenation laver, a fully connected laver, a linear fully connected
layer, a softsign layer, a recurrent laver, or any combination thereof.

il The system of any one of claims 1-10, wherein the plurality of muddle layers
or the plurality of head component layers comprises a pooling layer.

12. A system for training a neural network for determuning a plurality of different
types of events, the system comprising:

computer-readable memory storing executable instructions; and

one or more processors programmed by the executable instructions to at least:

receive different types of sensor data, wherein the sensor data is associated
with a plurality of different types of events;
generate a fraining set comprising the different types of sensor data as input
data and the plurality of different tvpes of events as corresponding target output data;
and
train a neural network, for determining a plurality of different types of events,
using the training set,
wherein the neural network comprises an input layer for receiving
nput of the neural network, a plurality of intermediate layers, and a plurality
of head components for outputiing results of the neural network,
wherein the mput layer 15 connected to a first layver of the plurality
intermediate layers,
wherein a head component of the plurality of head components
comprises a head output node, and
wherein the head output node is connected to a last layer of the
intermediate layers through a plurality of head component layers.

13. The system of claim 12, wherein the different types of sensor data comprises
mertial measurement unit data, 1mage data, depth data, sound data, voice data, or any
combination thereof.

14. The system of any one of claims 12-13, wherein the plurality of different
gesture identification, semantic

2

types of events comprises face recognition, visual search

segmentation, object detection, highting detection, simultaneous localization and mapping,
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relocalization, or any combination thereof.
15 The system of any one of claims 12-14, wherein the plurality of intermediate
layers comprises a plurality of lower lavers and a plurality of middle layers,
wherein the plurality of lower layers is trained to extract lower level features
from the different types of sensor data, and
wherein the plurality of middle layers is traied to extract higher level features
constructs from the lower level features extracted.

16. The system of any one of claims 12-15, wherein the plurality of intermediate
layers or the plurality of head component layers comprises a convolution layer, a brightness
normalization layer, a batch normalization layer, a rectified linear layer, an upsampling layer,
a pooling layer, a concatenation layer, a fully connected laver, a linear fully connected layer,
a softsign laver, a recurrent layer, or any combination thereof.

17. The system of any one of claims 12-16, wherein the one or more processors s
further programmed by the executable instructions to at least:

receive a second different type of sensor data, wherein the second different
type of sensor data is associated with a second different type of events;
generate a retraining set comprising the second different type of sensor data as
input data and the second different type of events as corresponding target output data;
and
retrain the neural network, for determuming the second different type of events,
using the retraining set,
wherein a second head component of the plurality of head components
comprises a second head output node for outputting results assoctated with the
second different type of events, and
wherein the head output node is connected to the last layer of the
intermediate lavers through a plurality of second head component layers.

18. The system of claim 17, wherein to refrain the neural network, the one or
more processors are programmed by the executable instructions to at least: update weights
assoctated with the phurality of second head component layers.

9. The system of any one of claims 17-18, wherein the neural network 1s

retrained without updating weights associated with the plurality of intermediate layers.
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20. The system of any one of claims 12-16,
wherein the plurality of different types of sensor data is associated with a
second different types of events, and
wherein the one or more processors 18 further programmed by the executable
instructions 1o at least:
generate a retraining set comprising the different types of sensor data
as input data and the second different type of events as corresponding target
output data; and
retrain the neural network, for determining the second different type of

events, using the retraining set.
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L 160

User powers on his wearable computing system

l 162

Head mounted component captures combination
of IMU and camera data for SLAM analysis (such
as at the belt pack processor) to determine and
update head pose relative to a real-world
global coordinate system

i L 164

User powers on a handheld component
(for example, to play a game)

i 166

Handheld component comprises as electromagnetic
field transmitter and is operatively coupled to one or
both of the belt pack and head mounted component

i L 168

One or more electromagnetic field coil receiver sets
(i.e., 3 differently-oriented coils each) coupled to the
head mounted component capture magnetic flux from
the electromagnetic field transmitter which may be
utilized to determine positional and orientational data
between the head mounted component and
handheld component

l /170

Thus the user's head pose, and handheld pose may
be tracked at relatively low latency for presentation
of AR image features and interaction using movements
and rotations of the handheld component

FIG. 14
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L 160

User powers on his wearable computing system

i 172

Head mounted component captures combination of IMU and camera
data for SLAM analysis (such as at the belt pack processor) to
determine and update head pose relative to a real-world global

coordinate system; system is further configured to detect presence of

other localization resources in the nearby environment, such as Wifi,

Cellular, Beacons, RADAR, LIDAR, GPS, markers, and/or Cameras,

which may be tied to various aspects of the global coordiante system

(such as a wall), or to movable components (such as a handheld
component or belt pack)

i L 174
User powers on a handheld component (for example, to play a game)
l L 176

Handheld component is operatively coupled to one or both of the belt
pack and head mounted component and comprises an electromagnetic
field transmitter; other localization resources detected may also be
utilized

i S 178

One or more electromagnetic field coil receiver sets (i.e., 3
differently-oriented coils each) capture magnetic flux from the
electromagnetic field transmitter and maybe utilized to determine
positional and orientational delta between the head mounted component
and handheld component; other localization resources detected may
also be utilized to determine location and orientation of various
components

i L 180

Thus the user's head pose, and handheld pose may be tracked at
relatively low latency for presentation of AR image features and
interaction using movements and rotations fo the handheld component

FIG. 15
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