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(57) Abstract: Systems and methods herein enable a mobile device to detect that
a user is traveling in association with a vehicle based at least on motion data. In
some embodiments, accelerometer data is used. Motion data is leveraged in com-
bination with various observations regarding vehicular movement to determine
whether or not a mobile device is located in or on the vehicle. For instance, be -
fore entering the state of vehicular movement, it can be determined that the user
is first in a walking state (e.g., walking to the car, bus, etc., and entering it). Like -
wise, after exiting the state of vehicular movement, the user re-enters the walking
state (e.g., after stepping out of the car, bus, etc., the user again begins walking).
Further, it can be determined that when the user is in the walking state, the accel-
erometer signals appear ditferent to any accelerometer signals seen in the vehicu-
lar movement state.
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DETECTING THAT AMOBILE DEVICE IS RIDING WITHA
VEHICLE

BACKGROUND
[B061] Mobile devices are widespread in today’s society. For example, people use
cellular phones, sroart phones, personal digital assistants, laptop computers, pagerts,
tablet computers, etc. to send and receive data wirelessly and perform other operations
from countless locations. Moreover, advancemenis in mobile device technology have
greatly increased the versatility of today’s devices, enabling users to perform a wide
range of tasks from a single, portable device that conventionally required either multiple

devices or larger, non-portable equipment.

{6002} Being able to robustly detect that a mobile device user is riding in a moving
vehicle such as a car, bus, truck, etc., can be leveraged by a variety of applications for
cuhanced functionality. Thus, systems, rocthods, and devices for detecting that a mobile

device is riding in a vehicle are desired.

SUMMARY
(BG83} Embodiments of the invention may solve these aforementioned problems and

other problems according to the disclosures provided herein,

[0004] Systems and methods herein enable a mobile device to detect that a user is
traveling in association with a vehicle based at least on motion data. In some
embodiments, accelerometer data is used. Motion data is leveraged n combination with
various observations regarding vehicular movement to determine whether ornota
mobile device is located in or on the vehicle. For instance, before cntering the state of
vehicular movement, it can be determined that the user is first in a walking state {e.g.,
walking to the car, bus, etc., and entering it). Likewise, after exiting the state of
vehicular movement, the user re-enters the walking state (e.g., after stepping out of the
car, bus, etc., the user again begins walking). Further, it can be determined that when
the user is in the walking state, the accelerometer signals appear different to any

accelerometer signals seen in the vehicular movement state.



WO 2013/040493

10

2

PCT/US2012/055622

{0005} A state machine may be created that captures the above observations, and a
Hidden Markov Model {HMM) may be built around the state machine to improve the
accuracy of detecting vehicular movement. Various technigues for state machine and
HMM construction are provided in further detail below, Further, systems and methods

for using such a state machine and HMM are provided below.

BRIEF BESCRIPTION OF THE DRAWINGS
{6086} FIG. 1 15 a block diagram of a system for mobile device motion state

classification according to some embodiments,

{0007} FIGS. 2A, 2B, and 3 are block diagranms of example device position classifiers

according to some embodiments.

(G008} FIGS. 4-5 illustrate example state diagrams for motion state classification

according to some embodiments,

[B00%]  FIGS. 6-7 itlustrate example extended state machines for motion state

classification according to some embodiments.

{60167 FIG. 8 is g biock diagram of another example device position classifier

according to some embodiments.

(6011} FIG. 9 illustrates example components of a computing device of some

embodiments.

{0012} FIG. 10 15 a block flow diagram llustrating a process of classifying the motion

state of 3 mobile device according to some embodiments.

DETAILED DESCRIPTION
(08131 The term “likelihood” may refer to a probability or chance of an event
occurring, and may be expressed as a probability value, fraction, or percentage. The
term “likelihood™ as used herein may inciude the concept of a “probabiiity” as uvsed in
matherpatics and by persons of ordinary skall in the arts of statistical analysis and state

machine modeling and implementations.

{0014} The torm “present state” or “present motion state” may refer to the current
state among 3 plurality of states in, ¢.g. a state machine enumerating a series of motion
states, ¢.g. a walk state, run state, qutoSiop state, autoMove state, etc. Thas, at different

moments in time, the present motion state may change or may stay the same.
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[00158]  The term “decision” or “classifier decision” may refer to a determination of
what the present state or present motion state 18 of the apparatus, e.g. mobile device,

utilizing the plurality of motion states.

{08161 Techniques are described herein for classifying the motion and/or position
state of a mobile device, ¢.g., to determine that a mobile device is located in a vehicle
{e.g., car, bus, train, eic.) using a hidden Markov model (HMM) and associated state
machine. Tn some cases this detection can be done using a satellite posttioning system
(SPS) such as the Global Positioning System (GPS) or the like, by leveraging data
relating to the instantaneous speed, the coordinate (e.g., lat/long) trace associated with
the device, and so on. However, the current drain associated with running a SPS
receiver may make its ase prohibitive for vehicular movement detection. Furthermore,
SPS-based methods are prone to ervor in some scenarios, For instance, if the user is
moving in traffic at slow speed, SPS mformation alone may not be sufficient to
distinguish walking, ruoning, bicycle riding, skateboarding, rollerblading, skiing, etc.,
trom vehicular transport. Additionally, there are a number of cases where SPS-based
detection cannot be performed. For instance, many devices may lack and SPS receiver,
and for those devices that include an SPS receiver, the receiver may not be functional
when a user has disabled satellite positioning, s in an environment such as an urban
canyon in which satellite positioning accuracy and/or reception 1s poor, s driving in a
covered area such as a tunnel, or is traveling in a vehicle in which accurate satellite
posttioning fixes cannot be obtained, such as on a bus, and/or in other scenarios. Thus,
it can be desirable to use other sensors either in addition to, or m place of, SPS to detect

vehicular movement,

{0017} Embodiments herein may be implemented for any sort of vehicular or moving
state, not just for automobiles. Automobiles as described herein are merely just ong
exaniple of embodiments. For example, erobodiments may also inchude detecting
movements on a bicyele, riding a horse, driving a boat, ¢tc. The exact data and methods
to detect accelerations may be implemented differently compared to automobiles, but

the principles described herein may remain the same.

[B0¥8] Some embodiments may determine that a mobile device is stopped based on
data from one or more sensors associated with the mobhile device, These sensors may

include an accelerometer, GPS receiver, or other types of data mentioned in these
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disclosures. Embodiments may then disarabiguate between whether the mobile device
is stopped in a vehicular motion state or a pedestrian motion state based at least in part
on a previous motion state of the mobile device. In sorme embodiments, disambiguation
may include determining that the mobile device is in the vehicular motion state ifan
immediately previous state of the mobile device was the vehicular motion state. The
disambiguation may be based on probabilistic reasoning from a Hidden Markov Model
or other sinular stochastic model, Embodiments may then operate an application of the

mohile device based on the disambiguating.

{0019} Onc additional sensor that may be used to classify the motion and/or position
state of 3 mobile device, for example to determine whether the mobile device is riding
in a vehicle, is an accelerometer. Accelerometer signals may be used in detecting
vehicular movement, but it can be difficult to do this based on instantancous
accelerometer information. For instance, if a user is driving on a smooth straight road at
constant speed, or is stopped at a traftic light, the accelerometer signals may look very
much like they would if the user were sitting in a stationary chair or other location

external to a vehicle.

{0028} Some embodiments may receive data from one or more sensors. The data may
be received at a mobtile device or provide the data to the mobile device. Embodiments
may then determine a sequence of motion states of the mobile device based on the
received data. Embodiments may then determine that the mobile device isina
vehicular state based at feast in part on the determined sequence. In some embodiments,
the vehicular state comprises a stopped state. In some embodiments, determining that
the mobile device is in the stopped vehicular state may include selecting the stopped
vehicular state from a plurality of states, wherein the stopped vehicular state is selected
only when a state immediately preceding the stopped vehicular state is ina
predetermined subset of the plurality of states. In other embodiments, determining that
the mobile device is in the vehicular state may include determining that the mobile
device has entered a vehicular motion state during the determined sequence, wherein
entry into the vehicular motion state is limited to when a state immediately preceding
the entry comprises a walk state. In sorne crabodiments, the stopped vehicular state

may be selected when the immediately preceding state is a vehicular state where the
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mehile device 18 moving. In some embodiments, the one or More SeNSOrs MAy COMpPrise

only accelerometers,

[3021] FIG. 1 illustrates a system for motion state classification as described herein.
One or more motion detectors 12 associated with a mobile device provide raw motion
data to a motion state classifier module 18, The motion detectors may be any suitable
device for detecting motion, which may provide any type of motion data. In some
embodiments, the one or more motion detectors 12 are one or more accelerometers
providing accelerometer data. To some embodiments, optical sensors, infrared sensors,
ultrasonic wave sensors and the like may be used as a motion detector or to augment
motion detection of another sensor. Some embodiments may be tmplemented in a
camera equipped with one or more gyros, the camera adapted to detect motion via
accelerometer data or other kinds of motion data. In some embodiments, orientation
sensors, described below, may be used as motion detectors. An oricntation sensor may
inclade an acceleroreter and/or gyro, which may enable embodiments to properly
oricut tself 1o three dimensions as well as detect changes in orientation and position. In
some embodiments, a camera or image input may be used as a motion detector, For
example, a video, series of images, or other input derived from a camera may be usad to

determine motion of a device coupled to the camera.

{00221 The motion state classifier module 18 utilizes the motion data in combination
with an associated motion state machine 16 to infer the motion state (e.g., walk, stand,
sit, in automobile and stopped, in automobile and moving, ctc.) of the mobile device.
The motion state classifier module 18 can be configured to output an estimated state at
regular intervals (e.g., overy 1s, etc.), continuously, and/or in any other manner.
Further, the motion state classifier module 18 can output a discrete state and/or a set of

probabilities for respective possible states,

{08231 Further, while various examples described herein relate to a system of
classifying the state of 2 mobile device based on accclerometer data alone, the motion
state classitier module 18 may also optionally utilize data from one or more additional
device sensors 14, such as a GPS receiver, Wi-Fi receiver, an audio input device (e.g., a
microphone, eic.), or the like, For instance, GPS and/or Wi-Fi data can be utilized in
combination with accelerometer data to provide additional accuracy to position

calculations. Additionally or alternatively, the motion state classifier module 18 can be
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trained to identify audio signatures associated with one or more motion states, which
may be utilized as a factor in estimating the motion state of the device. Audio
recognition as performed in this manner can be based on a global set of audio signatures
or a specific set of audio patteras generated from audio moput obtained by the device,
Thus, the device may be uniquely trained for audio patterns in one or more
environments. In some embodiments the motion state classifier module 18 can be
trained to identify other signatures, such as optical, ultrasonic or microwave signatures,
for example. Detecting changes in these mediums may also be utilized as a factor in

estimating the motion state of the device.

{3024} Motion state machine 16 may provide a definition of possible states (e.g.,
walk, stand, sit, in automobile and stopped, in antomobile and moving, etc.) of the
mobile device to motion state classifier module 18, Additional examaples of possible
states may include descriptions in FIGs 4, §, 6, and 7. Classifier module 18 may then
keep track of what is the current state, based on data from motion detector(s) 12 and any
additional data from sensor(s) 14. Module 18 may also deterroine 2 change in state
based on motion data from motion detector(s) 12 and any additional sensor(s) 14, using

the transitions and types of states provided by state machine 16.

[3025] The motion state classifier modale 13 may infer a drive motion state

associated with a mobile device using a Bayesian classifier for activity recognition. For
instance, a Motion State Device Position (MSDP) classifier as illustrated in FIG. 2A
may be utilized to obtain a state classification decision, or a present state, corresponding
to a mobile device. Asg shown in FIG. 24, features extracted from accelerometer data
using feature extraction module 202 are processed using a set of statistical models 206
to compute a set of likelihoods using module 204 for various device states. HExample
features extracted at moduale 202 may inchude acceleration vahues over time, standard
deviation values (sa), ratios of the mean of normal to normal of mean values of the
accelerometer data (rm), pitch values {(pitch), rotation values (phi), etc. Example
statistical models stored in module 236 may include a joint Gaussian Markov Model
{GMM) over each motion state-device position combination, or other types of stochastic

Markov Models suitable to those with ordinary skil in the art.

0026} These models may apply the data from the feature extraction module to

compute a set of likkelihoods reflecting probabilities of what state the user is in, at
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module 204, The output set of likelihoods may be a vector of probabilitics
encompassing ¢ach of the possible device states, where the individual probabilities sum
to 1. Additionally or alternatively, the output set of hikelihoods may inchide discrete
values corresponding to most likely states at given periods of time. The Hikelihoods are
then passed to a filtering block 20¥, which utilizes a latency factor L to stabilize the
determined device states. For instance, the filtering block 208 can set a state at a given
time to a most trequently seen state over the past L seconds. Additionally or
alternatively, weighted averages and/or other algorithms can be used to process vector
likelihood data into a filtered set of states and/or state likelihoods. The filtered states
are then provided to a confidence test block 210 which removes low confidence
decisions, as a result of which the device state 18 output as the most likely state
identified by the filtering block 2028, In the event that a decision is removed for low
confidence, the classifier may output a default state, an “unknown” state, and/or any
other suitable state(s). After verifving the confidence of each state at block 219,
crubodiments may output what state the user may be in. Examples may include walk,

run, sit, stand, fiddle, rest, or driving motion states.

{3627} In addition to, or in place of, the classifier shown in FIG. ZA, a classifier as
ithstrated 1o FIG. 2B can be utilized, in which a Hidden Markov Model (HMM)
algorithm is utilized to process computed state likelthoods. Embodiments according to
FI1G. 2B may utilize a feature extraction moduie 252, statistical models module 256, and
compute likelthoods module 254 that may function the same as or similar to modules
202, 206, and 204 in FIG. 24, respectively. [u some embodiments, these modules may
function differently than described in FIG. 2A in that data is extracted relevantto a
HMM algorithm and/or module. For example, the likelihoods computed at block 254
may be emission probabilities used in a HMM algorithr and/or module. In other
embodiments, a support vector machine (SVM) may be used in block 254 to corapute
likelthoods. An SVM classifier may output hard decisions (e.g. either walk or not walk,
drive or not drive, ete.), but may be modified to output soft decisions (¢.g. hikelihood
values). Other variations may inchude the feature extraction module 252 extracting
most or all types of data received from the accelerometer, such that the feature
extraction module 252 performs minimal filtering operations while passing along a
maximal amount of data for later modules to be able to consider. Other types of

models, state machines, or classifiers may be used. For example, a HMM, GMM, etc.
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may be replaced with other technigues/modules, such as g Poisson hidden Markov
model, hidden Bernoulli model, and other stochastic models readily apparent to those

with ordinary skill in the art.

{00281 The outputs of block 254 may be used in HMM Algorithim block 258, HMM
algorithms that can be utilized inciude, but are not limited to, a Viterbi algorithm {e.g.,
maximmum likelihood (ML) sequence estimation), forward-backward chaining {e.g., ML
state estimation), etc. In one implementation, in the event that discrete states are passed
as joput to the HMM algorithm or roodule, the HMM algorithm or module can estimate
system noise and process the state inputs based on the estimated noise. At Test
Confidence block 260, a similar check to remove states that fail the confidence check as
described for block 210 may be utilized. Differences may involve evaloating
conclusions based on a8 HMM algorithm or module as opposed to other kinds of
statistical models illustrated in FIG. 2A. After verifying which states have a high

degree of confidence, the remaining outpats may be passed along as an HMM decision.

(60291 Referring to FIG. 3, yet another example classifier according to some
crubodiments s tHustrated. Extract feature vector block 302, compute likelihoods block
304, motion state model 306, and confidence test and out block 314 may be the same or
similar to their respective blocks in FIGs, 2A and 2B. Block 308 may consider
computed likelihoods 304 and previous probability distribution over motion states at
block 312, and corapute a new probability distribution over the motion states using at
feast one restricted transition model 310, Examples of a restricted transition model in
block 310 may inchude what is described in FIG. 4, explained further below. In this
example, erobodiuenis may iteratively update a set of probabilities as now data is

gathered from an accelerometer.

[0038] The classification techniques performed by the classifiers shown in FIGS. 24,
2B and 3 above, as well as other classification techniques described herein, may be
performed in real-tiroe, or alternatively data may be saved for later execution. Further,
the classifier can set the latency factor L to balance accuracy against responsivencss,
For mstance, large values of L will increase accuracy while smalier values of L will
increase classification speed and responsiveness. For example, setting L 10 a processor-
equivalent of infinity may yield the highest accuracy in some embodiments. {fthe data

is saved for later execution, L may be adjusted to achieve the desired accuracy. Thus,
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data may be processed in real time, saved for later analysis, or analyzed using a

combination of concurrent and post-processing.

{6031} As noted above, to detect that a user is riding in a vehicle, the following
observations can be used. First, before entering the state of velucnlar movement, it may
be observed that the user is first in the walk state (e.g., the user walks to the car, bus,
gte., and enters it). Likewise, after exiting the state of vehicular movement, the user re-
enters the walk state (e.g., after stepping out of the car, bus, ctc., the user again walks).
Second, when the user is in the walk state, the accelerometer signals appear

significantly different to any signals secn in the vehicular movement state.

{0032] Thus, a state machine that captures the above observations may be utilized,
and a HMM may be built around it to improve the accuracy of detecting vehicular
movement. The HMM resides above a lower level classifier, which at each time instant,
t=1,2, ..., outputs a likelihood value p(x(¢)|@;) for lower level motion states a1, .
For example, ;= walk, o = run, s = sii, @y = stand, s = fiddle, wes = rest, an =
autoStop, ox = autoMove. Each lower level motion state bas a moodel p( | @)
associated with it, which may be generated from training data. When the HMM detects
the state is either auwoSiop or autoMove, it concludes that the user is in the higher level

state of quro (vehicular roovernent).

{60331  The model auroStop state can be created from training acceleroroeter data
when a user is sifting in a car, bus, etc., that is either parked or stationary. Likewise,
autobiove can be trained from accelerometer data collected when a user is moving in a
car, bus, etc. Alternatively, the model for autoSiop may be adapted from the model for

818,

{0034} Training data for the guioStop and aureMove states can be coliected, for
example, by recording both accelerometer signals and regular GPS fixes (e.g., one per
second) for a user riding in a vehicle, and then using the GPS fixes to determine, for
cach time instant, whether the ground truth s auieStop or autoMove. As another
exaniple, a user of the mobile device may manually select a state to associate with
recorded accelerometer signals. An example training method may include calibrating a
database of accelerometer signals to be associated with certain types of states, ¢.g.

autoStop, autoMove, walk, run, ete., and then providing the database for users utilizing
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the mobile device containing the database. Ancother example may include a user
manually training embodiments by specifying what state the user is actually in, while
embodiments may note the types of accelerometer data being received during those
states. Other examples may include some combination of these two example methods,
inchuding manual calibrations being made to a pre-calibrated database. Other types of

training methods are certainly possible, and embodiments are not so limited.

[BG35]  With respect to the model utilized for motion state classification as described
heren, the model may be determined in various manners. For instance, the model may
be determined at the mobile device, ¢.g., by way of training or obscrvation.

Additionally or alternatively, the model may be determined externally and loaded onto
the mobile device. For instance, the model may be provided to the device by way of a
processor-readable storage medium, received over a network (¢.g., by downloading an

associated application), created in advance and pre-instalied at the device, etc.

[(636] An cxample state machine according to some embodiments is ithustrated in
FIG. 4. The example state machine in FIG. 4 may be considered a restrictive transition
model, in that the number of states are finte, all of the states are known, and the
transitions between each state are also clearly defined. 1n this example, eight states are
shown, with six states in pedestrian non-auto states (rus state 402, srand state 404, rest
state 406, fiddle state 408, sit state 410, and walk state 412), and two states 418 in an
automobile (autoSrop state 414, and autoMove state 4163, Among the non-auto states,
any transitions are allowed — including back to the same state, but among the auto states
418, the only allowed transitions are qufoMove-auioStop and autoStop-walk, Thas, in
the example shown in FIG. 4, the walk state always precedes endry into the higher level

state of quio, and always immediately follows exit from the higher level state of auto.

{6037} The HMM of some embodiments may facilitate the disambiguation of sif and
autaStop states by remembering the previous state. Thus, if the user is driving and
comes o a stop at a traffic light, the HMM will report autoSrop rather than si7, as the
previcus state was auioMove and it is not possible to transition from aufodove to sit.
Similarly, when the vser exits the vehicle, the HMM will report the sequence autoSiop

— walk, which can theun be followed by sir.

{0038} The transition probability matrix for the state machine in FIG. 4 can be

represented in various manners. For instance. the self-transition probability for each

10
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state can be represented as a constant, with the probability of transitioning to a different
state being uniformly spread among the feasible transitions. As another example, the
transition probability matrix can be based on training data by, e.g., storing examples of
cach state {e.g., of length 1 sccond, ote.) n a local or remote database and comparing
the accelerometer signals to the stored database samples to determine the probable
states. Other transition probability matrices with different parameterizations,

conforming to FIG. 4, are also possible.

[0039]  An example of a transition matrix that may be eraploved for the state machine

in FI(G. 4 according to some embodiments is ilustrated in Table 1 below.

Plagia, ) walk jehid] 5it stand fiddle rest agteMove | autoStop
walk 0.9 8.0167 $.8167 8.0167 $.8167 80167 § 8.8167
Tant §.62 8.9 §.02 8.02 $.02 §.02 ﬁ §
sit .62 8.02 0.9 8.02 .02 842 & §
stand $.62 842 $.82 3.9 §.02 8.82 8§ €}
fiddle $.62 §.02 $.62 8,02 0.9 8§02 § &
rest §.62 8.62 $.82 8.02 $.02 8.9 ﬁ §
autoMove & & & 4 & & 0.98 $.02
auioStop $.85 ¢ $ & § 8§ $.85 8.9

Table 1: Example transition matrix for a2 motion state classifier.
[B040]  As shown in Table 1 above, self-transition probabiiities are higher, since
typically an activity persists for an extended period of tume {¢.g., longer than 1 second).
Further, all transition probabilitics from the auto states to the pedestrian states are §
except for transitions between walk and autoSiop, as the only way to enter the autoMove
state is by transitioning from walk to auroStop, and the only way to exit the autfoMaove
state 1s by transitioning from autoStop to walk, Further, Table 1 illustrates that self-
transition probabilities are set to relatively high values to discourage rapid state
oscitlations, which may lead to classifier errors. The specific probabilities used can be
based on, e.g., the anticipated tirae within a given state. For instance, the autoMove
state is given the highest self-transition probability in Table 1 since it is anticipated that

the user will remain in the auioMove state for long perieds of time,

11
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{0041] Variants of the state machine in FIG. 4 can also be used. For instance, FI1G. &
ilfustrates a variant state machine which differentiates between accelerating/braking and
cruising, in autoAccel/Brake state 516 and antoCruise state 51§, respectively. Other
states as shown may be similar to those 1n FIG. 4, including run state 502, stand state
504, rest state 506, fiddle state 508, git state 510, and waik state 512, and quioSrop state
514. Asshown in FIG. §, restriction between auto states 520 and other states can be
enforced similarly to that described above for FIG. 4. Certainly, not all states as shown
need be utilized or present in all emboduments, and the states shown are merely
examples. Additionally, there could be more states or sub-states not shown, and
embodiments are not so limited. For example, embodiments may inchide just 2 single
state to represent a user is acting as a pedestrian, and then one or more vehicular states.
I another example, there may be a restriction/gateway between a pedestrian motion and

a vehicular motion.

{8042} The performance of an HMM-based driving detector according to some
crbodiments can be further improved through the use of an extended state machine,
The extended state machine breaks one or more existing states into a set of consecutive
sub-states which the system must pass through before exiting that state. This adds
stickiness to the systemn by reshaping the distribution of the state duration (the amount
of time spent in a state before transitioning). For instance, even in the presence of
heavy biasing against state transitions, the state of a mobile device may still oscillate
between different states. Thus, the extended state machine provides a number (e.g., 2,
3, 5, etc.) of sub-states within each individual state, cach with its own rules for
transitioning. Examples of extended state machines are given in FIG. 6 and FIG. 7,
Here, each original state { is broken into &, sub-states. This forces the HMM to pass
through several intermediate sub-state transitions before changing state, which has the

net effect of reducing or chiminating vapid fluctuations.

{60431 Asshown in FIGS. 6-7, respective columns represent a single state. For
example, referring to FIG. 6, cohumn 602 may represent the rup state 402 or SO2,
cohumn 604 may represent the walk state 412 or 512, and column 606 may represent the
sit state 410 or 510, As further shown, a transition from one state to another state can

only occur within the final sub-state of a given state. Thus, to move from one state to
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another state, the state transition must be indicated N times in a row, which reduces

false positive probability. Other sub-state configarations could also be used.

[3044]  Still referring to FIG. 6, in this example, cohumn 602, representing rux state
402 or 502, may have at least three sub-states.  Each sub-state may represent a series of
decelerations, which may signal to embodiments that the user 18 transitioning from the
run state {0 another state, e.g. walk state, sit, etc. The series of decelerations as
represented in the at least three sub-states of colamn 602 may be useful for determining
whether the user is merely reducing speed while running as opposed to reducing speed
to the point of walking or stopping. Similarly, the walk state column 604 and sif state
column 606 may be sub-divided into a series of sub-states, each sub-state reflecting a
series of acceleration readings or values indicative of trapsitioning from that state to

another state.

[0045] Referring to FIG. 7, state transitions 702, 704, and 706 may include sub-gtate
transitions as shown, and may also include the ability to transition back to the start of
the sub-state transitions of the same state. Transitioning to the beginning of the sub-
state transitions may be consistent with the ability of states shown in F1Gs. 4 and 5 to
transition back to themselves. In other embodiments, like in FIG, 6 for example, the
ability to transition back to the same state may be reflective simply in the fact that each

sub-state may be able to transition back to uself. However, these are merely examples.

{00461 Additionally, states may have different nurobers of sub-states depending on
various factors, such as anticipated timne within a given state or the like. For instance, a
greater number of sub-states can be used for those states that users typically dwell 1o for
longer durations. By way of specific, non-Houting example, 5 sub-states may be used
for cach of walk, run, sit, siand, fiddie, rest, and quroStop, and 12 sub-states for
auioMove. Other sub-state configurations are also possible.

[3047] Regardless of the particular state model used, at each time instant r= 1, 2, ..,
the HMM takes as input a set of Bikehhood values p(x(¢) 1 @;) for the current time 1 at
times 7= 1, 2, .... The HMM of some embodiments outputs X posterior values

plew; | x(t— LYy corresponding to the probability of being in each state w; at time {1
(i.e., L time steps ago), where K is the number of lower level states and £ is a tunable

parameter corresponding to the system latency. In order to do this, the HMM stores the
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L ~1 previous values of p(x(f) | @;) for cach state. It can be noted that storage and

other computation requirements do not grow with time,

[0048] With further reference to the techuigues above according to embodiments,
improved drive detection can be realized as follows., When a car stops at a stoplight, it
is observed that the classifier as described above may output a result of 5ir or stand.
Thus, to improve auto state detection in this instance, temporal consideration is
introduced that looks at both current and past data to make a decision. This may be
done using a duty cyeled approach and/or a non-duty cycled approach. For the duty
cveled approach, sensors are logged for only the first x seconds of every v minutes {¢.g.,
where x = 15 sec and vy = 2 mun, etc.) in order to realize power savings on the device. In
such an approach, a GPS sensor may also be used, which in soroe cases (e.g., associated

with a non-duty cycled approach) would consume too much battery life.

{60497  Alternatively, for a non-duty cycled approach, sensors are logged
continuously. In this case, a state model, such as a HMM as discussed above, can be
utilized based solely on acceleroraeter data. An exaraple classifier for a non-duty
cycled approach is illustrated by FIG. 8. Here, accelerometer data 802 is an input to
MSEP classifier 804, The classifier 804 may be the same as or similar to classifiers
described in FIGs. 2 or 3. Classifier 804 may output probabilities P; that the user i3
detected to be in a current state (J, given that the user is actually conducting activity 7,
for each i, expressed as P(Oy| activity = i), for each j. These probabilitics may then be
used as inputs to Viterbi Decoder 886 and Forward-backward chaining module 310,
cach having an example latency L. Of course, embodiments are not limited to these

examples,

{0038} Various algorithios can be performed for an input data stream to obtain output
parameters corresponding to classified states. For instance, a forward-backward
chaining algorithio 810 can be utilized to provide a probability vector of posterior
values 812 for various states at cach time instance. Alternatively, a Viterbi algorithm
806 can be utilized to provide a most likely state sequence 808 given the input data from
block R04.

{0051} Results provided in the form of state probabilities can be further improved

through the use of confidence testing. For example, at each time 7, the driving detection
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decision may be discarded if the posterior probabilities of the two most probable states
are comparable to one another (corresponding to a high degree of uncertainty in the
decision). Discarding of decisions is based on a confidence threshold, which can be
based on a muntmum acceptable difference between most probable states, and/or any

other suitable factor(s). Examples of confidence testing may be shown in FIGs. 2 and 3.

[BG821  To improve drive detection as described above, various additional features and
parameters can be introduced. For instance, spectral entropy (se) can be defined as the

cutropy of the distribution obtained by normalizing the FFT, e.g., se = _z pixlog p(x)

e
Yy 4 L AN — » . o p
,where p(x) =i (\,’ ay +ay +a: ). Further, a mean of norms (mn) can be defined as

the mean of the norm of accelerometer valiues over the main window of 1s, e.g.,
e ——
mu = "{z'\fa’( +ay +ar . Inmany circumstances, over a given window of 1s the

i 1
—1
=1

normal of the accelerometer data remains near to g for sitting, but it may change for

driving.

{0G83]  Further, various GPS rules can be utilized to enhance classifier decisions in the
duty cycled approach. First, an instantancous velocity niule can be implemented, where
for the instantancous velocity v, (1) if v > (.25 /s, the likelthood of sir and stand is
made small; 2} if v > 3 w/s, the likelihood of walk is made small; and (3) if v > 8 mys,
the likelihood of rux is made small. Additionally, a distance rale can be implemented
wherein, for a distance  between the current position and the average position during
the last sampling run, if ¢ > 200m, the likelihood of sif and sfand is made small. The
particular thresholds used can be based on general observations, training, and/or data

pertaining to a particular user and may differ from those used above.

[B054] As noted above with reference to the example state diagrars in FIGS. 4-5, the
autoMove state can only be reached through aureStop, and the quroSrop state can only
be reached through walk. All other activities may freely transition between each other.
However, in some cases aw/oStop and sif may be trained in the state classifier as the
saroe class. Thus, a penalty factor can be applied to the probability of auteStop before
giving it to the HMM in order to reduce the probability of said state prior to application

of the HMM.
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IB0558]  Asg aresult of robust mobtle device driving detection as described above,
various automated applications are enabled. These inchude, but are not limited to, the

following:

1) Switching of user interface to drive mode. For example, embodiments may detect
that the user has entered a driving state, .g. aufoMove, and therefore impleraents pre-
configured settings on the mobile device to enable voice-activated coramands as default

operations as opposed to touch commands.

2) Diversion of voice calls to matl box with appropriate message, ¢.g. “Can’t answer
phone as carrently driving, please leave a message.” This setting may be in addition to

or included with the drive mode described in example (1), above.

33 Response to SMS, e.g., “Driving... can’t reply now.” This may be another example
of how embodiments may respond to phone calls or other roessages once it is

determined the user has entered a driving state.

4) Monitoring/feedback on driving habits, notification of speeding, erratic driving, etc.
For example, embodiments may additionally monitor motion state data, once the user
has entered a driving state, and may make determinations based on the motion state data
whether the user 18 driving orratically, ¢.g. the user i drunk, In other examples,
cembodiments may record statistics for a driver’s habits, ¢.g. what is a typical driving
speed, how gquickly or slowly does the driver accelerate or decelerate, etc. Such data
may be helpful to help aprove driving habits and/or design vehicles more suaitable to
such driving habits. Further, such data may be used by insurance companies to

determine or adjust a rate charged for coverage.

3} Enabling of in-car radio service and/or other services such as navigation. For
example, an in-car radio may have the volume adjosted to be louder or quicter,
depending on if it is determined the vehicle is in a moving state or a stopped state. In
another example, navigation services may be turned on once it is determined the vehicle

is in a moving state,

&) Remsinder triggers (e.g., pick up listed iterns from the store). For example, visual or
audio reminders may be posted fo the user when it is determined the vehicle is starting

to move from a parked state.
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71 Social network updates (e.g., “Driver is currently driving to...”). For example,
embodiments may be configured to automatically send updates to social network
websites and the like, in order to share changes in statuses based on the driving state

associated with the user.

{60561 The cxamples above are merely illustrative, and embodiments are not so
limited. Of course, other examples apparent to those with ordinary skill in the art may

be ncluded in embodiments.

{60571  Thus, the determined state of the mobile device mway be used to alter or toggle
the operation of one or more applications, tor exaraple that are being executed by the
mobile device, or system controls or configurations of the mobile device. The
determined state may also affect the operation or state of devices or applications that are
remote from the mobile device. For example, when the mobile device determines that is
in a vehicular state, 8 signal or notification may be transmitted, for example over a
wired or wireless network, to a remote location. The signal may indicate that a user of
the mobile device is driving home and cause lights or a heater to tarm on in the user’s
house; may cause a busy status 1o be set at the user’s place of work; or may indicate to
the user’s child or to an administrator at the child’s school, for exampie by text message
or other alert, that the user is en route to pick the child up. Of course, the above

circumstances are only examples and are not imiting.

{60581 Referring to F1G. 9, an example computing device 912 comprises a processor
920, memory 922 including software 924, input/output (VO device(s) 926 (e.g., a
display, speaker, keypad, touch screen or touchpad, etc.), and one or more orientation
sensors 928, such as accelerometers. Additionally, the device 912 ray inchude other
components not ilhustrated in FIG. 9, such as 3 network interface that facilitates bi-
directional communication between the device 912 and one or more network entities,

and/or any other suitable component(s).

{60591 The processor 920 1s an intelligent bardware device, e.g., a contral processing
unit {CPU} such as those made by Intel® Corporation or AMD®, a microcontrolier, an
application specific integrated circuit {ASIC), etc. The memory 922 includes non-
transitory storage media such as random access memory (RAM) and read-only memory
(ROM). The rocroory 922 stores the software 924 which is computer-readable,

computer-executable software code containing instructions that are conficured to, when

17



WO 2013/040493 PCT/US2012/055622

10

LBV

20

executed, cause the processor 920 to perform various functions described herein.
Alternatively, the software 924 may not be directly executable by the processor 920 but
is configured to cause the computer, e.g., when compiled and executed, to perform the

functions.

{0060]  The orientation sensors 928 are configured to collect data relating to motion,
position and/or orientation of the device 912 as well as changes in such properties over
time. The orientation sensors 928 can include, ¢.g., one or more accelerometers,
gyroscopes (gyros), magnetometers, or the hike. The orientation sensors 928 are
configured to provide information from which the motion, position and/or orientation of
a device 912 can be determined. Respective orientation sensors 928 associated with 3
device 912 can be employed to measure a single axis or multiple axes. For multi-axis
measurement, muitiple single-axis accelerometers and/or multi-axis {c.g., two-axis or
three-axis ) accelerometers can be employed to measure motion with respect to linear
axes (e.g., X-y-z, north-east-down, etc.), and multiple single-axis gyroscopes and/or
multi-axis gyroscopes can be eroployed to measure motion with respect to angular axes

{(e.g., roll, pitch or yaw).

{3063} The orientation sensors 92& can provide information over time, ¢.g.,
periodically, such that present and past orientations, positions and/or motion directions
can be compared to determine changes in the motion direction, position and/or
orientation of the device 912, A gyroscope can provide information as to motion of the
device 912 affecting the orientation. An accelerometer is configured to provide
nformation as t¢ gravitational acceleration such that the direction of gravity relative to
the device 912 can be determined. A maguoetometer is configured to provide an
mndication of the direction, in three dimensions, of magnetic north relative to the device
912, e.g., with respect to true north or magnetic north. Converston mechanisms based
on magnetic declination and/or other suitable reans can be utihized to convert a
direction with respect to true north to a direction with respect to magnetic north, and
VicE versa.

{8062} Various elements of the classifier systems illustrated and described herein can
be perforraed by a computing device such as device 912 in FIG. 9. For tnstance, with
reference to FIG. 2A, the feature extraction block 202, likelithood computation biock

204, filtering block 208, and confidence testing block 210 can be implemented by a
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processor 920 executing instructions stored as software 924 on a memory 922, Further,
the accelerometer data and/or statistical models 206 used as shown in FIG. 2A can also
be stored on the memory 922, Further, with reference to FIG. 2B, the feature extraction
block 252, Bikelihood computation block 254, HMM algorithm block 258, and
S confidence testing block 260 can be implemented by a processor 920 in a similar

manner to the blocks shown by FIG. 2A. Further, the accelerometer data and statistical
models 256 can be stored on the mwemory 922 in a similar manner to that described with
respect to FIG. 2A. A similar construction may be able to implement the descriptions of
FIG. 3. With reference to FIG. 8, the MSDP classifier 834 can be implemented by a

10 processor 920 executing instructions stored on a memory 922 in a stmilar manner to
various clements shown by FIGS. 2ZA, 2B and/or 3. Similarly, the Viterbi decoder 806
and forward-backward chaining blocks 810 shown in FIG. 8 can also be implemented

via & processor 920,

{8063} The classifier implementations described in the preceding paragraph are

1§ provided as examples and are not intended to Lmit the subject matter described and
claimed herein. For instance, one or more of the functional clements illustrated in FIGS.
I, 2A, 2B, 3, and/or 9 may be implemented in hardware (¢.g., using standalone
hardware elements, ete.), software, or a combination of hardware and/or software in any
suitable manner. For example, 2 hardware implementation according to some

20 embodiments may use state restrictions to determine what the motion state is, and how
states may transition from one state to the next. Date may be stored in non-volatile
mermory, the data representing a probability distribution of the states, Over time, the
data may be updated to reflect current and previous states. For example, embodiments
may store a previous state in hardware, then update one or more probability

25 distributions using a probability distribution model as described in these disclosures.
This way, only the current state and the previous state need be recorded. In some
embodiments, the memory 922 may store & motion state machine 16 as described in
FIG. 1. ¥/O devices 926 may receive data from motion detectors 12 and optionally
additional device sensors 14, In other ernbodirnents, orientation sensors 928 may

30 correspond to the motion detectors 12 and device sensors 14, Processor 920 may
inchide motion state classifier module 18 and may process data received at motion
detector 12 and additional sensors 14 in order to determine current and transitioning

states as defined by state machine 16, Other hardware or software technigues used to
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implement the disclosures herein may be readily apparent according to persons having

ordinary skill in the art, and embodiments are not so limited.

{6064} Embodiments may be implemented at varying levels of computer architecture
in hardware/software/firmware, ete. For example, embodiments may be tmplemented
as a software application, which may be configured to access multiple motion sensor
peripherals. In another example, embodiments may be implemented as a hardware
implementation, such as with a series of hardware states in a state machine. An
application program interface (AP layer may then access the hardware states. As
another example, some embodiments may be implemented as part of a high level
operating system (HLOS), or may be accessible to the HLOS, for example through and

APL Other implementations are possible, and embodiments are not so limited.

[3665] Reforring to FIG. 10, with further reference to FIGS. 1-9, a process 1000 of
classifving the motion state of a mobile device inchudes the stages shown. The process
1600 is, however, an example only and not limiting. The process 1000 can be altered,
e.g., by having stages added, removed, rearranged, combined, and/or performed
concurrently. Still other alterations to the process 1000 as shown and described are

possible.

[3066] At stage 1002, one or more pedestrian motion states and one or more vehicular
motion states are identified. The one or more pedestrian motion states inchude a walk
state and the one or more vehicular motion states include an antomobile stop state and at
least one automobile move state. These states can be defined by, ¢.g., a processor 920
executing instructions stored on a memory 922, and/or by other means. Farther, the
motion states can be associated with, e.g., a motion state machine 16 stored on a

memory 922, and/or by other means.

I0067] Atstage 1004, acceleration data are obtained from one or more accelerometers

12,

(00681 At stage 1006, likelihoods are computed for the one or more pedestrian motion
states and the one or more vehicular motion states for respective tire intervals based on
the acceleration data. Likelihood computation can be performed by various clements of
a motion state classifier modale 13, which can be implemented using, e.g., 8 processor

920 executing instructions stored on a memory 922, and/or other means, o particular,
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likelihood computation can be performed by a likelihood computation block as shown

in FIGS. 24, 2B, and/or 3, and/or by any other suitable mechanisms,

[3069] Atstage 1008, the computed likelihoods are filtered to obtain present motion
states for the respective time intervals. The filtering may be based on a probabilistic
model {e.g., a HMM) configured to restrict transitions from the one or more pedestrian
motion states to the vehicular motion states to transitions from the walk state to the
automobile stop state and to restrict transitions from the vehicular motion states to the
one or more pedestrian rootion states to transitions from the automobile stop state to the
walk state. The filtering performed at stage 1008 can be performed by various elements
of a motion state classifier module 18, which can be tmplemented using, e.g., a
processor 920 executing instructions stored on a memory 922, and/or other means. In
particular, a filtering block as shown in FIG. 24, 2 HMM algorithra block as shown in
FI1G. 2B, and/or any other suitable mechanisms, may be leveraged to perform the
filtering. Those of skill in the art will appreciate that the present motion states for the
respective tirae intervals are not limdted to a present state at the time the likelthoods are
calculated; rather, the present motion states may refer to the motion state that was
present during the respective time interval or at least a portion of that interval. In some
embodiments, a motion state for a respective time interval may be referred to as a
respective motion. In certain embodiments, present motion state and respective motion

state can be used interchangeably.

[6G78]  Some embodiments may be drawn (o a mobile device with means for
obtaining motion data from one or more motion-detecting devices. Example means for
obtaining the motion data may be one or more accelerometers, motion detectors 12,
additional device sensors 14, or orientation sensors 928, Embodiments may also
inchide means for filtering the motion data to obtain present motion states for respective
fime intervals basced on the motion data.  Bach of the present motion states for
respective time intervals may correspond to one or more pedestrian motion states or one
or more vehicular motion states. The one or more pedestrian motion states may
comprise a walk state, and the one or more vehicular motion states may comprise a
vehicular stop state.  Example means for filtering may include filter probabilities
module 208, feature extraction module 202 or 252, or within motion state classifier

module 18 via processor 920 using memory 922 and software 924, In some
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cmbodiments, in the means for filtering, transitions from the one or more pedestrian
motion states to the one or more vehicular motion states are restricted o transitions
frory the walk state to the vehicular stop state and transitions from at least one of the
one or more vehicular motion states to at least one of the one or more pedestrian motion

states are restricted to transitions from the vehicular stop state to the walk state.

{6671} Insome embodiments, a mobile device may include means for computing
tikelihoods for the one or more pedestrian motion states and the one or more vehicular
mation states for the respective time intervals, Example means for computing the
likelihoods may include the processor 920 using mermory 922 and software 924, MSDP
classificr 804, motion state classifier module 18, module 204, module 254, or module

304.

{60721 Tn some embodiments, a mobile device may include means for obtaining sensor
data from at least one of 2 Wi-Fi receiver, an audio input device or a GPS receiver, and
means for computing the likelihoods for the one or more pedestrian motion states and
the one or more vehicular motion states for respective time intervals based on the
motion data and the sensor data. Example means for obtaining sensor data may inchade
motion state classifier module I8, feature extraction module 202, module 252, module
302, or processor 920, Example roeans for computing the likelihoods based on the
motion data and the sensor data may include the processor 920 using memory 922 and
software 924, MSDP classifier 804, motion siate classifier module 18, module 204,

module 254, or module 304,

(60731 Omne or morve of the components, steps, features and/or functions lustrated in
FIGS. 1,24,28,3,4,5,6,7, 8, 9 and/or 10 may be rearranged and/or combined into a
single component, step, feature or function or embodied in several components, steps, or
functions. Additional elements, components, steps, and/or functions may also be added
without departing from the invention. The apparatas, devices, and/or components
ithustrated in FIGS. |, 2A, 2B, 3, 4, 5, 6, 7, 8 and/or 9 may be configured to perform one
or more of the methods, features, or steps described in FIG. 10, The novel algorithms
described herein may also be efficiently implemented in software (¢.g., implemented by
a processor executing processor-readable mstructions tangibly erobodied on a non-

transitory computer storage medinm) and/or embedded in hardware.

22



WO 2013/040493 PCT/US2012/055622

10

LBV

20

[0074]  Also, it 18 noted that at least some implementations have been described as a
process that is depicted as a flowchart, a flow diagram, 3 structure diagram, or a block
diagram. Although a flowchart may describe the operations as a sequential process,
many of the operations can be performed in parallel or concurrently. In addition, the
order of the operations may be re-arranged. A process is terminated when its operations
are completed. A process may correspond to a method, a function, a procedure, a
subroutine, a subprogram, etc. When a process corresponds to a function, its
termination corresponds o a return of the function to the calling function or the main

function.

[3675] Morcover, embodiments may be implemented by hardware, software,
firmware, middleware, microcode, or any combination thereof. When implemented in
sofeware, firmware, middieware or microcode, the program code or code segments 0
perform the necessary tasks may be stored in 2 machine-readable medinm such as a
storage medium or other storage(s). A processor may perform the necessary tasks. A
code segroent may represent a procedure, a function, a subprogram, a program, a
routine, a subroutine, a module, a software package, a class, or any combination of
instructions, data structures, or program statements. A code segment may be coupled to
another code segment or a hardware circuit by passing and/or receiving information,
data, arguments, parameters, or memory contents, Information, argurents, parameters,
data, etc. may be passed, forwarded, or transmitted via any suitable means including

memory sharing, message passing, token passing, network transmission, etc.

{6076} The terms “machine-readable medium,” “computer-readable medium,” and/or
“processor-readable medium” may jnchude, but are not luntted to portable or fixed
storage devices, optical storage devices, and various other non-transitory mediums
capable of storing, containing or carrying instruction(s} and/or data. Thus, the various
methods described herein may he partially or fully implemented by instructions and/or
data that may be stored in a “machine-readable medium,” “computer-readable medium,”
and/or “processor-readable mediom” and executed by one or more processors, machines

and/or devices.

{0077}  The methods or algorithms deseribed in connection with the examples
disclosed herein may be embodied directly in hardware, in a software module

executable by a processor, or in a combination of both, in the form of processing unit,
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programming instructions, or other directions, and may be contained in a single device
or distributed across multiple devices. A software module may reside in RAM memory,
flash memory, ROM memory, EPROM memory, EEPROM memory, registers, hard
disk, a removable disk, a CI3-ROM, or any other form of storage medium kuown in the
art. A storage medium may be coupled to the processor such that the processor can read
information from, and write information to, the storage medivm. In the alternative, the

storage medium may be integral to the processor.

[0078] Those of skill in the art would further appreciate that the various llustrative
logical blocks, modules, circuits, and algorithm steps described in connection with the
embodiments disclosed herein may be implemented as electronic hardware, computer
software, or combinations of both. To clearly Hustrate this interchangeability of
hardware and software, various illustrative components, blocks, modules, cirenits, and
steps have been described above generally in terms of their functionality. Whether such
functionality is implemented as hardware or software depends upon the particular

application and design counstraints imposed on the overall system.

{0079] The various features of the invention described herein can be implemented in
different systems without departing from the invention. ¥t should be noted that the
foregoing embodiments are merely examples and are not to be construed as himiting the
mvention. The description of the embodiments s intended to be llustrative, and not to
fimit the scope of the claims. As such, the present teachings can be readily applied to
other types of apparatuses and many alternatives, modifications, and variations will be

apparent to those skilled in the art.

24



N2

3

(%)

]

oW

(9

A

(8]

.

[T Y

WO 2013/040493 PCT/US2012/055622

WHAT IS CLAIMED 1S:

1. A method comprising:

obtaining motion data from one or more motion-detecting devices; and

filtering the motion data to obtain present motion states for respective time
intervals based on the motion data, the present motion states Coraprizing one Of more
pedestrian motion states and one or more vehicular motion states, the one or more pedestrian
motion states comprising a walk state, and the one or more vehicular motion states
comprising a vehicular stop state;

wherein, during the filtering, transitions from the one or more pedestrian
motion states to the one or more vehicular motion states are restricted to transitions from the
walk state to the vehicular stop state and transitions from the one or more vehicular motion
states to the one or more pedestrian rootion states are restricted to transitions from the

vehicular stop state to the walk state.

2. The method of claim 1 further comprising computing fikelthoods for
the one or more pedestrian motion states and the one or more vehicular motion states for the

respective time intervals,

3 The method of claim 2 wherein computing the likehhoods comprises
computing the likelihoods for the one or more pedestrian motion states and the one or more
vehicular motion states for the respective time intervals according to a state machine that
comprises the one or more pedesirian motion states and the one or more vehicular motion

states.

4. The method of claim 3 whercin the state machine is an extended state
machine comprising one or more sub-states for each of the one or more pedestrian motion
states and the one or more vehicular motion states, and compuating the likelthoods further
comprises computing the hikelthoods at least in part by advancing a device state through a
plurality of sub-states of a motion state identified for the device state prior to transitioning the

device state to a different motion state.

A The method of claim 4 wherein a number of sub-states to be associated
with each of the one or more pedestrian rootion states and vehicular motion states 18 based at

feast in part on anticipated time spent in the respective motion states.
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6. The method of claim 2 wherein the filtering comprises filtering the
computed likelihoods using at least one of a forward-backward algorithm or a Viterbi
algorithro.

7. The method of claim 2 whercin computing the likelihoods comprises:
obtaining sensor data from at least one of a Wi-Fi receiver, an audio input
device or a GPS receiver; and

computing the hikehhoods for the oue or more pedestrian motion states and the
one ot more vehicular motion states for respective fime intervals based on the motion data

and the sensor data.

g. The method of claim 1 wherein the motion data is accelerometer data,

and the one or more motion-detecting devices are one or more accelerometers.

9. The method of claim 8, wherein data from any inertial sensors other

than the one or more accelerometers is omitted from the motion data.

10, The method of claim 8 wherein the filtering is based on 4 probabilistic
model including the one or more pedestrian states and the one or more vehicular motion
states,

i1 The method of claim 1 wherein the filtering comprises:

wentifying a first transition from the walk state to an interim state and a
second transition from the interim state 0 one of at least one vehicular move states: and

classifying the tnterirn state as the vehicular stop state.

12. The method of claim | wherein the filtering comprises:

buffering the motion data for a buffer time interval; and

obtaining the motion states for the respective time intervals based at least in
part on the buffered motion data.

13. The method of claim | wherein the motion states comprise a sequence
of most likely motion states for the respective time intervals.

14, The method of claim | wherein the motion states comprise estimated
probabilities for respective motion states at the vespective time intervals,

15, The method of claim 14 further comprising calculating 4 confidence
score associated with a motion state at g given time interval by comparing two or more
highest motion state probabilities at the given time interval.

16. The method of claim 15 wherein:
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calculating the confidence score further comprises identifving a difference
between a highest motion state probability and a second highest motion state probability at
the given time interval; and

the method further comprises:

comparing the ditference to a confidence threshold; and

if the difference is less than the confidence threshold, substituting the motion
states for the given time interval with at least one of a default state or an unkunown state.

17. A mobhile device coraprising:

one or more motion detectors configured to generate motion data;

a state machine module comprising ove or more pedestrian motion states and
one or more vehicular motion states, the one or more pedestrian motion states comprising a
walk state and the one or more vehicular motion states comprising 3 vehicular stop state and
at least one vehicular move state:

a filtering module commumicatively coupled to the state machine modale and
configured to filter the motion data to obtain present motion states for respective time
intervals based on the motion data,

wherein, within the state machine module, transitions from the one or more
pedestrian motion states 1o the one ot more vehicular motion states are restricted to
transitions from the walk state to the vehicular stop state and transitions from the one or more
vehicular motion states to the one or more pedestrian motion states are restricted to

transitions from the vehicular stop state to the walk state.

1&. The moebile device of elaim 17 further comprising a hikelihood
computation module communicatively coupled to the one or more motion detectors, the state
machine module and the filtering module and configured to compute likelihoods for the one
or more pedestrian motion states and the one or more vehicnlar motion states for the

respective time intervals,

19, The mobile device of claim 18 wherein the state machine is an
extended state machine comprising one or more sub-states for cach of the one or more
pedestrian motion states and the one or more vehicular motion states, and the likelihood
computation module is further configured to compute the likehihoods at least 1o part by
advancing a device state through a plurality of sub-states of a motion state identified for the

device state prior to transitioning the device state to a different motion state.
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20.  The mobile device of claim 19 wherein a number of sub-states 10 be
associated with each of the one or more pedestrian motion states and vehicular motion states
is based at least in part on anticipated time spent in the respective motion states.

21, The mobile device of claim |8 wherein the filtering module is further
configured to filter the coraputed likelihoods using at least one of a forward-backward
algorithia or a Viterbi algorithia.

22 The mobile device of claim 18 whergin the hikelihood computation
module 1 further configured to:

obtain sensor data from at least one of a Wi-Fi receiver, an audio input device
or a (3PS receiver; and

compute the likelihoods for the one or more pedestrian yotion states and the
one or more vehicular motion states for respective tirne tntervals based on the motion data

and the sensor data.

23. The mobile device of claim 17 wherein the one or more motion

detectors 18 one or more accelerometers and the motion data is accelerometer data.

24, A mobile device comprising:

roeans for obtaining motion data from oune or more means for detecting
motion; and

means for filtering the motion data to obtain present motion states for
respective time intervals based on the motion data, the present motion states comprising one
or more pedestrian motion states and one or more vehicular motion states, the one or more
pedestrian motion states comprising a walk state, and the one or more vehicular motion states
comprising a vehicular stop state;

wherein, within the means for filtering, transitions from the one or more
pedestrian motion states 0 the one or more vehicular motion states are restricted to
transitions from the walk state to the vehicular stop state and transitions from the one or more
vehicular motion states to the one or more pedestrian motion states are restricted to

transitions from the vehicular stop state to the walk state.

25, The mobile device of claim 24, further comprising means for
computing likelihoods for the one or more pedestrian motion states and the one or more

vehicular motion states for the respective time intervals,
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26, The mobile device of claim 25 wherein the means for filiering
comprises means for filtering the computed likelihoods using at least one of a forward-
bacloward algorithm or a Viterbi algorithm.

27, The mobile device of claim 25 further comprising:

roeans for obtaining sensor data from at least one of @ Wi-Fi receiver, an audio
input device or a GPS recetver; and

means for computing the likelihoods for the one or more pedesirian motion
states and the one or more vebicular motion states for respective tirae intervals based on the

motion data and the sensor data.

28, The mobile device of claim 24, wherein the motion data i8
accelerometer data, and the one or more means for detection motion comprise one Of MOre

accelerometers.

29, A non-transitory processor-readable medivm comprising processor-
readable instructions configured 10 cause a processor to:

obtain motion data from one or more motion-detecting devices; and

tilter the motion data to obtain present motion states for respective time
intervals based on the motion data, the present motion states Coraprizing one Of more
pedestrian motion states and one or more vehicular motion states, the one or more pedestrian
motion states comprising a walk state, and the one or more vehicular motion states
comprising a vehicular stop state;

wherein, during the fltering, transitions from the one or more pedestrian
maotion states to the one or more vehicular motion states are restricted to transitions from the
walk state to the vehicular stop state and transitions from the one or more vehicular motion
states to the one or more pedestrian rootion states are restricted to transitions from the

vehicular stop state to the walk state.

30 The processor-readable medium of claim 29, wherein the ingtructions
are further configured to cause the processor to compute likelthoods for the one or more
pedestrian motion states and the one or more vehicular motion states for the respective time

intervals.
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