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7) ABSTRACT

The present disclosure relates to a system and method of
detecting activity by a wheelchair user. In one aspect, a
method comprises collecting motion data of a user device
located on an appendage of the user; detecting, by a pro-
cessor circuit, that one or more activities by the wheelchair
user occurred based on the motion data; calculating, by a
processor circuit, an energy expenditure by the user based
the one or more activities by the wheelchair user occurred;
and outputting, by a processor circuit, the energy expendi-
ture estimation.

601

[YES

PUSH
DETECTION
METHOD
600
NO

SELECT DOMINANT
ACCELEROMETER
AXIS

602 N\

y

FILTER
ACCELEROMETER
USING INTELLIGENT
FILTER BANK

603 77\A

A 4

DETECT ZERO
CROSSINGS TO
DETECT AND COUNT
PUSHES

604 # N\




Patent Application Publication  Dec. 7,2017 Sheet 1 of 50

e
1 ke

FIG. }

US 2017/0347885 Al



Patent Application Publication

Dec. 7,2017 Sheet 2 of 50

US 2017/0347885 Al

100

WEARABLE DEVICE

210

MOTION SENSING MODULE

220

DISPLAY MODULE

230

INTERFACE
MODULE

FIG. 2

B
n"\




Patent Application Publication  Dec. 7,2017 Sheet 3 of 50 US 2017/0347885 Al

FIG. 44

.Q. "
» +
L] *
oy Y4

"y .
BT T T T T L LI

FIG. 4B

FIG. 4D



US 2017/0347885 Al

Dec. 7,2017 Sheet 4 of 50

Patent Application Publication

P

FIG. 54

FIG. 5B

FIG. 5C

FIG. 5D



Patent Application Publication  Dec. 7,2017 Sheet 5 of 50 US 2017/0347885 Al

PUSH
DETECTION
METHOD
600

NO

PUSH
POSSIBLE?

SELECT DOMINANT
602\  ACCELEROMETER
AXIS

Y

FILTER
ACCELEROMETER
USING INTELLIGENT
FILTER BANK

603 “\A

h 4

DETECT ZERO
CROSSINGS TO
DETECT AND COUNT
PUSHES

604 N\

FIG. 6



Patent Application Publication

Dec. 7,2017 Sheet 6 of 50 US 2017/0347885 Al

PUSH
POSSIBILITY
DETERMINATION
METHOD
700
701 #\A
MEASURE
ACCELEROMETER
DATA
A~ 702
DETERMINE POSE CALCULATE ENERGY
ANGLE PER EPOCH OF TIME
704 2 \A

POSE ANGLE

e,

THRESHOLD?

ENERGY

THRESHOLD?

IF YES INBOTH 703
AND 705, PUSH IS
POSSIBLE

FIG. 7



Patent Application Publication

Dec. 7, 2017

Sheet 7 of 50

US 2017/0347885 Al

Pore Angle per Push Type

FIG. 8

User

=\
o \
[
[v0) H H
G o b bt \ t \
R4 B £ ¥ © 1 Ag
s g g < I o
SHEN R0 (ST o



Patent Application Publication

Dec.7,2017 Sheet 8 of 50 US 2017/0347885 Al

THRESHQLDS
UPDATE
METHOD
900
901
\ UPDATE THE THRESHOLDS
»  PUSHDETECTOR [+
PUSH RATE FROM
902 LAST EPOCH
\ \ A
PUSH COUNTER
906
\
CALCULATE NEW
THRESHOLDS BASED
ON CANDIDATE
THRESHOLDS
NO
CONFIDENT USER IS t
PUSHING? 905
\
CALCULATE CANDIDATE
THRESHOLDS BASED ON
STORED POSE ANGLES
AND ENERGIES

STORE POSE
ANGLE AND
ENERGY

FIG. 9



Patent Application Publication

1001 7™M

TRANSFORM DATA
TO FREQUENCY
DOMAIN

y

1002 ™M

DETERMINE
FUNDAMENTAL
FREQUENCY

1003

ADJUST FILTER
CHARACTERISTICS

\ 4

1004 M

APPLY FILTER TO
ACCELEROMETER
DATA

FIG. 10

Dec. 7,2017 Sheet 9 of 50 US 2017/0347885 Al

INTELLIGENT
FILTER
METHOD

1000



Patent Application Publication  Dec. 7,2017 Sheet 10 of 50  US 2017/0347885 Al

PUSH COUNTING
METHOD
1100
FEED FILTERED COUNT ZERO CROSSINGS
SIGNAL TO ZERO .
1101 7\ o .y » TO DETERMINE PUSH
CROSSING ERMIN
DETECTOR 1102 |

FIG. 11



Patent Application Publication  Dec. 7,2017 Sheet 11 of 50  US 2017/0347885 Al

PUSH
DETECTION
METHOD

NO

PUSH
POSSIBLE?

1201

SELECT DOMINANT

ACCELEROMETER
N\
1202 AXIS

 J
FILTER
ACCELEROMETER
USING INTELLIGENT
FILTER BANK

1203

A 4
DETECT ZERO
CROSSINGS AND
1204 | CROSS CHECK DATA
TO DETECT AND
COUNT PUSHES

FIG. 12



Patent Application Publication  Dec. 7,2017 Sheet 12 of 50  US 2017/0347885 Al

..... ! : ' : {-3Push Count Error Histogram)] |-

FIG. 13



Patent Application Publication  Dec. 7,2017 Sheet 13 of 50  US 2017/0347885 Al

1404

1403

FIG. 14

1402

1401




Patent Application Publication  Dec. 7,2017 Sheet 14 of 50  US 2017/0347885 Al

w = 1501

1503 <. T.

1601 — 3ACC —I__>
1606 - FUS [ 1607 - PROC

1602 — 3GYR I:)____J
-------------------------- n ; 1609 - RAMP

P 1603 - BAR K
......................... - 1608 -ELEV i {1605 -HR
{1604 -GPS i

FIG. 16



Patent Application Publication  Dec. 7,2017 Sheet 15 of 50  US 2017/0347885 Al
DECISION TREE
CLASSIFIER
1700
1701
YES | PUSH RATE < NO
IST RATE
THRESHOLD?
1702 |, 1703 |
ENERGY < ENERGY<
1ST ENERGY NO YES 2ND ENERGY NO
THRESHOLD? THRESHOLD?
1704 1705 |
POSE ANGLE NO PUSH RATE <
<ANGLE [ FLAT 2ND RATE RAMP
THRESHOLD? THRESHOLD?
YES YES NO
y \
RAMP FLAT FLAT RAMP

FIG. 17




Patent Application Publication  Dec. 7,2017 Sheet 16 of 50  US 2017/0347885 Al

RAMP
CLASSIFICATION
METHOD
1800
MEASURE MOTION
1801 M DATA
y
PERFORM DECISION
1802 M TREE TO

DETERMINE RAMP

1803 "\ OUTPUT RAMP
CLASSIFICATION

A

FILTER
DETERMINED
1804 "\ RAMP
CLASSIFICATIONS

OVER TIME

Y

OUTPUT DECISION
1805 1 ACCORDING TO
FILTERED DATA

FIG. 18



Patent Application Publication  Dec. 7,2017 Sheet 17 of 50  US 2017/0347885 Al

Cn

gt of sos

-,
'

Par

Tan g 6e v a6

<
Pt
o
3
1=

Subject indax
FIG. 194

7%

o)
xS

1%

43 50 P 70 26
Subjoct index

FIG. 198

20

£
-
o




Patent Application Publication  Dec. 7,2017 Sheet 18 of 50  US 2017/0347885 Al

3]

3

Famant of sessi

¢ 14 20 3 3G £0 F2 R}
Subioct idex

FIG. 19C

Percsnt ofsession

o - 20 w46 6 an 70 3
Subject index

FIG. 19D



Patent Application Publication

Dec. 7, 2017

2001 M

MEASURE MOTION
DATA

2002 7V

OBTAIN PER-USER
THRESHOLDS

\ 4

20037

REPLACE DECISION
TREE THRESHOLDS
WITH NEW
THRESHOLDS

4

2004 N\~

PERFORM DECISION
TREE WITH
UPDATED
THRESHOLDS

2005

OUTPUT RAMP
CLASSIFICATION

2006 ™\

y
FILTER
DETERMINED
RAMP
CLASSIFICATIONS
OVER TIME

FIG. 20

Sheet 19 of 50

US 2017/0347885 Al

RAMP

CLASSIFICATION

METHOD



US 2017/0347885 Al

Dec. 7,2017 Sheet 20 of 50

Patent Application Publication

6167

(oes) 8Ll
001

cC OIA

duuey

(nag) sl | T —
0zL 0oL 08 09 op oz o IOl

%

) u.m....”._”.Mu.m”._._” U "o SR

Mﬂ O O O N O o)

1UNO2 yshy

£2=seysnd [e10 [
(08s) SWILL

: ;,uu.m r J- 5
ogk ©09L OvL 02k ©0OF 08 09 O OB o FICODId

o
apniubep




Patent Application Publication

2301 N\~

2302 N

2303 N

2304 N\~

2305 N\~

Dec. 7,2017 Sheet 21 of 50

MEASURE
ACCELEROMETER DATA

|

EXTRACT FEATURES FROM
ACCELEROMETER DATA

|

CLASSIFY USING DECISION
TREE CLASSIFIER

y

COLLECT CROSS-CHECK
AND REFINEMENT DATA

|

OUTPUT A
SHIFT/TRANSFER
DETECTION

FlG. 23

US 2017/0347885 Al

DECISION
METHOD

2300



Patent Application Publication  Dec. 7,2017 Sheet 22 of 50  US 2017/0347885 Al

DECISION TREE
CLASSIFIER
2400
2401
FEATURE 1 >
YES| “peaturer | NO
15T
THRESHOLD?
2402 |, 2403 |,
FEATURE 2 > FEATURE 2 >
YES| FEATURE2 [NO YES| reaturez2 |NO
ST OND
THRESHOLD? THRESHOLD?
2404 2405 |
FEATURE 3 > SHIFT FEATURE 1 > |
FEATURE 3 [NO FEATURE | No
ST D SHIFT
THRESHOLD? THRESHOLD?
YES YES NO
Y \ Y
) NO NO
SHIFT SHIFT SHIFT SHIFT

FIG. 24



Patent Application Publication  Dec. 7,2017 Sheet 23 of 50  US 2017/0347885 Al

STATE MACHINE

ACK
2522

REMINDER 2521
STATE 2520

2513

i

2511 DETECTION
STATE 2510

2512
2530 2533

TRANSFER
o START
STATE 2530

2531

TRANSFER
COMPLETION
STATE 2540

2541

FIG. 25



Patent Application Publication  Dec. 7,2017 Sheet 24 of 50  US 2017/0347885 Al

5
=
2
2
1.55 E
E £
s i
g R &
S
@ G : ; ; LAY ¥ Lo ; ; i
3 pict] 44 51 3G 100 120 23
FIG. 26B
Delta/angle Mean angle Delta angle Mean angle Delti angle
st ENIORRY ; ! I'_‘_ll A vaee mane SRt hwes:
SO mure s o~ e et o o | 95 A e - Sowen o
g PV SCET TR 5 ST SRS el GO
& 4@;
2 80
= g0,
5 ; ) 106 126 140 { ) oo
Mean angle FIG 26C
Delta angle Delta angle

3

> St U ook Mean angle
; i i d 1 i 1 ; : : : i i
i 20 LY Bl 80 HA 120 140 1580 180 200

FIG. 26D



Patent Application Publication  Dec. 7,2017 Sheet 25 of 50  US 2017/0347885 Al

Stagutiuds

Speed Gnisy
<
1%}

gt :'
3] " 00 1% 200 Py 368
FIG. 278
Delta angle Delta angle
\ \
?J IR SR EnEt MESORAGRIS NS NG A SLISOr SENLN RSN 1100 FIREEISE IINC
g ;»gw ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
Y
=g
< 8 5 4
: S ] \ ALl 5
& yeonange 109 159 Mean\angle:»ac 290
FiIG. 27C
Delta angle Delta angle
U Feoo RN L I 2R RS NN R R R RRRn N T
i~ gJ:\,‘I!:"‘:!l];.:;,:l.'i::::‘:.' '.::;,ilz":
@ M M .."...;I. '. ;:.. B i L *, g . s
& N D SR S
5 Lo
% A

206 Mean angte
Mean angle FIG. 27D



Patent Application Publication  Dec. 7,2017 Sheet 26 of 50  US 2017/0347885 Al

2804

2800

FIG. 284

2800

FIG. 28B



Patent Application Publication  Dec. 7,2017 Sheet 27 of 50  US 2017/0347885 Al
S1-1: Push-Return Phase of Accel
O push
@ rcturn

— 2
11}
21
2
0
qk Y * Y o y @ *y
[l | | | [l | |
224 225 226 227 228 229 230
FIG. 294
S1-1: Push-Return Phase of Accel
I I 1 I I I I I I I I
2
B 1
B
80
-1
] 1 ] | ] ] ] ] 1 1 1
173 174 175 176 177 178 179 ! 180 181 182 183
FIG. 298
S1-1: Push-Return Phase of Accel
5 B 1 I I I I I I 1 1 | i
4 O push
ED J
o 2
3
< ]
0
] ®
gk \% Y
| 1

1 1 | 1 1
284 285 286 287 288 289 290

FIG. 29C

1
291

|
292



Patent Application Publication  Dec. 7,2017 Sheet 28 of 50  US 2017/0347885 Al

PUSH PHASE
AND RETURN
PHASE DETECTION
METHOD
3000
IDENTIFY
3001~  CHARACTERISTIC
Y AXIS PEAKS
IDENTIFY ADJACENT
3002 ERO CROSSINGS
\ 4
DETERMINE PUSH
3003 ““A  AND RETURN PHASE
LENGTHS

\ 4

3004 | CLASSIFY PEAKS AS
PUSH OR RETURN
PEAKS

FIG. 30



Patent Application Publication  Dec. 7,2017 Sheet 29 of 50  US 2017/0347885 Al




Patent Application Publication  Dec. 7,2017 Sheet 30 of 50  US 2017/0347885 Al

3201
3205 g
~r 3202
3204 N

3203

FIG. 324

3201 3202 3203 3204 3205
A A l_v A Y A

|

3212

2835 28355

FIG. 32B



Patent Application Publication  Dec. 7,2017 Sheet 31 of 50  US 2017/0347885 Al

DETECT PUSH AND
3301 |  RETURN PHASES

A

DETERMINE SIGNS
AND SEQUENCE OF

s
3302 RETURN PHASE PEAKS

y

CLASSIFY STROKE
33037\ TYPE BASED ON
SEQUENCE OF SIGNS

FIG. 33



Patent Application Publication  Dec. 7,2017 Sheet 32 of 50  US 2017/0347885 Al

« DLOP
» ARC

oy
Sacget
B 5
& oy
£ g
3 °
= T
w ot
) ?
3 e~
= ey

D T i B e B e e R
o R D@

Single Loop Over

FIG. 348

RC
1

FIG. 344




Patent Application Publication

3501\~

35027

35037

MEASURE
ACCELEROMETER
AND GYROSCOPE
DATA

FUSE
ACCELEROMETER
AND GYRO DATA TO
CREATE 3D PATH

MATCH 3D PATH TO
STROKE TYPE

FIG. 35

Dec.7,2017 Sheet 33 of 50  US 2017/0347885 Al

STROKE TYPE
DETECTION
METHOD




Patent Application Publication  Dec. 7,2017 Sheet 34 of 50  US 2017/0347885 Al

CALORIE
ESTIMATION
IMPROVEMENT
METHOD

3600

DETECT STROKE
3601\~ PHASE

CLASSIFY STROKE

3602 N\ TYPE
y
REFINE CALORIE
ESTIMATE USING
36037\ . :
STROKE PHASE AND
TYPE INFORMATION

FIG. 36



Patent Application Publication

60)

50

ol

Dec. 7,2017 Sheet 35 of 50

70

60

S50

40

30

20

50 100

FIG. 374

-60

-40

-20 0 20 40 60 80

FIG. 37B

US 2017/0347885 Al



Patent Application Publication  Dec. 7,2017 Sheet 36 of 50  US 2017/0347885 Al

RAMP
DETECTION
IMPROVEMENT
METHOD

DETECT STROKE
3801 N~ PHASE

A 4

DETECT DURATION
AND FREQUENCY OF
3802 | PUSH AND RETURN
PHASES

4

COMPARE PUSH
3803 7| FREQUENCY TO FIRST
THRESHOLD

y
COMPARE DURATION
OF PUSH AND RETURN
104 ~| PHASES TO SECOND
804 AND THIRD
THRESHOLDS

DETERMINE IF RAMP

N\
3805 IS PRESENT

FIG. 38



Patent Application Publication  Dec. 7,2017 Sheet 37 of 50  US 2017/0347885 Al
ENERGY
EXPENDITURE
ESTIMATION
METHOD
3900
3901 A 3904 ESTIMATE ENERGY
ACQUIRE INERTIAL .| EXPENDITURE BASED
SENSOR INPUT ON FLAT GROUND
ASSUMPTION
. 3905 ™M
3902\ ACQUIRE GPS AND .| DETERMINE GRADE
BAROMETRIC DATA CORRECTION
PROVIDE USER INPUT | 3906\ ESTIMATE
3903 AND LEARNED »  PHYSIOLOGICAL
PARAMETERS EFFICIENCY
v
ESTIMATE ENERGY
307 ExpenDITURE [°

FIG. 39



Patent Application Publication  Dec. 7,2017 Sheet 38 of 50  US 2017/0347885 Al

LOW POWER
ENERGY
EXPENDITURE
ESTIMATOR

4000

MEASURE
4001 ™  ACCELEROMETER
DATA

ESTIMATE STROKE

4002 RATE

v

ESTIMATE ENERGY
EXPENDITURE BASED
ON BAND-LIMITED
MEASURED ENERGY

4003

| REFINE ESTIMATE !
| USINGDETECTED |
| STROKE TYPE AND/OR !
: STROKE PHASE |

FIG. 40



Patent Application Publication  Dec. 7,2017 Sheet 39 of 50  US 2017/0347885 Al

HIGH POWER
ENERGY
EXPENDITURE
ESTIMATOR
4100
MEASURE
4101 1 ACCELEROMETER 4102 1 MEASURE GYRO DATA
DATA
\ y
INTEGRATE DATA TO

4103 “ CLASSIFY STROKE
TYPE AND PHASE

4

4104 ~\~| ESTIMATE ENERGY
EXPENDITURE BASED
ON INTEGRATED DATA

FIG. 41



Patent Application Publication  Dec. 7,2017 Sheet 40 of 50  US 2017/0347885 Al

RAMP DETECTOR
4200
MEASURE LOW POWER RAMP
42014 ACCELEROMETER » DETECTOR RELYING |\ 4204
DATA ON ACCELEROMETER
MEDIUM POWER
MEASURE | raMPDETECTOR 4205
» Y
4202 ™ B AROMETER DATA INTEGRATING
BAROMETRIC DATA
ACQUIRE GPS SPEED HIG%E?ECE;})II{{MIP 1206
A » ’ N\
4203 AND/OR ALTITUDE NTECRATING GPS
DATA DATA

FIG. 42



Patent Application Publication  Dec. 7,2017 Sheet 41 of 50  US 2017/0347885 Al

PHYSIOLOGICAL
EFFICIENCY
ESTIMATOR
4300
| Radiekesibaladiediese il ittty |
] ]
: :
4301 A OBTAIN USER INPUT b-==-memommmmmanne :
] 1
I ! :
] 1
1
]
1
]
oo | ¥
! _ ! ESTIMATE
] 1
it ] NSO ool iSOG (04
y ! EFFICIENCY
e e e : -

1 . 1
OBTAIN HEART RATE
A L '
4303 : DATA !
[}



Patent Application Publication  Dec. 7,2017 Sheet 42 of 50  US 2017/0347885 Al

DATA FUSION
SUBSYSTEM

4400

DETERMINE
4401 1  AVAILABLE DATA
SOURCES

ACQUIRE AVAILABLE

4402 ™\ DATA

\ 4

ESTIMATE ENERGY
4403 | EXPENDITURE BASED
ON AVAILABLE DATA

FIG. 44



model

Patent Application Publication  Dec. 7,2017 Sheet 43 of 50  US 2017/0347885 Al
Flat/Unknown Uphill Downhill
GPS/Altimeter Flat GPS speed Grade from Energy-based
Available model GPS/altimeter model

GPS/Altimeter

Energy-based

Energy-based

Energy-based

Unavailable model model w/ model
accelerometer
ramp correction
GPS speed < 0.3 Basal METs Basal METs Basal METs
m/s
0.3m/s Minimum moving Minimum moving | Minimum moving
< GPS speed < METs METs METs
0.5 m/s
FIG, 45
Data Source Metric Uphill Downhill
deltaH > threshald | X
GPS/Altimeter
Only deltaH < threshold X
GPS speed slowor | X
reducing AND
push count or
Accelerometer + | €nergy < threshold
GPS GPS speed fast or X
increasing AND

push count or
energy > threshold

FIG. 46




Patent Application Publication  Dec. 7,2017 Sheet 44 of 50  US 2017/0347885 Al

&B e

o

2.56s: EM, vs. Speed shaded by Pushes per Second

44 &

G5 i & 3 Ry t X 3
o 5 o, N ™ w5 Ry gt Ty S o
T R a0 3 Xy it Y 8 W R

CA L8 My

FIG. 47



Patent Application Publication  Dec. 7,2017 Sheet 45 of 50  US 2017/0347885 Al

Eatimatad gneasd im/s)

DRIy & Mear statstion over senmant (M« ¥4 per suaos-typs)

flatUnace

- flatAce
- e Fampt e S
s Ramys
fowRampd
~ highRamp

i
>
2

Y
59

e
g, 33

2 a3 1 15 2
Trath gpsaaddt {mde}

P2
23

FIG. 48



Patent Application Publication

Dec. 7,2017 Sheet 46 of 50

METs estimation

US 2017/0347885 Al

20

N2

: :
i ; ! it K74
{ i E ) o
E H . ; s
100 , : : s
........ : e Dk
: E { :
" i i s
86 ! py e 3784 £ 3
; § :
,,,,,,,,,,,,,,,,,,, o R Cr s e
50 o % 55 5.1 v 23802 1
«ng_ 3 i ......................... b3 “‘-‘:1‘1
o ' ; {
g a4 i : §
& ; Db e e e | e ede cdie b i
s 2038 L1 R N
¢ 20
Q
F> S TS SATUOS SOV SOOI SUUVOR SONFORSUUNE WRUOPOORRS EVOURVUVIE SEDPUPUOION SURPPIUOON SOOPSE SOUVSPVNY SUOUPRN YOORVCTPRS ST
£
£ pocsorborrorar webwe s 90800 T S 0 O ~0r 68 661040 VIR RS
rv;v!v . g ......... E ......................
. : ‘
“af : i : :
‘ : L
,,,,,,,,,,,,,,, ot Ceviree R bt i ?
5 i i g s
40 § s 1 ;
{ ! =.‘
o

60 |-

1

flatUnacc flatAcc

Jow2 low3

Segment Type

FIG. 49

hight




Patent Application Publication

0.2

flatUnaccompanied

G ; i ke = : : ‘
100 50 G BO 100 150

0.2

Dec. 7,2017 Sheet 47 of 50

flatAccompanied

FOF
&«

H

% pvar

FIG. 504
owRarp! fowRamp2
2 e 2.2 S
& o1 G0t gl -
a &

100 80 0

0 —
400 50 ¢ 50 100 150

100 150

No ST
FIG, 508

02 E

JowRarmpd

50 100 156 Joo 3 0 50 100 10 A00 85 & B0 100 180
% ey P WO X wor
FIG, 50C FIG, 50D FIG, 50E
highHamp1 highRamp?
: ' : Q.2 : : :

% By
FIG. 50F

0 .8
100 50 0 50 100 150

Yo BrtOr
FIG. 50G

US 2017/0347885 Al



US 2017/0347885 Al

Dec. 7,2017 Sheet 48 of 50

Patent Application Publication

S SIRIAI LY KA BT PRI CF LN €D LTI LAY AR LY S LI LD A,

2

LM ow

57K L3I FRB L AL

3

<Nl

RIENEN

#

oy onared

Yrhrarnarsdryrsnyes

e ety
T =

s i

¥

&)
EY

SR,
Sar

B
o
s

N
v

GedinviivEs ey v oAy
s M 2

P < P L < £y Y
el &2 [+ &% it =¥ Anuw.
oe s ooy <

G JUBEBA

low2 low3 high high2
FlG. 51

low1

flatAcc

flatUnacc



US 2017/0347885 Al

Dec. 7,2017 Sheet 49 of 50

AR A N LRGP AP AT S AT ARG LY C Y LIy 4Dy

.Y

Y T A AN B {Vu»&uww

. s o sn i sneancnons

PIDPIRY

&

% \h¢»<\.<

\mm , %\;

EETING T

low1 low2 low3 high1 high2

flatAcc

flatUnacc

FIG. 52

43
Y
1o
]
&

1
1;

453158 B,

Patent Application Publication



US 2017/0347885 Al

Dec. 7,2017 Sheet 50 of 50

Patent Application Publication

Hilltop Route

ne st ), S 2L fidLieg

per i RF, ek §, 86 WY

Zz
4

FIG. 53B

FIG. 534

Hat Routs

REpY el QR g MR

s DL e L

AR,

FIG. 53D
%@th R@um&s

FIG. 53C

\\\
| \\\\\

\w\&

\\%\\\

3 Breaw

FlG. 53E



US 2017/0347885 Al

DETECTING ACTIVITY BY A WHEELCHAIR
USER

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims priority to and the benefit
of U.S. Provisional Application No. 62/346,667 filed on Jun.
7, 2016, U.S. Provisional Application No. 62/346,727 filed
on Jun. 7, 2016, U.S. Provisional Application No. 62/346,
795 filed on Jun. 7, 2016, U.S. Provisional Application No.
62/381,678 filed on Aug. 31, 2016, and U.S. Provisional
Application No. 62/381,878 filed on Aug. 31, 2016, the
disclosures of which are incorporated herein by reference in
their entireties.

FIELD

[0002] The present disclosure relates generally to wear-
able devices (or “user devices”) used in conjunction with a
person in a wheelchair.

BACKGROUND

[0003] Various human activities, such as activities by a
wheelchair user, involve repetitive motions of the arms. For
example, pushing oneself in a wheelchair, rowing, push-ups
and pull-ups, and assembly-line tasks may all involve rep-
etition of a sequence of motions using the hands, arms, and
wrists. A wearable device may be worn on the hand, wrist,
or arm of the person performing the activity. It may be
desirable to track activity by a wheelchair user for health,
safety, or productivity reasons.

SUMMARY

[0004] According to one aspect of the present disclosure,
a method for tracking activity by a wheelchair user can
include collecting motion data of a user device located on an
appendage of the user, detecting by a processor circuit that
one or more activities by the wheelchair user occurred based
on the motion data, estimating by a processor circuit an
energy expenditure by the user based on the one or more
activities, and outputting the estimated energy expenditure
by a processor circuit. In some embodiments, the motion
sensor can include an accelerometer, a gyroscope, a mag-
netometer, or a combination thereof.

[0005] In some embodiments, the method can include
tracking pushes by the wheelchair user. In some embodi-
ments, the method can include determining a pose angle and
a calculated energy based on the motion data. In some
embodiments, the method can include detecting a push
occurred based on a determined pose angle and a calculated
energy. In some embodiments, the method can include
comparing by a processor circuit the determined pose angle
with a pose angle threshold, comparing by a processor
circuit the calculated energy with an energy threshold, and
determining by a processor circuit a push occurred if the
determined pose angle is below the pose angle threshold and
the calculated energy is above the energy threshold.

[0006] In some embodiments, the method can include
storing pose angles and calculated energies for the wheel-
chair user, updating by a processor circuit the pose angle
threshold using the stored pose angle, and updating by a
processor circuit the energy threshold using the stored
calculated energies. In some embodiments, the method can
include calculating by a processor circuit a current push rate
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for the user, determining by a processor circuit if the current
push rate is consistent with previous push rates, and storing
the determined pose angle and calculated energy if the
current push rate is consistent with previous push rates.
[0007] In some embodiments, the method can include
determining by a processor circuit a current speed for the
user using a Global Positioning System (GPS) sensor and
storing the determined pose angle and calculated energy if
the user’s current speed is greater than or equal to a
minimum speed threshold. In some embodiments, the
method can include calculating a candidate pose angle
threshold as a percentile of stored pose angle and calculating
a candidate energy threshold as a percentile of stored cal-
culated energies. In some embodiments, the method can
include calculating a new pose angle threshold using the
candidate pose angle threshold and a first low-pass filter, and
calculating a new energy threshold using the candidate
energy threshold and a second low-pass filter.

[0008] In some embodiments, the method can include
selecting a dominant motion sensor axis based on a calcu-
lated motion energy per motion sensor axis. In some
embodiments, the method can include calculating by a
processor circuit a motion energy for each motion sensor
axis and selecting by a processor circuit an motion sensor
axis with a most energy as a dominant motion sensor axis.
[0009] In some embodiments, the method can include
performing by a processor circuit a frequency domain trans-
formation of the collected motion data for the dominant
motion sensor axis and determining by a processor circuit a
fundamental push frequency based on the frequency domain
transformed data. In some embodiments, the frequency
domain transformation can include a fast Fourier transform
(FFT) operation. In some embodiments, the method can
include determining by a processor circuit a FFT peak of a
lowest frequency that rises above a pre-determined threshold
level of energy and selecting by a processor circuit the
lowest frequency as a fundamental frequency of pushing.
[0010] In some embodiments, the method can include
adjusting an intelligent filter to pass motion sensor signals
within a frequency band corresponding to the fundamental
push frequency and to reduce motion sensor signals within
a frequency band corresponding to harmonics of the funda-
mental push frequency. In some embodiments, the intelli-
gent filter can include a low-pass filter with adjustable
passband width. In some embodiments, the intelligent filter
can include a bank of low-pass filters with increasing
passband widths. In some embodiments, the intelligent filter
can include an adjustable bandpass filter with adjustable
passband cutoff frequencies and widths.

[0011] In some embodiments, the method can include
filtering by a processor circuit the collected motion data to
produce filtered motion data and determining a push count
based on zero-crossings of the filtered motion data. In some
embodiments, the method can include detecting by a pro-
cessor circuit one or more zero-crossings of the filtered
motion data in one direction and determining by a processor
circuit a push count equal to the number of zero-crossings.
[0012] In some embodiments, the method can include
cross-checking by a processor circuit the determined push
count with motion data from a different motion sensor axis.
[0013] According to yet another aspect of the present
disclosure, the method can include detecting when a wheel-
chair user is traveling on a ramp. The method can include
collecting motion data of a user device located on an
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appendage of the user, determining a ramp classification by
a processor circuit, and filtering by a processor circuit the
determined ramp classification using a filter.

[0014] In some embodiments, a ramp classification can be
determined based on a push rate, a first push rate threshold,
an energy component of the collected motion data, and at
least one of a first energy threshold, a second energy
threshold, a pose angle, a pose angle threshold, and a second
push rate threshold.

[0015] In some embodiments, the method can include
comparing by a processor circuit the push rate with the first
push rate threshold, and at least one of: comparing by a
processor circuit the energy component of the collected
motion data with the first energy threshold; comparing by a
processor circuit the pose angle with the pose angle thresh-
old; comparing by a processor circuit the energy component
of the collected motion data with the second energy thresh-
old; and comparing by a processor circuit the push rate with
the second push rate threshold.

[0016] In some embodiments, the method can include
obtaining per-user thresholds and adjusting by a processor
circuit at least one of the first and second push rate thresh-
olds, the first and second energy thresholds, and the pose
angle threshold using the per-user thresholds.

[0017] In some embodiments, the filter can include a
windowing filter. In some embodiments, the windowing
filter can include an odd number of points in the window. In
one embodiment, the windowing filter can include a three-
point window.

[0018] In some embodiments, the method can include
collecting elevation information by an elevation detection
module of the user device and determining by a processor
circuit the ramp classification based on the collected eleva-
tion information.

[0019] In some embodiments, the method can include
measuring the user’s heart rate by a heart rate monitor of the
user device and determining by a processor circuit the ramp
classification based on the measured heart rate.

[0020] According to another aspect of the present disclo-
sure, the method can include detecting the type of stroke
being employed by a wheelchair user. The method can
include measuring X axis and Y axis accelerometer data
from an accelerometer located on an arm of the user, and
detecting a Y axis accelerometer peak corresponding to a
push phase. The method can determine adjacent zero cross-
ing to the Y axis accelerometer peak to determine the start
and end of the push phase and a return phase. The method
can determine a length of the push phase, detect X peaks in
X axis accelerometer data during the return phase, and detect
Y peaks in Y axis accelerometer data during the return
phase. The method can determine signs for the X peaks and
the Y peaks, an ordered sequence of the determined X signs,
and an ordered sequence of the determined Y signs. In
addition, the method can determine stroke type based on the
sequence of X signs and the sequence of Y signs, and apply
one of the determined stroke type and the determined push
phase length in a calorie expenditure tracking system.
[0021] According to yet another aspect of the present
disclosure, the method can include estimating caloric expen-
diture by a wheelchair user. The method can include mea-
suring at least one of X accelerometer data, Y accelerometer
data, 7 accelerometer data, X rotational data, Y rotational
data, 7 rotational data, barometer data, altimeter data, GPS
position data, GPS speed data, GPS altitude data, and heart
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rate data and receiving user input regarding at least one of
fitness level, age, weight, injury type, and mobility level.
The method can determine an estimated speed based on the
measured data and determines an estimated MET value
based on the estimated speed, as well as determining a ramp
state based on the measured data. The method can refine the
estimated MET value based on the determined ramp state
and determines an energy expenditure estimate based on the
estimated MET value. In addition, the method may include
determining a physiological efficiency estimate based on the
user input and refining the physiological efficiency estimate
based on the measured data, and then refining the energy
expenditure estimate using the physiological efliciency esti-
mate. The refined energy expenditure estimate can be
applied in a caloric expenditure tracking system.

[0022] According to yet another aspect of the present
disclosure, a system for tracking activity by a wheelchair
user can include a motion sensor located on an appendage of
the user and configured to collect motion data. The system
can include a processor circuit coupled to the motion sensor
and configured to execute instructions causing a processor
circuit to collect motion data of a user device located on an
appendage of the user, detect one or more activities by the
wheelchair user occurred based on the motion data, calculate
an energy expenditure by the user based detecting that the
one or mote activities by the wheelchair user occurred, and
output the energy expenditure estimation.

[0023] Other features and advantages will become appar-
ent from the following detailed description and drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0024] In order to facilitate a fuller understanding of the
present disclosure, reference is now made to the accompa-
nying drawings, in which like elements are referenced with
like numerals. These drawings should not be construed as
limiting the present disclosure, but are intended to be
illustrative only.

[0025] FIG. 1 shows an example of a wearable device 100
in accordance with an embodiment of the present disclosure.
[0026] FIG. 2 depicts a block diagram of example com-
ponents that may be found within the wearable device 100
in accordance with an embodiment of the present disclosure.
[0027] FIG. 3 shows an example of a companion device
300 in accordance with an embodiment of the present
disclosure.

[0028] FIGS. 4A-4D illustrate four typical patterns of
motion for a wheel chair user pushing their wheelchair.
[0029] FIGS. 5A-5D illustrate X and Y motion data taken
during a sequence of pushes using each of the four patterns
illustrated in FIGS. 4A-4D, according to aspects of the
present disclosure.

[0030] FIG. 6 illustrates a method of detecting and count-
ing pushes by a wheelchair user, according to aspects of the
present disclosure.

[0031] FIG. 7 illustrates a method of detecting the likeli-
hood that a push may be occurring, according to aspects of
the present disclosure.

[0032] FIG. 8 is a graph illustrating true and false pushes
for multiple different wheelchair users.

[0033] FIG. 9 illustrates a method for adaptively deter-
mining pose angle and energy thresholds for a wheelchair
user, according to some embodiments of the present disclo-
sure.
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[0034] FIG. 10 illustrates a method of intelligently filter-
ing the motion data to eliminate noise while maintaining the
signal representing individual pushes, according to aspects
of the present disclosure.

[0035] FIG. 11 illustrates a method of counting pushes
using filtered motion data, according to aspects of the
present disclosure.

[0036] FIG. 12 illustrates a method in which an additional
cross-checking step is performed, according to aspects of the
present disclosure.

[0037] FIG. 13 illustrates performance of aspects of the
present disclosure as applied to measured wheelchair user
data.

[0038] FIG. 14 illustrates a wheelchair climbing a ramp in
accordance with an embodiment of the present disclosure.
[0039] FIG. 15 illustrates an example of motion through a
wheelchair push stroke, showing pose angle against the
horizon.

[0040] FIG. 16 illustrates sensor data sources that may be
integrated to detect ramps in accordance with an embodi-
ment of the present disclosure.

[0041] FIG. 17 illustrates a decision tree classifier that
may be used to detect ramps in accordance with an embodi-
ment of the present disclosure.

[0042] FIG. 18 illustrates a method of emploving the
decision tree classifier of FIG. 17 in accordance with an
embodiment of the present disclosure.

[0043] FIGS. 19A-19D illustrate the improvement in ramp
detection seen using filtering or smoothing of the decision
across multiple epochs of time in accordance with an
embodiment of the present disclosure.

[0044] FIG. 20 illustrates a method in which thresholds
are adjusted on a per-person basis to improve the accuracy
of an embodiment of the present disclosure.

[0045] FIGS. 21A-21B illustrate performance of aspects
of the present disclosure as applied to measured wheelchair
user data.

[0046] FIG. 22 illustrates an output result of the classifier
in accordance with an embodiment of the present disclosure.
[0047] FIG. 23 illustrates a method for detecting shifts or
transfers in accordance with an embodiment of the present
disclosure.

[0048] FIG. 24 illustrates a decision tree, which may be
used to perform a step of the embodiment of the present
disclosure described in FIG. 23.

[0049] FIG. 25 illustrates a state machine used in one
embodiment of the present disclosure for detection of shifts
and transfers, as well as for reminding a user to engage in
such motions.

[0050] FIGS. 26A-26D illustrate data collected and pro-
cessed in accordance with an embodiment of the present
disclosure.

[0051] FIGS. 27A-27D similarly illustrate data collected
and processed in accordance with an embodiment of the
present disclosure.

[0052] FIG. 28A illustrates the directions of accelerometer
forces for a wrist-worn device on the right wrist. FIG. 28B
illustrates the directions of accelerometer forces for a wrist-
worn device on the left wrist.

[0053] FIGS. 29A-29C illustrate X and Y accelerometer
data taken during a sequence of pushes using the semicir-
cular, arc, and single loop patterns illustrated in FIGS.
4A-4C, according to aspects of the present disclosure.
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[0054] FIG. 30 illustrates a method for identifying push
and return phases in accordance with aspects of the present
disclosure.

[0055] FIG. 31 illustrates the characteristic signs of accel-
eration in the X, Y, and Z axes for right-handed or left-
handed push and return phases for the semicircular and
single loop patterns.

[0056] FIG. 32A illustrates the semi-circular pattern in
additional detail, breaking it into five separate segments.
FIG. 32B shows illustrative accelerometer readings during
the same semi-circular push.

[0057] FIG. 33 illustrates a method for identifying stroke
type in accordance with aspects of the present disclosure.
[0058] FIGS. 34A-34C illustrate the results of using accel-
erometer-gyro sensor fusion to detect three dimensional
paths

[0059] FIG. 35 illustrates another method for identifying
stroke type using three dimensional path data in accordance
with aspects of the present disclosure.

[0060] FIG. 36 illustrates a method for using the stroke
phase and type estimation to improve caloric expenditure
estimation.

[0061] FIGS.37Aand 378 illustrate the results of refining
calorie estimation error using push-return phase detection.
[0062] FIG. 38 illustrates a method for using the stroke
phase classification to improve ramp detection.

[0063] FIG. 39 provides a high level description of the
techniques to be employed in improved energy expenditure
estimation according to embodiments of the present disclo-
sure.

[0064] FIG. 40 illustrates a low-power energy expenditure
estimator which may be used to implement one technique
for block 3904.

[0065] FIG. 41 illustrates a high-power energy expendi-
ture estimator which may be used to implement another
technique for block 3904.

[0066] FIG. 42 illustrates a switchable high and low power
ramp detector according to embodiments of the present
disclosure which may be used to implement block 3905.
[0067] FIG. 43 illustrates a physiological efficiency esti-
mator which may be used to implement block 3906 in some
embodiments of the present disclosure.

[0068] FIG. 44 illustrates a data fusion subsystem which
may be used to implement block 3907 in some embodiments
of the present disclosure.

[0069] FIG. 45 illustrates a decision matrix for data fusion.
[0070] FIG. 46 illustrates a decision matrix for grade
determination.

[0071] FIG. 47 illustrates measured data showing the

correlation between measured energy and speed.

[0072] FIG. 48 illustrates actual speed vs. estimated speed
(uncorrected for ramp presence) on a variety of segments.
[0073] FIG. 49 illustrates error bars for various segment
types for the uncorrected energy estimator.

[0074] FIGS. 50A-50G illustrate the probability density
function (PDF) of errors in the speed estimate for various
types of surfaces.

[0075] FIG. 51 illustrates data showing the error in the
uncorrected estimate separated by injury type.

[0076] FIG. 52 illustrates the results of retrained estima-
tors based on injury type.

[0077] FIGS. 53A-53E illustrate the impact of grade cor-
rection on the estimator.
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DETAILED DESCRIPTION

[0078] The present disclosure describes a wearable device
that may be configured to detect the number and timing of
instances of a repetitive activity. In one embodiment, this
activity is “pushing” a wheelchair.

[0079] While this disclosure focuses on the sequence of
motions involved in pushing oneself in a wheelchair, the
concepts and techniques described herein are equally appli-
cable to other tasks involving repetitive hand and arm
motions. For example, the stroke count and timing in rowing
may be detected.

[0080] FIG. 1 shows an example of a wearable device 100
in accordance with an embodiment of the present disclosure.
In some embodiments, the wearable device 100 may be any
suitable wearable device, such as a watch configured to be
worn around an individual’s wrist. As described in more
detail below, the wearable device 100 may be calibrated to
attributes of the individual (e.g., the user’s particular style of
pushing the chair such as a typical stroke type.)

[0081] FIG. 2 depicts a block diagram of example com-
ponents that may be found within the wearable device 100
in accordance with an embodiment of the present disclosure.
These components may include a motion sensing module
210, a display module 220, and an interface module 230.
[0082] The wearable device 100 may include the motion
sensing module 210. The motion sensing module 210 may
include one or more motion sensors, such as an accelerom-
eter, a gyroscope, or a magnetometer. In some embodiments,
the accelerometer may be a three-axis, microelectrome-
chanical system (MEMS) accelerometer, and the gyroscope
may be a three-axis MEMS gyroscope, and the magnetom-
eter may be a three-axis magnetometer. A microprocessor
(not shown) or motion coprocessor (not shown) of the
wearable device 100 may receive motion information from
the motion sensors of the motion sensing module 210 to
track acceleration, rotation, position, or orientation informa-
tion of the wearable device 100 in six degrees of freedom
through three-dimensional space.

[0083] The wearable device 100 may also include the
display module 220. Display module 220 may be a screen,
such as a crystalline (e.g., sapphire) or glass touchscreen,
configured to provide output to the user as well as receive
input from the user via touch. For example, display 220 may
be configured to display a current heart rate or a daily
average energy expenditure. Display module 220 may
receive input from the user to select, for example, which
information should be displayed, or whether the user is
beginning a physical activity (e.g., starting a session) or
ending a physical activity (e.g., ending a session), such as a
running session or a cycling session. In some embodiments,
the wearable device 100 may present output to the user in
other ways, such as by producing sound with a speaker (not
shown), and the wearable device 100 may receive input from
the user in other ways, such as by receiving voice commands
via a microphone (not shown).

[0084] In some embodiments, the wearable device 100
may communicate with external devices via interface mod-
ule 230, including a configuration to present output to a user
or receive input from a user. Interface module 230 may be
a wireless interface. The wireless interface may be a stan-
dard Bluetooth (IEEE 802.15) interface, such as Bluetooth
v4.0, also known as “Bluetooth low energy.” In other
embodiments, the interface may operate according to a
cellphone network protocol such as LTE or a Wi-Fi (IEEE
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802.11) protocol. In other embodiments, interface module
230 may include wired interfaces, such as a headphone jack
or bus connector (e.g., Lightning, Thunderbolt, USB, etc.).
[0085] The wearable device 100 may be configured to
communicate with a companion device 300 (FIG. 3), such as
a smartphone, as described in more detail herein. In some
embodiments, the wearable device 100 may be configured to
communicate with other external devices, such as a note-
book or desktop computer, tablet, headphones, Bluetooth
headset, etc.

[0086] The modules described above are examples, and
embodiments of the wearable device 100 may include other
modules not shown. For example, the wearable device 100
may include one or more microprocessors (not shown) for
processing heart rate data, motion data, other information in
the wearable device 100, or executing instructions for firm-
ware or apps stored in a non-transitory processor-readable
medium such as a memory module (not shown). Addition-
ally, some embodiments of the wearable device 100 may
include a rechargeable battery (e.g., a lithium-ion battery), a
microphone or a microphone array, one or more cameras,
one or more speakers, a watchband, a crystalline (e.g.,
sapphire) or glass-covered scratch-resistant display, water-
resistant casing or coating, etc.

[0087] FIG. 3 shows an example of a companion device
300 in accordance with an embodiment of the present
disclosure. The wearable device 100 may be configured to
communicate with the companion device 300 via a wired or
wireless communication channel (e.g., Bluetooth, Wi-Fi,
etc.). In some embodiments, the companion device 300 may
be a smartphone, tablet computer, or similar portable com-
puting device. The companion device 300 may be carried by
the user, stored in the user’s pocket, strapped to the user’s
arm with an armband or similar device, placed in a mounting
device, or otherwise positioned within communicable range
of the wearable device 100.

[0088] The companion device 300 may include a variety
of sensors, such as location and motion sensors (not shown).
When the companion device 300 may be optionally avail-
able for communication with the wearable device 100, the
wearable device 100 may receive additional data from the
companion device 300 to improve or supplement its cali-
bration or calorimetry processes. For example, in some
embodiments, the wearable device 100 may not include a
GPS sensor as opposed to an alternative embodiment in
which the wearable device 100 may include a GPS sensor.
In the case where the wearable device 100 may not include
a GPS sensor, a GPS sensor of the companion device 300
may collect GPS location information, and the wearable
device 100 may receive the GPS location information via
interface module 230 (FIG. 2) from the companion device
300.

[0089] In another example, the wearable device 100 may
not include an altimeter or barometer, as opposed to an
alternative embodiment in which the wearable device 100
may include an altimeter or barometer. In the case where the
wearable device 100 may not include an altimeter or barom-
eter, an altimeter or barometer of the companion device 300
may collect altitude or relative altitude information, and the
wearable device 100 may receive the altitude or relative
altitude information via interface module 230 (FIG. 2) from
the companion device 300.

[0090] In another example, the wearable device 100 may
receive motion data from the companion device 300. The
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wearable device 100 may compare the motion data from the
companion device 300 with motion data from the motion
sensing module 210 of the wearable device 100. Motion data
such as accelerometer or gyroscope data may be filtered (e.g.
by a high-pass, low-pass, band-pass, or band-stop filter) in
order to improve the quality of motion data. For example, a
low-pass filter may be used to remove vibrations such as
those caused by a surface a wheelchair is rolling across.
[0091] The wearable device may use motion data to pre-
dict a user’s activity. Examples of activities may include, but
are not limited to, pushing a wheelchair, running, cycling,
rowing, etc. The wearable device may also interpret the
motion data to map aspects of the activity such as push or
stroke count. The wearable device may use a variety of
motion data, including, in some embodiments, motion data
from a companion device. The wearable device may use a
variety of heuristics, algorithms, or other techniques to
predict the user’s activity.

[0092] In one embodiment of the disclosure, a method is
presented to estimate the push count for wheel chair users
using accelerometers in a wrist-worn wearable device. Other
motion sensors can also be used. The terms “stroke” and
“push” are used interchangeably herein with respect to a
wheelchair user.

[0093] FIGS. 4A-4D illustrate four typical patterns of
motion for a wheel chair user pushing their wheelchair. FIG.
4A illustrates the arc pattern, using a short arc motion, which
a wheel chair user might use for smaller motions or to hold
space when the surface is not level. FIG. 4B illustrates the
semi-circular pattern, which might be used when somewhat
more motion is required, or by users who find it more
comfortable than an arc pattern. F1G. 4C illustrates a single
loop pattern and FIG. 4D illustrates a double loop pattern,
both of which are typically used for more powerful move-
ments. In each pattern, the dashed line represents the period
of time during which the user’s hand is on the rim of the
wheelchair applying force to it, while the dotted line repre-
sents the path the user’s hand takes in resetting to a starting
position. Arrows indicate the direction of travel of the hand.
The two solid arcs represent the pushrim and wheel rim for
a wheel of a wheelchair. In each of FIGS. 4A-4D, the
wheelchair is being propelled towards the right of the figure.
[0094] FIGS. 5A-5D illustrate X and Y motion data taken
during a sequence of pushes using each of the four patterns
illustrated in FIGS. 4A-4D. In each figure, the solid line
indicates X axis motion data, while the dashed line indicates
Y axis motion data. As the accelerometer axes are based on
the positioning of the wearable device, which may rotate
with the user’s wrist during pushing a wheelchair, they do
not align perfectly to the wheelchair axes throughout the
pushing motion.

[0095] For example, if a user is sitting upright and pushes
the wheels at their top portion using a short arc pattern, then
the Y axis aligns primarily to the direction of forward
motion, with the X axis aligned in the direction of gravity
and the Z axis aligned with the axle of the wheel. In another
case, if a user leans forward and pushes the wheels on the
front of the wheel using a single loop pattern, then the X axis
is aligned with the direction of forward motion, with the Y
axis perpendicular to that direction and the 7 axis aligned
with the axle of the wheel.

[0096] The angle of a user’s arm with respect to the
horizon can be estimated using known techniques, such as
those disclosed in U.S. patent application Ser. No. 14/501,
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930, entitled “Method and System to estimate day-long
calorie expenditure based on posture,” which is hereby
incorporated by reference in its entirety.

[0097] The X and Y motion data can be used to detect
pushes by a wheelchair user. However, simple methods such
as counting peaks in the motion data do not function well.
Some pushes do not generate a single strong peak, while
others may generate multiple peaks. Peak detectors will thus
miss some pushes and double or triple count other pushes.
In order to avoid this, the data needs to be appropriately
filtered. However, the filter should maintain the stroke
signals while removing noise from the motion data.

[0098] FIG. 6 illustrates a method 600 of detecting and
counting pushes by a wheelchair user. In step 601, motion
data is collected and possible push detection is performed. In
the present disclosure, a push is said to be “possible” if one
or more conditions are detected that increase the likelihood
that a push is occurring. Thus, step 601 may determine
probabilistically or heuristically whether pushing is occur-
ring at the current time. If pushing is possible, the push
counter operations of steps 602, 603, and 604 are used.
Following the push detector, the dominant axis may be
selected in step 602, which maximizes the input signal-to-
noise ratio to the push counter. In step 603, an intelligent
filter bank is used to filter accelerometer signals, such as the
accelerometer signal for the dominant axis. Other motion
sensor signals can also be collected and filtered. In step 604,
a zero-crossing counter is used to detect and count the
number of pushes.

[0099] FIG. 7 illustrates a method 700 of detecting the
likelihood that a push may be occurring, as in step 601 of
FIG. 6. In step 701, motion data is collected from an
accelerometer or other motion sensor located on an append-
age of the user, such as the user’s wrist or arm. In an
exemplary embodiment, the accelerometer or other motion
sensor is located on the user’s wrist. In step 702, the pose
angle of the user’s arm is determined. Pose angle is defined
as the angle between the forearm and the horizon, and may
be computed in real-time using a 50 Hz accelerometer signal
as described in U.S. patent application Ser. No. 14/501,930,
entitled “Method and System to estimate day-long calorie
expenditure based on posture.” Typically, the pose angle is
negative when pushing because the user’s forearm must be
below the horizon to push effectively. The determined pose
angle is then compared to a pose angle threshold in step 703.
In addition to pose angle detection, during a push total
energy is typically high. In step 704, the energy per epoch
of time is calculated. In some embodiments, the calculated
energy is based on a time epoch of about 5.12 seconds. In
step 705, the calculated energy is compared to an energy
threshold. If the determined pose angle is less than the pose
angle threshold and the calculated energy is greater than the
energy threshold, a push may be occurring. By only opet-
ating the push counter when the push detection method 700
indicates a push may be occurring, erroneous push detec-
tions and spurious input affecting the push counter filter can
be avoided, thereby reducing the number of false positive
detections.

[0100] In some embodiments, dominant axis selection as
in step 602 of FIG. 6 is performed when the push detection
method of FIG. 7 indicates a push may be occurring.
Dominant axis selection ensures that the accelerometer axis
with the strongest signal (e.g., the X-axis) is the only axis
filtered. Dominant axis selection may be required because in
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many cases there is more motion energy in one axis than the
others. For example, an upright user pushing the wheels in
a short arc pattern will have more energy in the Y-axis, while
a user leaning forward and pushing in a single loop pattern
will have more energy in the X-axis. By selecting the
dominant axis for filtering, the input signal-to-noise ratio to
the push counter can be maximized, ensuring accurate push
counts. To select a dominant axis, the motion energy for each
axis is calculated and the axis with the most energy is
selected. In some embodiments, hysteresis is employed to
prevent rapid switching between axes.

[0101] Referring to FIGS. 8 and 9, different users may
exhibit different pose angles and/or expend different
amounts of energy per epoch time when pushing a wheel-
chair. Using the same pose angle threshold and/or energy
threshold for all users can result in false push detections for
some users, and missed push detections for other users.
Accordingly, in some embodiments of the present disclo-
sure, the pose angle threshold and/or energy threshold may
be determined using an adaptive process that accommodates
user differences. A push detection method (e.g., method 700
of FIG. 7) can utilize the adaptive, per-user thresholds to
improve the accuracy of push detection.

[0102] FIG. 8 is a graph 800 illustrating, for several
wheelchair users, a range of pose angles determined when
the user is known to be pushing (“true” pushes), and a range
of pose angles determined when the user is known to be not
pushing (“false” pushes). For example, for a given user 801,
box 802 and whiskers 803, 804 indicate a range of pose
angles determined when the user was known to be pushing,
whereas box 805 and whiskers 806, 807 indicate a range of
pose determined when the user was known to not be
pushing.

[0103] As can be seen in FIG. 8, the range of true and false
push pose angles may substantially overlap for some users.
When establishing a per-user pose angle threshold, it may be
useful to exclude pose angles that are statistically insignifi-
cant using percentiles or another statistical technique. For
example, the bottom of box 802 may correspond to the 1st
percentile of true-push pose angles for user 801, and the top
of box 805 may correspond to the 99th percent of false-push
pose angles for user 801. As can be seen in FIG. 8, for some
users, excluding true-push pose angles below the 1st pet-
centile and excluding false-push pose angles above the 99th
percentile may reduce (or even eliminate) the overlap
between those ranges. Accordingly, in some embodiments,
the Ist percentile of true-push pose angles determined for a
wheelchair user may be used to establish the pose angle
threshold for that user. For example, as indicated by line
808, a pose angle threshold of about -57 degrees may be
established for user 801.

[0104] A similar technique may be used to establish a
per-user energy threshold. However, whereas the 1st per-
centile of true-push pose angles may be used to establish a
user’s pose angle threshold, according to some embodiments
the 99th percentile may be used to establish the user’s
energy threshold. In some embodiments, other percentiles
may be used to establish a user’s pose angle threshold and/or
energy threshold.

[0105] FIG. 9 illustrates a method 900 for adaptively
determining pose angle and energy thresholds for a wheel-
chair user, according to some embodiments of the present
disclosure. Step 901 determines if a push is likely occurring
based on a determined pose angle, a pose angle threshold, a
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calculated energy, and an energy threshold, as in method 700
of FIG. 7. The pose angle and energy thresholds used in step
901 (referred to as the “current” thresholds) may be initial-
ized to pre-determined values and updated over time using
the adaptive process described herein. In one embodiment,
the current pose angle may be initialized to zero, as illus-
trated by line 809 in FIG. 8. In step 902, the number of push
detections since a last epoch of time may be counted and
used to calculate a push rate.

[0106] In step 903, a determination is made as to whether
the user is actually pushing. This determination can be made
using one or more criteria. In some embodiments, the user
is determined to be pushing if the push rate (from step 902)
is consistent over a pre-determined time interval (e.g., the
last X seconds). For example, the current push rate may be
compared against one or more previously calculated push
rates to determine if the push rate has remained constant
within some margin of error. In some embodiments, the user
is determined to be pushing if the user’s speed is greater than
a minimum speed threshold (e.g., >0 m/s). In some embodi-
ments, the user’s speed is determined using a GPS sensor
within the wearable device. [Inventors: Are there other
techniques you could use to determine if the user is actually
pushing?]

[0107] Ifitis determined that the user is actually pushing
(i.e., a “true” push is occurring), then, in step 904, the
determined pose angle and calculated energy may be stored
(e.g., within a memory of the wearable device). In some
embodiments, these values may be written to a buffer. In
some embodiments, the buffer may be a managed as a
fixed-size, first-in first-out (FIFO) queuve, wherein older
values may be removed from the buffer when new values are
added.

[0108] Instep 905, a candidate pose angle threshold and a
candidate energy threshold may be calculated based on
stored pose angles and calculated energies. In some embodi-
ments, the candidate pose angle threshold may calculated as
the 1st percentile of stored pose angles, and the candidate
energy threshold may be calculated as the 99th percentile of
stored calculated energies. In some embodiments, the per-
centiles may be calculated over all values stored for the user
(e.g., all values within a buffer). In other embodiments, the
percentiles may be calculated over a subset of the user’s
stored values (e.g., the most recent N values).

[0109] In step 906, a new pose angle threshold and a new
energy threshold may be calculated based on the respective
candidate thresholds. The push detector 901 may update its
current pose angle and energy thresholds based on these new
calculated values. In some embodiments, the method 900
may be repeated periodically (e.g., about every 2.5 seconds).
[0110] In some embodiments, the new pose angle thresh-
old (new,,,) is calculated as:

NeW,,, =Py, candidate, +(1-p,,)-current,, (1)

where current,,, is the current pose angle threshold, candi-
date,, is the candidate pose angle threshold, and p,, is a
pre-determined constant between zero and one.

[0111] In some embodiments, the new energy threshold
(new,) is calculated as:

new,=p_candidate +(1-p_)-current, (2)

where current, is the current energy threshold, candidate, is
the candidate energy threshold, and p, is a pre-determined
constant between zero and one.
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[0112] Tt will be appreciated that equations (1) and (2)
shown above are types of low-pass filters that may be useful
for preventing the pose angle and energy thresholds from
changing too rapidly. The rate of change of the thresholds
may be controlled by adjusting the respective filter coeffi-
cients p,, and p,.

[0113] It is appreciated herein that a wheelchair user’s
pose angle and calculated energy may vary depending on
their push rate. To further improve the accuracy of push
detection, some embodiments of the present disclosure
group historical pose angle and energy data based on the
push rate at the time the data was collected or stored. In
some embodiments, multiple buffers of historic data may be
maintained, each buffer storing data for corresponding to a
discrete range or push rates. Accordingly, in steps 905 and
906, the candidate and new threshold values may be calcu-
lated over data collected/stored when the wheelchair user
was pushing at a rate similar to the current push rate (from
step 902).

[0114] FIG. 10 illustrates a method 1000 of intelligently
filtering the motion data to eliminate noise while maintain-
ing the signal representing individual pushes, as in step 603
of FIG. 6. Because pushing a wheelchair is typically a
rhythmic movement occurring at relatively consistent inter-
vals, frequency domain data can be useful in detecting
pushes. In one embodiment, the intelligent filter of the
disclosure is a low-pass filter with adjustable passband
width. In another embodiment, the intelligent filter is a bank
of low-pass filters with increasing passband widths, where
one of the filters in the bank of filters is selected to filter the
accelerometer signal. In another embodiment, the intelligent
filter is an adjustable bandpass filter with adjustable pass-
band cutoff frequencies and width. In step 1001, the push
signal is transformed to the frequency domain (e.g., by using
a FFT operation). In one embodiment, the FFT includes 256
frequency bins and operates at 50 Hz. In step 1002, the
fundamental frequency of pushing is determined. In one
embodiment, this is done by determining the FFT peak of the
lowest frequency that rises above a predetermined threshold
level of energy. In step 1003, the intelligent filter passband
is adjusted so as to pass the fundamental frequency detet-
mined in step 1002, but not to pass harmonics of the
fundamental frequency. In step 1004, the intelligent filter
filters the motion data and outputs a filtered accelerometer
signal.

[0115] In some circumstances, a user’s pushing may not
be rhythmic. For example, a user may change their push
frequency (e.g., going from 1 push every 2 seconds to 1 push
every 5 seconds). In these circumstances, as the push energy
is smeared across multiple frequencies, the FFT results may
again not contain a strong fundamental frequency and there
may be no single FFT peak that rises above the predeter-
mined threshold level. If a different fundamental frequency
detector is used, it may similarly fail to detect a fundamental
frequency. In such an instance, the adjustable intelligent
filter may be adjusted to a default state, or alternately a
separate default filter may be used. This filter is then applied
to the motion data and the method continues as described
above.

[0116] FIG. 11 illustrates a method 1100 of counting
pushes using filtered motion data as in step 604 of FIG. 6.
After filtering with the intelligent filter bank of method
1000, the output signal is roughly a sine wave representing
the push signal. In step 1101, the sine signal is fed to a zero
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crossing detector. In step 1102, the push count is incre-
mented based on detection of zero crossings. In one embodi-
ment, all zero crossings are detected and the push count is
equal to the number of zero crossings detected by the zero
crossing detector divided by two. In another embodiment,
the zero crossing detector only detects crossings in one
direction (e.g., from negative to positive) and the push count
is equal to the number of zero crossings detected by the zero
crossing detector.

[0117] FIG. 12 illustrates a method 1200 in which an
additional optional cross-checking step is performed. Steps
1201, 1202, and 1203 are the same as steps 601, 602, and
603. Step 1204 incorporates an additional cross-checking
function, in which the detection of a zero-crossing is cross-
checked using additional data. Cross-checking may be per-
formed by, for example, applying the same algorithm or an
alternative algorithm to detecting pushes on a different axis.
In one embodiment, the strongest axis is used as in the
embodiment of FIG. 6, but the second strongest axis is used
to generate a cross-checking signal. In one embodiment,
data from a companion device 300 is used to cross-check
push data to ensure that the motion is derived from the
wheelchair user’s arms, rather than overall motion of the
user. In step 1204, detections of a zero-crossing are cross-
checked using the cross-checking signal to verify push
detection.

[0118] FIG. 13 illustrates performance of aspects of the
present disclosure as applied to measured wheelchair user
data. Wheelchair users wore a wearable device for 257
workout sessions during which they repeatedly pushed the
wheelchair as part of the workout, for a total of about 30
pushes per session. An embodiment of the present disclosure
was applied to the data recorded during these workout
sessions and used to generate a push count estimate. The
estimated push count was compared to the actual push count,
and the error per session was used to generate the histogram
of FIG. 13. The mean push count error is 1% and the
standard deviation of the push count error is 9%.

[0119] Push detection as described in the present disclo-
sure can be utilized in numerous ways. For example, a push
counter can be used to improve estimates of calories
expended by the wearer of a wearable device. By estimating
the calories expended in a given push, the number of pushes
can be used to generate an estimate of caloric expenditure by
the user. Alternately, the number of pushes in a minute can
be determined, and if the number of pushes exceeds a certain
threshold, the minute can be determined to be an “exercise
minute” as tracked by some wearable devices. Similarly, if
tracking is of rowing strokes, push-ups, or other similar
repetitive arm motions, similar estimates of caloric expen-
diture or exercise minutes can be determined.

[0120] Referring to FIGS. 14-22, the present disclosure
also describes a wearable device that may be configured to
detect when a user who is pushing a wheelchair is on a ramp.
Wheelchair users may navigate up and down ramps and
other surfaces with gradual inclines as part of their daily
routine. For example, ramps may replace stairs or other
ways to gain or lose elevation. Moving up in elevation
requires significant additional work to overcome the force of
gravity, which is reflected by an increase in caloric expen-
diture. Detecting changes in elevation is needed to accu-
rately and consistently characterize caloric expenditure over
the course of a day. While a barometric sensor, as present in
many smartphones, can detect gross changes in elevation,
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the typical changes in elevation for ramps are within the
sensor error range for a barometric sensor, and measure-
ments tend to drift over time. For example, barometric
measurements change due to temperature changes or due to
where the sensor is placed (e.g., in a pocket or bag).

[0121] FIG. 14 illustrates a ramp for use with wheelchairs
as an example of various ramp grades to be detected in
accordance with an embodiment of the present disclosure.
The ramp starts as a zero grade flat surface 1401, becomes
a low ramp of approximately two degrees angle 1402, an
additional zero grade flat surface 1403, and then a high ramp
of approximately 4.8 degrees angle 1404. The dashed lines
mark the points at which the grade transitions. A high ramp
is approximately as steep as the maximum ramp allowed in
new construction by the Americans with Disabilities Act
(i.e., a 1" rise for every 12" of length, yielding a 4.8 degree
ramp angle or an 8.3% ramp grade.) Different ramp angles
require different amounts of effort. Additionally, different
ramp angles can present different challenges in detection of
a ramp, as the change in elevation and resulting change in
effort varies.

[0122] FIG. 15 illustrates an example of motion through a
wheelchair push stroke, showing pose angle against the
horizon. Pose angle is defined as the angle between the
wearer’s arm and the horizon. Pose angle may be estimated,
for example, by determining an arm angle using motion data
and determining the direction of gravity using motion data,
and thereby estimating the pose angle, as described in U.S.
patent application Ser. No. 14/501,930, entitled “Method
and System to estimate day-long calorie expenditure based
on posture,” which is hereby incorporated by reference in its
entirety. As the accelerometer axes are based on the posi-
tioning of the wearable device, which may rotate with the
user’s wrist during pushing a wheelchair, they do not align
perfectly to the wheelchair axes throughout the pushing
motion, and pose angle may be a more relevant measure of
the arm’s current position. For example, if a user is sitting
upright and pushes the wheels at their top portion using a
short arc pattern, then the Y axis aligns primarily to the
direction of forward motion, with the X axis aligned in the
direction of gravity and the Z axis aligned with the axle of
the wheel. In another case, if a user leans forward and pushes
the wheels on the front of the wheel using a single loop
pattern, then the X axis is aligned with the direction of
forward motion, with the Y axis perpendicular to that
direction and the Z axis aligned with the axle of the wheel.

[0123] In position 1501, the user’s arm is extended
straight forward from the elbow, forming a 0 degree angle
with the horizon. The X axis is pointed towards the horizon,
the Y axis is pointed vertically up, and the 7 axis is pointed
out of the page. In position 1502, the user’s arm has rotated
so that it is pointed straight down from the elbow, forming
a negative 90 degree angle with the horizon. The X axis is
now pointed vertically down, the Y axis is pointed at the
horizon, and the 7 axis remains pointed out of the page. In
position 1503, the arm has swung even further, extending
down at an angle past straight down, forming an angle
greater than negative 90 degrees with the horizon. The X
axis is pointed along the user’s arm (i.e., at a greater than
negative 90 degree angle from the horizon), the Y axis is
perpendicular to that along the plane of the page (i.e., at a
negative angle with the horizon but of less than 90 degrees)
and the 7 axis remains pointed out of the page.
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[0124] In one embodiment of the disclosure, a method is
presented to estimate whether a wheelchair user is on a ramp
based on motion data as well as optionally based on addi-
tional data such as barometric pressure, GPS signals, heart
rate, and/or other signals.

[0125] FIG. 16 illustrates a fusion of sensor data sources
to detect ramps in accordance with an embodiment of the
present disclosure. Sources and data streams may be
optional or unreliably present, which is represented by the
use of italics and dotted lines. Source 1601 produces 3-axis
motion data, providing X, Y, and Z acceleration data. Source
1602 produces 3-axis gyroscope data, providing X, Y, and 7
rotational information. Source 1603 measures barometric
pressure. Source 1604 produces GPS data. Source 1605
measures heart rate data. Each of these sources may be
determined by a sensor on a wearable device such as a
watch, a sensor on a companion device such as a phone, or
by sensors on both the wearable device and the companion
device.

[0126] Sources 1601 and 1602, from the wearable device
and/or the companion device, may be used in combination
via device sensor fusion 1606 to produce a stream of sensor
data. This data may be processed via a sensor processing
method 1607 to provide information such as motion energy
(e.g., energy in the 0.2 to 4.5 Hz band), push rate of the
wheelchair user, and pose angle of the wearable device.
These techniques are described herein in conjunction with
FIGS. 1-13 and U.S. patent application Ser. No. 14/501,930,
entitled “Method and System to estimate day-long calorie
expenditure based on posture,” which are hereby incorpo-
rated by reference in their entireties. Sources 1603 and 1604
may be integrated into an elevation detection method 1608
which produces elevation information.

[0127] The motion energy, push rate, and pose angle
produced by sensor processing method 1607, combined with
elevation information produced by elevation detection
method 1608 and heart rate from a heart rate sensor 1605,
may all be used in ramp detection method 1609, which
results in a determination of whether the wheelchair user is
on a ramp. As elevation and heart rate information may not
always be available, or may be expensive in terms of power
required compared to motion data, elevation and heart rate
information may not be used, or may be used less frequently.
The use of motion energy, push rate, and pose angle is
described in more detail below. Elevation information may
be used directly to detect change in elevation due to tra-
versing a ramp, or to refine or cross-check the results of the
ramp detection algorithm. Heart rate information may be
used to refine or cross-check the results of the ramp detec-
tion algorithm, for example by detecting the increased heart
rate due to the higher effort required to traverse a ramp. In
some embodiments, the ramp detection method 1609 may
also result in a determination of approximate ramp angle.
[0128] FIG. 17 illustrates a decision tree classifier 1700
that may be used to detect ramps in accordance with an
embodiment of the present disclosure. In decision 1701, it is
determined if a push rate (e.g., a push rate determined using
techniques described herein in conjunction with FIGS. 1-13
or as determined by zero-crossing rate in the Y axis) is above
or below a first push rate threshold. If it is below the
threshold, decision 1702 may be selected, while if it is above
or equal to the threshold, decision 1703 may be selected.
[0129] In decision 1702, it is determined if the X axis
energy or a portion of the X axis energy (for example, the
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energy contained in the accelerometer signal in the fre-
quency band from 0.2 to 4.5 Hz) is above or below a first
energy threshold. If it is below the threshold, decision 1704
may be selected, while if it is above or equal to the threshold,
the surface may be determined to be flat.

[0130] In decision 1703, it is determined if the X axis
energy or a portion of the X axis energy is above or below
a second energy threshold. In some embodiments of the
present disclosure, the first and second energy thresholds are
different from one another. If it is below the threshold,
decision 1705 may be selected, while if it is above or equal
to the threshold, the surface may be determined to be a ramp.
[0131] In decision 1704, it is determined if the mean pose
angle on the 7 axis is above or below a pose angle threshold.
If it is below the threshold, the surface may be determined
to be a ramp, while if it is above or equal to the threshold,
the surface may be determined to be flat.

[0132] In decision 1705, it is determined if a push rate is
above or below a second push rate threshold. In some
embodiments of the present disclosure, the first and second
push rate thresholds are different from one another. If it is
below the threshold, the surface may be determined to be
flat, while if it is above or equal to the threshold, the surface
may be determined to be a ramp.

[0133] Using this decision tree, a determination may be
made as to whether the surface is flat or a ramp. In one
embodiment of the present disclosure, the first push rate
threshold is about 0.169922 pushes per second. In one
embodiment of the present disclosure, the first energy
threshold is about 11.9083 in magnitude. In one embodiment
of the present disclosure, the second energy threshold is
about 21.8434 in magnitude. In one embodiment of the
present disclosure, the pose angle threshold is about -93.
2824 degrees. In one embodiment of the present disclosure,
the second push rate threshold is about 0.208984 pushes per
second. While the thresholds described above may provide
a reasonable approximation across many users, they may
also be adjusted on a per-person basis, adaptively or using
calibration data, in order to provide more accurate ramp
detection, as further described below.

[0134] FIG. 18 illustrates a method 1800 of employing the
decision tree classifier of FIG. 17 in accordance with an
embodiment of the present disclosure. In step 1801, motion
data is measured or otherwise collected. In step 1802, the
motion data is used to perform the decision tree of FIG. 17.
In step 1803, ramp classification is output. In step 1804, the
ramp classification is filtered over successive measurements
to improve accuracy. In one embodiment, the filtering is
performed using a windowing filter. In some embodiments,
the windowing filter has an odd number of points in the
window. In a particular embodiment, the windowing filter is
a 3-point window. In a 3-point window, the ramp/flat detet-
mination in each of the three points within the window (the
most recent decision, the prior decision, and the decision
prior to that) are examined and the majority determination is
output. In step 1805, the decision according to the output of
the smoothing filter of step 1804 is output for use in a caloric
expenditure estimation subsystem.

[0135] FIGS. 19A-19D illustrate the improvement in ramp
detection seen using filtering or smoothing of the decision
across multiple epochs of time in accordance with an
embodiment of the present disclosure. FIG. 18 illustrates an
embodiment in which this type of filtering is performed. In
each of FIGS. 19A-19D, the real-world performance of an
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embodiment of the present disclosure is presented. Fach bar
represents the classification accuracy across for a particular
individual, with a more accurate prediction being repre-
sented by a higher bar. The performance is sorted from
individuals for whom the classifier performs best down to
individuals for whom the classifier performs worst. A perfect
classifier would produce full-height bars for all individuals.
[0136] FIG. 19A illustrates the performance of the classi-
fier when applied to users on a high ramp without any
smoothing filter. FIG. 19B illustrates the performance of the
classifier when applied to the same user data from users on
a high ramp, but incorporating a 3-point window filter.
Performance is significantly improved in FIG. 19B, with 12
users having been classified with 100% accuracy. instead of
only 2 users with 100% accuracy in FIG. 19A.

[0137] Similarly, FIGS. 19C and 19D illustrate the per-
formance of the classifier when applied to users on a low
ramp without any smoothing filter and then with a smooth-
ing filter. Again, performance improves significantly with
the application of the smoothing filter. In FIG. 19C, no users
are perfectly classified. After smoothing is applied, FIG.
19D shows that 10 users are perfectly classified.

[0138] FIG. 20 illustrates a method 2000 in which thresh-
olds are adjusted on a per-person basis to improve the
accuracy of an embodiment of the present disclosure. In step
2001, motion data is measured or collected. In step 2002,
thresholds calibrated to the user’s particular characteristics
are obtained. In some embodiments, the thresholds are
obtained adaptively during operation. In other embodiments,
the thresholds are loaded from storage where previously
obtained calibrated thresholds have been stored, such as in
flash memory or on a remote server. In step 2003, the
calibrated thresholds replace the first and second push rate
thresholds, the first and second energy thresholds, and the
pose angle threshold described above with respect to FIG.
17. In step 2004, the decision tree of FIG. 17 is performed
with the updated thresholds. In step 2005, the ramp classi-
fication is output, and in step 2006, the ramp classification
is run through a smoothing filter to produce an improved
ramp classification, as described above with respect to steps
1803 and 1804 of FIG. 18.

[0139] FIGS. 21A-22 illustrate performance of aspects of
the present disclosure as applied to measured wheelchair
user data over a 190 second period.

[0140] InFIG. 21A, raw motion magnitude data for a user
on each of 3 axes is presented.

[0141] In FIG. 21B, the motion data is used to determine
the number of pushes, as described herein in conjunction
with FIGS. 1-13. The number of epochs of time per push is
calculated and used as the measurement of zero crossings for
the decision tree classifier.

[0142] In FIG. 22, the output of the classifier is presented.
When the classifier detects a ramp, it outputs a high signal,
or ramp signal. When the classifier detects a flat, it outputs
a low signal, or flat signal. As shown in FIG. 22, for all but
one epoch of time during the period in which the user is
traveling up the ramp, the classifier outputs a ramp signal,
and for all epochs of time during which the user is on a flat
surface, the classifier outputs a flat signal.

[0143] Ramp detection as described in the present disclo-
sure can be utilized in numerous ways. For example, ramp
detection can be used to improve estimates of calories
expended by the wearer of a wearable device. By estimating
the calories expended, and adjusting the estimate based on
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going up or down a ramp, the estimate of caloric expenditure
by the user can be improved. Alternately, if a user is pushing
energetically up a ramp, the presence of the ramp can be
used in determining whether to award an “exercise minute”
as tracked by some wearable devices.

[0144] Other sensor signals can be used to refine the
detection described above. For example, barometer or GPS
elevation data can be used to double-check ramp detection
by determining if the elevation data suggests a change in
elevation matching the detection of a ramp. Heart rate data
might be used as an additional verification by determining if
user heart rate elevates to show the increased effort of
traveling up a ramp. Pose angle limits compared to standard
pose angle limits might be used to provide a secondary
estimate of ramp angle. Each of these may be used in
combination with the others, or may be omitted, according
to the embodiment of the present disclosure.

[0145] Referring to FIGS. 23-27D, the present disclosure
also describes a wearable device that may be configured to
detect when a user is engaging in a transfer from or shift in
the wheelchair. Wheelchair users may face a risk of devel-
oping pressure sores and/or other skin issues because they sit
for prolonged periods of time and thus apply continual
pressure to certain areas of their bodies. An incidence of a
pressure sore or lesion can require a hospital stay or surgical
intervention. In addition to the physical trauma of the sore,
a pressure sore incident can trigger negative emotions in the
wheelchair user by reminding them of having to learn how
to use a wheelchair. It is typically medically recommended
that a wheelchair user periodically relieve this pressure. A
typical interval between pressure relief motions is 20 to 30
minutes and a typical amount of time during which the
pressure should be relieved is 30 to 60 seconds. When a
pressure relief motion is called for, various motions may be
used, such as shifting back and forth in the chair, performing
push-ups in the chair from the hand or from the elbow, or
transferring out of the chair and back in. A typical wheel-
chair user may perform 4 to 10 transfers per day.

[0146] Existing solutions to the problem of ensuring pres-
sure relief motions include simple timer reminders. How-
ever, while a simple timer can remind a wheelchair user that
they should perform a pressure relief motion, if the user has
already performed pressure relief motions they may be
irritated by the unnecessary reminder. Additionally, if the
user fails to properly reset the reminder, they may not
receive reminders to relieve pressure, which may result in a
pressure sore.

[0147] FIG. 15 illustrates a user’s arm in various orienta-
tions. The X and Y axes, as measured by one or more
accelerometers in the wearable device, are illustrated for
each orientation. The Z-axis, as measured by one or more
accelerometers in the wearable device, is pointed out of the
page for all orientations shown. Motion data from a wear-
able device located on the user’s arm may be collected
periodically. In one embodiment, the motion data is col-
lected at a 100 Hz sampling rate. The sampled motion data
may be windowed into epochs using a fixed or sliding
window approach. In one embodiment, a fixed window of
about 2.56 seconds is used to divide the data into epochs,
such that 256 samples are part of each epoch.

[0148] As described above, it is desirable to be able to
detect when a user of a wearable device is performing or has
completed a shift or transfer motion. Motion data can be
used to derive two types of signal features of particular
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interest in detecting a shift or transfer. First, as described in
U.S. patent application Ser. No. 14/501,930, entitled
“Method and System to estimate day-long calorie expendi-
ture based on posture” and incorporated herein by reference
in its entirety, pose angles may be determined. In one
embodiment, an X-pose angle and a Z-pose angle are
determined. The X-pose angle is defined as the angle
between the X-axis of the wearable device and the horizon,
and may roughly correlate to the user’s elbow angle. The
Z-pose angle is defined as the angle between the Z-axis of
the wearable device and the inertial Z-axis (i.e., the vertical
upwards axis determined by the direction of gravity), and is
roughly correlated to wrist rotation. Second, raw motion
data may contain features of interest. In one embodiment,
the amount of energy in the X-axis is a feature. In some
embodiments, the energy is only measured within a certain
frequency band of the X-axis motion data. In one embodi-
ment, the frequency band of interest is from 0.2 to 4.5 Hz.
In one embodiment, relative motion between the X, Y, and
7 axes is a feature (i.e., the difference in motions between
the axes is detected). In other embodiments, preparatory
actions or the actual transfer may trigger features in raw
motion data, such as high-frequency motions that correlate
with clasping the chair tightly to prepare to lift, or tremor in
the hand and wrist while supporting the wearer’s weight
during a shift or transfer.

[0149] FIG. 23 illustrates a method 2300 for detecting
shifts or transfers. In step 2301, motion data is collected. In
step 2302, the motion data is processed to extract signal
features of interest. In step 2303, the features are used to
classify the current state using a decision tree classifier. In
such a decision tree classifier, one or more of the features
may be used with one or more corresponding thresholds to
produce a classification of current state. In step 2304,
additional data is collected, which may be used to provide
additional information regarding shifts and transfers or to
cross-check the data derived from motion data. In step 2305,
the detection method outputs a detection decision to a state
machine, as shown in FIG. 25.

[0150] FIG. 24 illustrates a decision tree 2400, which may
be used to perform step 2303 of the embodiment of the
present disclosure described in FIG. 23. In step 2401, a first
feature is compared to a first threshold for a first feature and,
based on the comparison, either step 2402 or step 2403 may
be selected to be performed. In step 2402, a second feature
is compared to a first threshold for a second feature, and
based on the comparison either it may be detected that a shift
or transfer has occurred, or else a step 2404 may be selected
for performance. Similarly, in step 2403, a second feature is
compared to a second threshold for a second feature, and
based on the comparison either it may be determined that a
shift or transfer has occurred, or else a step 2405 may be
selected for performance. In step 2404, a third feature is
compared to a first threshold for a third feature, and based
on the comparison either it may be detected that a shift or
transfer has occurred or not occurred, while in step 2405 a
first feature is compared to a second threshold for the first
feature and, based on the comparison, either it may be
detected that a shift or transfer has occurred or not occurred.
[0151] While described in the context of a three-level tree,
a person of ordinary skill in the art would understand that a
tree of fewer or more levels may be used for detection, from
as few as two levels to as many levels as are desirable for
accuracy of classification and sufficient performance. In one
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embodiment of the present disclosure, a first feature is the
X-pose angle per epoch, and a second feature is the change
in Z-pose angle per epoch. A first threshold for a first feature
of this embodiment is an angle of -40 degrees. A first
threshold for a second feature of this embodiment is 20
degrees. In this embodiment, a two-level decision tree is
used, first examining X-pose angle, then either determining
non-shift or examining Z-pose angle to determine shift or
non-shift.

[0152] Further, while the above-described embodiment
detects when a shift has occurred and outputs a determina-
tion of either no shift or shifi, in another embodiment,
multiple decision trees may be utilized, with the specific
decision tree being used changing depending on the current
state. A first tree, used from an idle state, may output either
that it has detected that a shift or transfer may be beginning,
or that there has been no detection of the start of a shift or
transfer. A second tree, used from a state where a start of
transfer has been detected, may output either that a shift or
transfer has completed, that a shift or transfer has not yet
completed, and (optionally) that the start of shift/transfer
previously detected was a false positive.

[0153] FIG. 25 illustrates a state machine 2500 used in one
embodiment of the present invention for detection of shifts
and transfers, as well as for reminding a user to engage in
such motions. In state 2510, the user has performed a shift
or transfer in the past and the reminder timer until the next
shift or transfer is counting. A first decision tree, used to
detect the start of a shift or transfer, is periodically used. In
an embodiment of the present disclosure, the decision tree is
used once per epoch. In an embodiment, each epoch lasts
about 2.56 seconds. State transition 2511 is triggered when
the reminder timer expires and the system transitions to the
reminder state 2520. State transition 2512 is triggered when
a first decision tree detects a start of shift or transfer, and the
system transitions to state 2530. State transition 2513 occurs
when a first decision tree does not detect a start of shift or
transfer, and the system remains in state 2510.

[0154] Insome embodiments, secondary data sources may
also trigger a state transition (not shown) to state 2530. For
example, information that correlates to an imminent shift or
transfer, such as the connection or disconnection of a user’s
device from a Bluetooth receiver associated with shifts (e.g.,
a Bluetooth receiver in a vehicle), the user arriving at a
geographic location where transfers typically occur such as
an office, gym, or bathroom, or the detection of a user
stopping driving may be used in detecting the start of shift
state. Additionally, information such as sudden pressure
changes in a companion device’s barometric sensor may
also be used to inform start of transfer, as a companion
device is frequently placed in a rear pants pocket or under a
user’s leg, such that lifting the legs of the user changes the
barometric pressure detected by the device.

[0155] In state 2520, a shift or transition reminder state is
occurring. A reminder to the user is triggered. The reminder
may be audible, visual, haptic, an electronic message, and/or
any other reminder that the user may perceive. In one
embodiment, the system transitions back to state 2510 via
state transition 2521 after the reminder is triggered. In
another embodiment, the system transitions back to state
2510 via state transition 2522 only after the user acknowl-
edges the reminder.

[0156] In state 2530, a shift or transfer start state has been
detected. When arriving in this state, a time-out timer may
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be initialized to prevent failures in which the device
becomes stuck in state 2530. A second decision tree, used to
detect the completion of a shift or transfer, is periodically
used. In an embodiment of the present disclosure, the
decision tree is used once per epoch. In an embodiment, each
epoch lasts about 2.56 seconds. State transition 2531 is
triggered when the second decision tree detects a completion
of shift or transfer, and the device transitions to completion
state 2540. State transition 2532 is triggered when the
second decision tree detects the transfer or shift has not yet
completed, and the device remains in state 2530. State
transition 2533 is triggered if the time-out timer expires
without detection of completion. The device transitions back
to state 2510. In another embodiment, the second decision
tree may also detect that a false positive detection occurred,
in which case the device will also transition back to state
2510.

[0157] In state 2540, a shift or transfer completion has
been detected. The reminder timer is reset automatically to
the recommended time between transfers, such as a 20
minute timer, and the device transitions back to state 2510
via state transition 2541.

[0158] In afurther embodiment, an additional preparing to
shift state is used between the idle state 2510 and the start
state 2530. In this state, information indicating a shift may
be about to begin (e.g., features of interest as described
above, motion data such as high frequency tremor from
clasping the chair arms, state information such as Bluetooth
connection or disconnection from a car, and geolocation
information) is used to trigger a transition from idle state to
a preparatory state. Once in the preparatory state, the first
decision tree is used to generate a transition to the start state
2530.

[0159] It should be appreciated that the techniques
described above allow can be used to provide “smart
reminders” to a wheelchair user that properly reminds the
user when the user has not performed a pressure relieving
motion, but do not repeatedly remind the user when the user
has already performed a pressure relief motion within the
appropriate window of time.

[0160] FIGS. 26A-26D illustrate data collected and pro-
cessed in accordance with an embodiment of the present
disclosure. FIG. 26A illustrates X, Y, and 7Z motion data
collected from a user’s wrist. FIG. 26B illustrates wheel-
chair wheel speed. This data is presented only for informa-
tional purposes, and is not generally collected in embodi-
ments of the present disclosure, although it may be collected
and used as a secondary data source if available (e.g., if a
wheel speed sensor is present on the wheelchair). FIG. 26C
illustrates the mean X-pose angle for a given epoch. The
shaded area in FIG. 26C represents the typical angles
associated with transfers. FIG. 26D illustrates the mean
Z-pose angle for a given epoch. During the time shown in
FIGS. 26A-26D, four transfers were performed—two from
a chair to a bed, and two from the bed back to the chair.
[0161] FIGS. 27A-27D similarly illustrate data collected
and processed in accordance with an embodiment of the
present disclosure. The data in FIGS. 27A-27D represent
data from a different user than that displayed in FIGS.
26A-26D. FIG. 27A illustrates X, Y, and Z motion data
collected from a user’s wrist. FIG. 27B illustrates wheel-
chair wheel speed. This data is presented only for informa-
tional purposes, and is not generally collected in embodi-
ments of the present disclosure, although it may be collected
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and used as a secondary data source if available (e.g., if a
wheel speed sensor is present on the wheelchair.) FIG. 27C
illustrates the mean X-pose angle for a given epoch. The
shaded area in FIG. 27C represents the typical angles
associated with transfers. FIG. 27D illustrates the mean
Z-pose angle for a given epoch. During the time shown in
FIGS. 27A-27D, four transfers were performed—two from
a chair to a bed, and two from the bed back to the chair.
[0162] Transfer and shift detection as described in the
present disclosure can be utilized in numerous ways, in
addition to the improved reminder system described above.
For example, transfer and shift detection can be used to
improve estimates of calories expended by the wearer of a
wearable device. A transfer or shift typically burns a sig-
nificant amount of calories compared to remaining seated in
the chair. As a result, by estimating the amount of calories
expended during a transfer or shift and allocating a caloric
expenditure of that magnitude each time the user performs
a transfer or shift, the estimate of calories expended by the
user can be improved. Alternately, if a user performs an
extended transfer or shift of sufficient duration, the user may
be awarded an “exercise minute” as tracked by some wear-
able devices.

[0163] Other sensor signals can be used to refine the
detection described above. Heart rate data might be used as
an additional verification by determining if user heart rate
elevates to show the increased effort of performing a transfer
or shift. Heart rate may be used in combination with the
other features of interest, or may be omitted, according to the
embodiment of the present disclosure.

[0164] Referring to FIGS. 28A-38, manual wheelchair
users propel their wheelchairs using a variety of different
arm movements. These movements can typically be classi-
fied into four overall patterns—the arc, semi-circular, single
loop, and double loop patterns. Each pattern consists of a
“push” phase, during which the user is expending significant
energy to move the chair, and a “return” phase, in which the
arm is reset so that another push phase can begin. These
patterns, in turn, correlate to various aspects of wheelchair
user fitness such as energy expenditure, fitness level, mobil-
ity, stroke technique (which may then correlate to rehabili-
tation level), and other fitness metrics. For example, the
single loop pattern is typically associated with more athletic
wheelchair users. The “push” phase correlates to overall
energy expenditure, since most energy is expended in this
phase, and the relative time spent in push versus return
phases correlates to terrain features such as ramp slope.
Thus, the stroke pattern and stroke phase may be used to aid
in caloric expenditure estimation, and may also be used to
help detect when a wheelchair push occurs to improve
wheelchair stroke detection such as that described herein in
conjunction with FIGS. 1-13 or ramp detection such as that
described herein in conjunction with FIGS. 14-21. For
example, shorter arc pattern strokes are characteristic of
traveling up a ramp.

[0165] FIG. 28A illustrates the directions of accelerometer
forces for a wrist-worn device 2801 on the right wrist 2802
for user of wheelchair 2800. The X axis, as illustrated, is
then the axis running horizontally across the display and
roughly aligned with the direction of the forearm, with the
positive X axis being towards the right elbow 2803 and right
shoulder 2804. The Y axis, as illustrated, is the axis running
vertically across the display, with the positive Y axis being
generally away from the center of the body. FIG. 28B
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illustrates the directions of accelerometer forces for a wrist-
worn device 2811 on the left wrist 2812. The X and Y axis
are similarly oriented with respect to the device itself;
however, because the device 2811 is located on the left wrist
2812 rather than the right wrist 2802, the sign of the X axis
is inverted with respect to the body—the positive X axis is
now oriented towards the left wrist 2812, rather than the left
elbow 2813 and left shoulder 2814.

[0166] FIGS. 29A-29C illustrate X and Y accelerometer
data taken during a sequence of pushes using the arc,
semicircular, and single loop patterns illustrated in FIGS.
4A-4C, according to aspects of the present disclosure. The
empty circles represent detected push phase, while the filled
circles represent return phase. FIG. 29A is accelerometer
data taken from an arc stroke type, FIG. 29B is data taken
from a semi-circular stroke type, and FIG. 29C is data taken
from a single loop stroke type.

[0167] The raw X, Y, and Z accelerometer is processed in
two phases. FIG. 30 illustrates a method 3000 for processing
accelerometer data to identify the push and return phases. In
step 3001, characteristic Y axis peaks are identified. In step
3002, adjacent zero crossings are identified. In step 3003, a
push phase length and a return phase length is determined.
In step 3004, peaks are classified as either push or return
peaks.

[0168] Instep 3001, based on a detected push rate (such as
arate detected as described herein in conjunction with FIGS.
1-13), the negative peaks in the Y axis having a separation
greater than that implied by the push rate are detected. For
example, if the detected push rate is | Hz, negative Y peaks
that are spaced within a window of around 1 second, or a
spacing substantially similar to 1 second, are identified. For
all stroke types, pushing motions are dominated by a strong
negative Y axis component as the user pushes their hands
forward and downward along the pushrim. The negative Y
axis peaks with separation greater than that implied by the
push rate thus generally correlate to the push phase motion
of the hands.

[0169] In step 3002, based on the identified negative Y
peaks, the Y axis zero crossings adjacent to the peak are
identified. The push phase is characterized by negative Y
motion, as described above. The points at which the negative
Y motion begins and ends thus represent the points at which
the push phase begins and ends. As a result, the zero crossing
where the Y accelerometer goes from positive Y motion to
negative Y motion approximately represents when the push-
ing motion was initiated and the zero crossing where the Y
accelerometer goes from negative Y motion to positive Y
motion approximately represents when the pushing motion
ceased.

[0170] 1In step 3003, based on the identified zero-cross-
ings, the boundaries of the push phase can be identified (as
well as calculation of the time spent in push phase.) Any
peaks that are not part of the push phase are part of the return
phase, and the time between push phases also represents the
time spent in the return phase. In step 3004, the peaks are
identified and classified as push or return peaks. After
identifying the push and return phases, the signs of the peaks
in the return phase for the X and Y axis are identified.
[0171] FIG. 31 illustrates the characteristic return peak
signs for accelerometer data in the X, Y, and 7 axes for
right-handed or left-handed push and return phases for the
semicircular and single loop patterns. “RH” indicates that
the column relates to devices worn on the right wrist, and
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“LH” indicates that the column relates to devices worn on
the left wrist. The “SC” rows describe semi-circular strokes,
while the “SLOP” rows describe single loop strokes. For
each stroke type, the sequence of peak signs is indicated for
both push and return phases. For example, in a semi-circular
stroke type for a right wrist device, the push phase will show
a positive peak followed by a pair of negative peaks on the
X axis and a single negative peak in the Y axis. For the return
phase, the same stroke type will show a negative peak, then
a positive peak, then a weak negative peak in the X axis and
a weak negative peak, then a positive peak, then a negative
peak in the Y axis. For a left-wrist device, the X axis signs
invert but the Y axis signs remain the same. The Z axis data
is weaker and stroke classification may be performed suc-
cessfully without reference to the Z axis. Optionally, Z axis
data may be incorporated to refine stroke classification.

[0172] FIGS. 32A and 32B provide further details of the
sequence of accelerometer peak signs. FIG. 32A illustrates
the semi-circular pattern in additional detail, breaking it into
five separate segments. The wheelchair pushrim, wrist-worn
device, and arm are illustrated using dotted lines for refer-
ence. FIG. 32B shows illustrative accelerometer readings
during the same semi-circular push. In FIG. 32A, the push
phase is segmented into two sub-phases. In segment 3201,
the push is made along the pushrim towards the highest point
of the pushrim, generating a negative Y axis acceleration and
a positive X axis acceleration. Because gravity is aligned
with the X axis during this sub-phase, a positive X axis
acceleration is defined as an acceleration in the X axis
greater than the force of gravity (i.e., greater than -1 g or +1
g, depending on the wrist on which the device is worn.) In
segment 3202, the push is made forward and down along the
pushrim, delivering the primary motive force, along with
negative accelerations in both the X and Y axis. The return
phase is also segmented, but is segmented into three sub-
phases. In segment 3203, the return phase begins—the user
releases the pushrim and the arm begins to return towards
the back of the wheel, but continues to move downward
slightly, generating a negative X axis acceleration combined
with a positive Y axis acceleration. In segment 3204, the
user reaches the lowest hand position, and their hand and
arm begin to rise, generating a positive X axis acceleration
along with a continued positive Y axis acceleration. Finally,
in segment 3205, the user’s hand and arm begin to swing
forward and down towards gripping the pushrim, generating
negative acceleration in both X and Y axis. In FIG. 32B,
each segment is labeled with its corresponding identifier
3201, 3202, 3203, 3204, and 3205. X data is 3210, Y data is
3211, and 7 data is 3212.

[0173] FIG. 33 illustrates a method 3300 for identifying
stroke types in accordance with aspects of the present
disclosure. In step 3301, push phase classification (as
described above with respect to FIG. 30) is performed,
generating a classification of peaks. In step 3302, the signs
of the peaks are determined and the sequence of signs in the
return phase is determined. In step 3303, the sequence of
signs is classified to match it to a stroke type (e.g., by
identifying the appropriate sequence shown in FIG. 31.)
While FIG. 31 only illustrates sequences for semi-circular
and single loop stroke types, similar sequences can be
determined for arc and double loop stroke types. For
example, arc strokes tend to exhibit positive X and negative
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Y peaks during push, and then a strong positive Y peak with
a strong negative X peak followed by a weak positive X
peak during return.

[0174] As described above, step 3301 involves classifying
the stroke into push phase and return phase, and associating
accelerometer data peaks with the relevant phases. This may
be done using the method described in FIG. 30.

[0175] In step 3302, the signs of the peaks are determined
and the sequence of signs in the return phase is determined.
This may be done simply by looking for local maximum
values, using a simple threshold-based classifier in which
any peak above a certain magnitude is treated as a peak, or
more complex classifiers such as classifiers that look for
peaks of a certain amount above the surrounding values. In
a threshold classifier the threshold may be absolute, or
relative based on the peak magnitude detected in the given
phase or the filtered value of peak magnitudes detected in
some number of recent phases. Peak detection methods such
as automatic multi-scale peak detection (AMPD) can be
used to locate peaks of varying amplitudes. After identifying
peaks, each peak’s sign (positive or negative) is determined
and placed in sequence to generate a sign sequence such as
++-, —+, or similar.

[0176] Optionally, the peak classifiers described above for
use in step 3302 can be replaced with classifiers that look not
only at the sign but also the magnitude and distribution of
peaks, or with a classifier that examines the integral of one
or more axes of acceleration during various phases. For
example, this may be done in order to further enhance stroke
type detection. Semicircular and single loop stroke types
can, depending on the exact stroke mechanics of the user, be
difficult to distinguish solely based on accelerometer peak
signs. Detection can be enhanced by examining features,
such as by determining if the X magnitude was a sharp peak,
associated with single loop, or a more evenly divided energy
(potentially including two positive X peaks), associated with
semicircular strokes. In another example, the integral of X
energy during push phase can be taken and used for classi-
fication; the sign of the integrated data can be correlated to
a stroke type. For example, single loop strokes generally
spend more time in the return phase vs. the push phase as
compared to semicircular strokes. Correspondingly, the X
energy integral for single loop strokes will be less positive
(or may even be largely negative) compared to semicircular
strokes.

[0177] In step 3303, the sequence of signs is classified to
match it to a stroke type (e.g., by identifying the appropriate
sequence shown in FIG. 31.) The sequence of peak signs is
matched to the sequence which it most closely resembles.
This sequence determines the stroke type classification for
that particular stroke.

[0178] FIGS. 34A-34C illustrate the results of using accel-
erometer-gyro sensor fusion to detect three dimensional
paths. By measuring both acceleration and rotation using an
accelerometer and gyroscopic sensors, a 6-degree of free-
dom measurement can be made providing an accurate path
through 3-dimensional space. FIGS. 34A-34C illustrate the
three-dimensional paths through space, with the axes of the
graphic representing X, Y, and Z positions. In FIG. 34A, the
lighter points represent a semicircular stroke path, while
dark points illustrate an arc stroke path. In FIG. 34B, the
lighter points represent a single loop stroke path, while dark
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points illustrate an arc stroke path. In FIG. 34C, the lighter
points represent a double loop stroke path, while dark points
illustrate an arc stroke path.

[0179] This path can then be classified to a stroke type by
examining the actual path taken and determining which
stroke type it most closely resembles (for example, by
selecting the stroke type which has a minimum error
between the measured path and the ideal for that stroke type,
or by selecting the stroke type which has a minimum error
between a distance-normalized measured path and a nor-
malized ideal for each stroke type.) This provides an alter-
native method for identifying stroke type. To separate and
classify these strokes, features of the 3D orbits are deter-
mined (e.g., angle of the stroke, pose angle or orientation of
the device through the orbit, or circularity of motion). As
gyro measurements tend to require significant battery con-
sumption compared to accelerometer-only measurements,
this method may also be used periodically to refine or correct
accelerometer-only estimates or in other ways that are not
constant, rather than being used on a stroke-by-stroke basis.
Optionally, a magnetometer may be further incorporated to
improve the 3D path accuracy.

[0180] FIG. 35 illustrates another method 3500 for iden-
tifying stroke type using three dimensional path data in
accordance with aspects of the present disclosure. In step
3501, accelerometer and gyroscopic data are measured. In
step 3502, the accelerometer and gyro data are fused to
create a three-dimensional path in space. In step 3503, the
path is matched to a stroke type (e.g., using a minimum error
or normalized minimum error technique as described
above.)

[0181] FIG. 36 illustrates a method 3600 for using the
stroke type estimation to improve caloric expenditure esti-
mation. Fach stroke type has a different mechanical effi-
ciency. In other words, each associated set of motions for
each stroke type may be more or less efficient at converting
energy expenditure by the wheelchair user into wheelchair
motion. As an example, the arc stroke is less efficient than
the semicircular and single loop patterns. They may also
have associations with injury risk or athletic ability. For
example, the semicircular pattern is generally believed to be
less likely to result in injuries, while the single loop pattern
requires greater torso flexion and thus requires greater
mobility and energy expenditure to perform the stroke. In
step 3601, the stroke phase is detected as described above
with respect to FIG. 33. (An analogous procedure may be
employed with respect to the path data described in FIG. 34
and the technique described in FIG. 35, in which the portion
of the path along a pushrim is determined and detected as the
push phase and the remainder of the path is detected as the
return phase, allowing determination of time spent in push
and time spent in return phase.) In step 3602, the stroke type
is classified (e.g., using the stroke type classifier described
with respect to FIG. 33 or FIG. 35.) In step 3603, the stroke
phase detected in step 3601 and/or the stroke type deter-
mined in step 3602 is used to refine an estimate of caloric
expenditure for the stroke. For example, a shorter push
phase with a longer return phase is associated with more
energy expenditure during the push phase, as the higher
expenditure produces a longer coasting motion before the
user has to provide additional energy to maintain forward
motion. Based on the proportion of push vs. return time
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and/or the stroke type (which is associated with higher or
lower mechanical efficiency, as described above), a calorie
estimation may be refined.

[0182] FIGS. 37A and 37B illustrate the results of this
refinement. FIG. 37A is a calorie estimation error histogram
for wheelchair users on flat ground when a calorie estimate
is employed without a refinement such as that described with
respect to FIG. 36. FIG. 37B is a calorie estimation error
histogram for the same situation when a calorie estimate is
refined using the techniques described herein. In some
embodiments, average error may be reduced from a 5%
overestimate to a 0.2% underestimate, and the 3-sigma
deviation interval is reduced from +/-26.4% to +/-19.3%.

[0183] FIG. 38 illustrates a method 3800 for using the
stroke phase classification to improve ramp detection. As
described above, the stroke can be separated into push and
return phases. While a short push phase and long return
phase can indicate larger energy expenditures, a short push
phase and short return phase may indicate that instead of
expending more energy per push, the wheelchair user is
going up a grade such as a ramp and needs to provide more
frequent inputs of energy to avoid rolling backwards. In step
3801, the stroke phase is detected as described above with
respect to FIG. 33. (An analogous procedure may be
employed with respect to the path data described in FIG. 34
and the technique described in FIG. 35, in which the portion
of the path along a pushrim is determined and detected as the
push phase and the remainder of the path is detected as the
return phase, allowing determination of time spent in push
and time spent in return phase.) In step 3802, the duration
and frequency of push phases in combination with the
duration of return phases is detected. In step 3803, the
frequency of push phases is compared to a first threshold. In
step 3804, the duration of push and return phases are
compared to a second and a third threshold, respectively. In
step 3805, a ramp determination is made. If the frequency is
sufficiently high as to exceed a first threshold, and the
duration of push and return phases is sufficiently low so as
to be below a predetermined threshold, the method may
determine that the wheelchair is on a ramp. Otherwise, the
method may determine that the wheelchair is on flat ground.
These thresholds can be optimized per individual by cali-
brating opportunistically while a user is on a ramp (as
detected by, e.g., an altimeter). The changes in push fre-
quency, push phase, and return phase can be analyzed by
binning into speed and gradient increment bins, which may
be used to optimize the thresholds.

[0184] Manual wheelchair users propel their wheelchairs
throughout the day, and expend significant energy in doing
so. Energy expenditure estimation for manual wheelchair
users is complex, as there is significantly more variability in
energy expenditure for a wheelchair user compared to a
pedestrian. For example, there are a variety of different
wheelchair stroke styles, each with its own variability in
energy expenditure and a range of stroke rates with variation
in time spent in push phase and return phase. The stroke
style and rate used can vary based on personal preference,
terrain (e.g. asphalt vs. carpet vs. grass), and environment
(e.g., uphill or downhill ramps.) In addition to variations
generated by the wheelchair user’s technique, the wheel-
chair itself can generate variations in energy expenditure.
Wheel size, tire pressure, chair weight, and positioning of
the user within the chair all generate variation in energy
expenditure.
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[0185] Referring to FIGS. 39-53E, wheelchair users also
may, due to injury, have varied physiology. For example, due
to injury or condition type, a wheelchair user may have
variations in elbow or wrist flexion that impact the motion
of the arm and wrist, and more generally may have differ-
ences in range of mobility (e.g., due to a high spinal cord
injury vs. a low spinal cord injury.) Heart rates, which may
provide an estimate of energy expenditure, vary in response
to actual energy expenditure due to conditions that typically
arise in manual wheelchair user populations (such as
reduced heart rate for users with spinal cord injuries above
T4.) Basal metabolic rate also varies more in the wheelchair
population due to other such conditions. Similarly, anaerobic
caloric expenditure is increased in the wheelchair popula-
tion, which can cause difficulties in establishing a calibrated
reference for energy expenditure using traditional method-
ologies such as oxygen exchange measurement.

[0186] FIG. 39 provides a high level description of the
techniques to be employed in improved energy expenditure
estimation according to embodiments of the present disclo-
sure. Method 3900 for energy estimation incorporates sev-
eral blocks. Block 3901 provides input from inertial sensors.
Some of these sensors require low amounts of power (e.g.,
accelerometers) while others require more power (e.g., gyro-
scopes.) Block 3902 provides input from a GPS sensor to
provide improved location data, including information on
common locations, and a barometer to provide altitude data.
Block 3903 provides user inputs and learned parameters,
such as chair parameters, body metrics, known locations,
known stroke type, user’s physical activity level, and other
such parameters. Block 3904 represents an energy-based
estimation which assumes flat ground, while block 3905
represents a grade-correction block that provides an estimate
of grade traveled. Block 3906 provides an estimator for
physiological efficiency (i.e., the efficiency at which a user
converts energy into motion.) Finally, block 3907 utilizes
inputs from the other blocks in order to provide an overall
estimation of energy expenditure.

[0187] Block 3901 may operate in a high power mode, in
which accelerometer and gyro data is provided, or a low
power mode in which only accelerometer data is provided.
Similarly, block 3902 may operate in a high power mode
where all data (GPS, barometer, and common location
detection) is provided, or in a low power mode where only
a subset of this data (or even no data) is provided. Addi-
tionally, heart rate data may be provided in high power
modes to further refine data. Depending on the data being
provided from blocks 3901, 3902, and 3903, blocks 3904
and 3905 may employ different techniques. For example,
block 3904 may employ one stroke type and rate estimation
technique if gyro data is available and another technique if
gyro data is not available. Similarly, block 3905 may employ
one ramp detection technique if GPS and barometer data is
available, and another technique if GPS and barometer data
is not available. Information on specific techniques that may
be employed for stroke rate detection, ramp detection, and
stroke type detection is described herein in conjunction with
FIGS. 1-21 and FIGS. 28-38.

[0188] FIG. 40 illustrates a low-power energy expenditure
estimator 4000 which may be used to implement one tech-
nique for block 3904. This estimator estimates energy based
on the assumption of flat ground. Block 4001 provides
accelerometer data, which may be used to determine an
estimate of stroke rate in block 4002. Based on the accel-
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erometer data and stroke rate, block 4003 sums measured
accelerometer energy over a dynamically selected frequency
band (typically within the band of frequencies ranging from
0.25 to 4 Hz) and creates an estimation of energy expendi-
ture based on that measured energy within the band. For
example, the amount of energy in the frequency band may
be linearly interpolated to an energy estimate. In some
embodiments, this is done by multiplying the energy within
the frequency band on the X axis by a coeflicient ranging
from 0.4 to 0.6, and adding a constant value that ranges from
0.25 10 0.5 to produce an estimated speed in m/s. The
coeflicients may vary to produce estimated speeds in other
units. In one embodiment, this is done by multiplying the
energy within the frequency band on the X axis by 0.467 and
adding a constant value of 0.3694 to produce an estimated
speed in m/s. In some embodiments, the estimated speed is
then taken as an input, scaled by a coeflicient that may range
from 0.85 to 1.0, and added to a constant ranging from 1.5
to 2.0to produce an estimated number of METs. In a specific
embodiment, the estimated speed is taken as an input and
scaled by 0.9308, and then a constant value of 1.8885 is
added, resulting in an estimated number of Metabolic
Equivalent of Tasks (METs). A MET is defined as the
amount of energy expended by the individual while seated
at rest. These coefficients may also be adapted to fit users or
equipment. This estimate may also be refined in block 4004
by using a detected stroke type and/or push/return phase
(e.g., as described herein in conjunction with FIGS. 28-38)
to refine the energy expenditure based on varying physi-
ological efficiencies of different stroke types. The estimator
described in FIG. 40 requires only low-power inputs and can
be run continuously with limited impact on battery life.

[0189] FIG. 41 illustrates a high-power energy expendi-
ture estimator which may be used to implement another
technique for block 3904. This estimator also estimates
energy based on the assumption of flat ground. Block 4101
provides accelerometer data and block 4102 provides gyro
data. Block 4103 integrates this data to determine the
quaternion of the movement of the user’s arm, thereby
providing classification of stroke pattern and push/return
phase. Block 4104 then uses the movement data (i.e., stroke
rate, pattern, and push/return phase) to generate an estimate
of energy expended by the user. The estimator described in
FIG. 41 relies on gyro data, which is relatively high-power,
and may be gated on and off based on user-selected work-
outs, on detection of the start of a period of high energy
expenditure, or based on an allowance from the device
control system allowing the use of increased power. For
example, if the low-power estimator described in FIG. 40
detects a period of high energy expenditure, the high-power
estimator described in FIG. 41 may be initiated and used
until energy expenditure drops below a threshold.

[0190] As an alternative or additional refinement to the
estimators described above, a GPS-based estimator may be
employed to implement block 3904. In a GPS-based esti-
mator, the GPS speed is used as the baseline input, and the
MET estimate is a quadratic equation using GPS speed as
the input. In some embodiments, the square of the GPS
speed is multiplied by a coefficient in the range 0f 0.5 t0 0.9,
and then the GPS speed is multiplied by a coefficient in the
range of 0.9 to 1.1 and subtracted. Afterwards, a constant
coeflicient ranging from 1.75 to 2.75 is added to provide an
estimated number of METs expended. In one specific
embodiment, the GPS speed is multiplied by 0.94 and
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subtracted from the square of the GPS speed multiplied by
0.7. A constant value of 2.3 is added, to provide an estimated
number of METs expended from GPS speed. This estimate
may be used directly, or may be fused with an accelerometer
or accelerometer+gyro estimate (e.g., by averaging.)

[0191] FIG. 42 illustrates a switchable high, medium, and
low power ramp detector 4200 according to embodiments of
the present disclosure which may be used to implement
block 3905. In block 4201, accelerometer input is received.
In block 4202, barometer input is received, and in block
4203, GPS speed and/or altitude information is received.
Based on desired energy expenditure, either block 4204,
block 4205, or block 4206 may be used to integrate some or
all of this data to detect when the user traverses a ramp. For
example, in a low power mode 4204, only the accelerometer
data of block 4201 may be employed (for example, as
described herein in conjunction with FIGS. 14-21.) In a
medium power mode 4205, barometer data may also be
measured and integrated, refining the accelerometer-based
ramp detection technique. Finally, in a high power mode
4206, GPS data may be integrated as well, allowing addi-
tional refinement. For example, if the accelerometer data
reflects a low stroke energy and/or a low push count, but
GPS speed is increasing, the user is likely traversing a
downhill ramp (or alternately, a companion may be pushing
the wheelchair.) In either instance, caloric expenditure is
reduced. In contrast, if a high stroke energy is detected
and/or a high stroke rate is detected, but GPS speed
decreases or remains constant, the user is likely either on a
ramp or else is traversing terrain requiring higher energy
expenditure (e.g., grass) and should be rewarded for the
increased caloric expenditure. This may be further refined
using the stroke phase detectors described above, as a higher
ratio of push to return phase is indicative of increased energy
expenditure to overcome resistance from grade or terrain.

[0192] Regardless of power mode, the technique of FIG.
42 may output either an indication that a ramp has been
detected, or an estimation of increased (or decreased) energy
expenditure from the ramp. For example, an estimator may
produce a MET estimate based on the estimated METs
assuming flat ground produced by block 3904 and vertical
speed. In one embodiment of the present disclosure, this is
done by multiplying the vertical speed by 4.4 and the MET
estimate from flat ground by 2.4.

[0193] An individual wheelchair user may also have vary-
ing physiological efficiency depending on their physical
activity level (i.e., physical fitness), mobility level (e.g.,
physical flexibility and range of motion), and injury type
(e.g., spinal cord injury vs. amputation), as well as the
specific activity they are engaging in. One mechanism for
obtaining this information is to ask the user to describe their
fitness level, mobility level, and injury type. However, this
is subject to the accuracy of the user’s description of their
levels of fitness and mobility. Alternately, this may be
estimated based on measured data (e.g., correlation of accel-
erometer and GPS data over time with metrics such as
measured heart rate.) These parameters can significantly
affect the user’s physiological efficiency and overall energy
expenditure. Basal metabolic rate may vary significantly in
awheelchair user, as they have lower basal caloric burn from
legs due to atrophy (or even, as in the case of an amputation,
non-existence.) This can also affect user mass which itself
can affect energy expenditure because pushing a lower mass
requires less energy expenditure. Heart rate itself can also
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illustrate user fitness level. Depending on factors such as
age, condition, and injury type, a user may have a reduced
(due to condition and fitness level) or increased (due to
condition or injury type) resting heart rate or maximum heart
rate while exercising or expending energy. The ratio
between observed heart rate and predicted maximum heart
rate (e.g. based on user age and weight, or age, weight, and
fitness level) for a given activity with a known observable
work rate (speed and grade) can provide an estimate of
physiological efficiency. A higher ratio implies lower effi-
ciency, which implies that the user is working harder for a
given set of observable parameters and their energy expen-
diture estimate should be increased to reflect this. Similarly,
a lower ratio implies that the user is not working as hard and
their energy expenditure may be decreased.

[0194] In addition to user-specific characteristics, activity
characteristics can also impact physiological efficiency. For
example, when users propel wheelchairs at very high speeds,
biomechanical efficiency (and thus physiological efficiency)
is reduced, such that intensity of energy expenditure may
increase non-linearly with speed. Similarly, when a user
propels a wheelchair up a steep grade (particularly at 4+de-
grees of grade), reduced efficiency is observed due to the
change in mechanics required to avoid rolling backwards.
[0195] FIG. 43 illustrates a physiological efficiency esti-
mator which may be used to implement block 3906 in some
embodiments of the present disclosure. In block 4301, user
input as to characteristics such as age, weight, fitness level,
mobility level, and injury type is obtained. In block 4302,
speed and grade information is obtained (e.g. based on
stroke rate and type, GPS data, barometer data, or ramp
detection data.) In block 4303, heart rate data is obtained. In
block 4304, the information obtained in blocks 4301-4303 is
correlated to determine an overall estimate of physiological
efficiency to provide a correction to any energy expenditure
estimates. For example, a high spinal cord injury user will
tend to have lower caloric burn (as they are less able to
recruit muscles for activity). Basal metabolic rate estimates
may be influenced as well, as described above. The correc-
tion may correct a baseline value, correct a scaling coeffi-
cient, and/or select between multiple energy expenditure
models, depending on the specific inputs. Depending on
power constraints or user inputs, some of the data sources
may be unavailable. (Data sources that are not always
available are indicated in FIG. 43 with dashes, while data
sources that can be assumed to be available are shown with
solid lines.) For example, in a low energy mode, GPS and
heart rate data may be unavailable. Even in a high power
mode, a user may not have input their injury type, and that
data might be unavailable. The efliciency estimator may use
whichever data is available to it to provide a refined estimate
of energy expenditure efficiency.

[0196] FIG. 44 illustrates a data fusion subsystem which
may be used to implement block 3907 in some embodiments
of the present disclosure. In block 4401, the available
sources of data are determined. In block 4402, available data
is acquired from available data sources. In block 4403, the
available data are used to create an estimated energy expen-
diture. This fusion may be done using a number of tech-
niques, such as a decision tree, a Bayesian model, logistic
regression, state machines, or vector machines.

[0197] FIG. 45 illustrates one such technique, a decision
matrix. Depending on whether GPS/altimeter data is avail-
able, and if it is available, the measured GPS speed, as well
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as based on determined ramp, different estimation models
are employed. For example, if GPS and altimeter data are
both available, and the model indicates a flat or unknown
grade, then the GPS speed model will be employed. If an
uphill ramp is indicated, then the GPS speed model may be
used to produce a flat MET estimate, corrected using the
GPS vertical speed (or alternately the altimeter/barometer
vertical speed), as described above with respect to FIG. 40.
If a downhill ramp is indicated, then the GPS-based model
may be ignored (as it will incorrectly credit the user for
speed obtained from the ramp) and instead only METs
determined via accelerometer data for push energy will be
credited, as described above with respect to FIG. 38. If GPS
and/or altimeter/barometer data are unavailable, then the
model may only employ the push energy estimator described
above with respect to FIG. 40, or the push estimator
described above with respect to FIG. 40 in combination with
an accelerometer-only ramp detector for the uphill case.
[0198] In addition, if GPS speed is low, then instead of
using an energy based estimator or speed based estimator,
the user may simply be credited with minimal motion METs
or with their basal metabolic rate METs. In one embodiment,
if the user is below 0.3 m/s in GPS speed, they are credited
with their resting MET value, while in another embodiment,
if the user is above 0.3 n/s but below 0.5 m/s, they are
credited with a minimal moving MET amount. In one
embodiment, the minimal moving MET is 1.5 METs.
[0199] In addition, range checking may be employed to
prevent spurious data. For example, MET estimates may be
bounded to be no less than 1.5 METs and no more than 16
METs. Similarly, speed estimates may be bounded—vertical
speed may be limited to no more than 2.0 m/s, and GPS
speeds over 8§ m/s (the sprinting record) may be bounded to
8 m/s.

[0200] FIG. 46 illustrates a similar decision matrix which
may be employed in grade determination. If GPS data is
available, an estimator that uses GPS speed and a push
count/energy threshold approach may be employed. If GPS
data is not available but barometer or altimeter data is
available, either an altimeter threshold approach (where the
barometer or altimeter data regarding change in height
(deltaH) changing by more than a threshold amount) may be
employed, or the ramp detection approach described herein
in conjunction with FIGS. 14-21 may be employed. If
neither GPS nor barometet/altimeter data is available, the
ramp detection approach described herein in conjunction
with FIGS. 14-21 may be employed. Based on the determi-
nation from this, either an uphill or downhill estimate will be
produced, potentially including a vertical speed estimate.
[0201] FIGS. 47-53 illustrate data regarding embodiments
of the present disclosure.

[0202] FIG. 47 illustrates measured data showing the
correlation between measured energy within the 0.2 to 4.5
Hz frequency band in the X axis and mean speed of the
wheelchair user on a flat surface, along with linear and
quadratic fits. This data illustrates the data underlying the
speed estimator described above with respect to FIG. 40.
[0203] FIG. 48 illustrates actual speed vs. estimated speed
(uncorrected for ramp presence) estimated using an estima-
tor similar to the one described above with respect to FIG.
40, with the samples shaded based on the presence of a
ramp. The estimator overestimates actual speed for ramps,
due to the higher energy expenditure required (which is not
reflected in a higher speed due to the energy used to
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overconte the incline). Because of this difference in energy
expenditure for the same actual speed, purely speed based
estimators (such as GPS trackers) will provide different
results to estimators that examine work rate (such as the
accelerometer-based estimator of FIG. 40.)

[0204] FIG. 49 illustrates error bars for various segment
types for the uncorrected energy estimator. Low ramps are
over-estimated. Flat segments have a roughly zero mean.
High ramps also have a roughly zero mean, but tend to err
towards over-estimation. For example, for data estimated
based on 73 wheelchair users traversing a flat unaccompa-
nied segment (flatUnacc), the mean error is approximately
-2.5 and the standard deviation is 21.36. For data estimated
based on 73 users traversing a flat accompanied (flatAcc)
segment (i.e., a segment in which a wheelchair user has a
friend walking near them, which can bias a wheelchair user
into specific stroke types or patterns), the mean error is
approximately +1 and the standard deviation is 24.54. In
contrast, 74 users on various low ramp segments (low-
Rampl, lowRamp2, and lowRamp3) produced mean errors
of approximately +45, +30, and +27 percent, respectively,
with standard deviations of 33.45, 33.19, and 37.64. Low
ramps thus produce consistently over-estimated energy
expenditures. The three segments represent users going up a
low ramp at slow, medium, or fast speeds. 74 users on two
different high ramp segments (highRamp1 and highRamp?2)
produced mean errors of approximately 0; however, it also
produced standard deviations of 44.02 and 41.16. The high
ramp segments represent users going up a high ramp two
different times, but do not differ in speed. In other words, a
ramp-agnostic estimator produced results that were accurate
on average for both no ramp and high ramp scenarios, but
with significantly higher standard deviations for high ramp
scenarios, while low ramp scenarios produced significant
errors in average estimate and an intermediate amount of
standard deviation. These bars do not illustrate the distribu-
tion of errors, which is also meaningful; the shape is shown
in FIGS. 50A-50G.

[0205] FIGS. 50A-50G illustrate the probability density
function (PDF) of errors in the speed estimate for various
types of surfaces. These PDFs provide an alternative visu-
alization of the error bars of FIG. 49. FIG. 50A illustrates the
PDF for a flat unaccompanied segment. FIG. 50B illustrates
the PDF for a flat accompanied segment. FIG. 50C illus-
trates the PDF for a first low ramp segment. FIG. 50D
illustrates the PDF for a second low ramp segment. FIG. 50E
illustrates the PDF for a third low ramp segment. FIG. 50F
illustrates the PDF for a first high ramp segment. FIG. 50G
illustrates the PDF for a second high ramp segment.
[0206] FIG. 51 illustrates data showing error in uncor-
rected estimate separated by injury type—Ilow spinal cord
injuries, mid-spinal cord injuries, and high spinal cord
injuries. While low and mid SCIs have relatively similar
estimation characteristics, high SCI wheelchair users con-
sistently overestimated energy expenditure compared to low
or medium SCI users. This consistent overestimate allows
for the correction of caloric expenditure for high SCI users.
[0207] FIG. 52 illustrates the results of retrained estima-
tors based on injury type. Instead of a baseline estimator
(e.g., the METs=0.9308*estimated speed+1.8885 estimator
described above with respect to FIG. 38), injury-specific
estimators are employed. The conversion from energy to
estimated speed described above with respect to FIG. 38 is
used, but instead of the 0.9308 and 1.8885 slope and
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intercept, a low SCI may use a slope of 1.1951 and an
intercept of 1.7827 (or a slope in the range of 1 to 1.4 and
an intercept in the range of 1.6 to 2.0), a mid SCI may use
a slope of 1.1152 and an intercept of 1.6023 (or another
slope in the range of 1 to 1.2 and an intercept in the range
of 1.5t0 1.7), and a high SCI may use a slope of 0.2953 and
an intercept of 2.2553 (or another slope in the range of 0.2
to 0.4 and an intercept in the range of 2 to 2.5.) Using these
retrained estimators, the mean error for high SCI injuries is
brought in line with the mean error for other SCI injuries,
and the overall mean error is reduced for all injury types.
[0208] FIGS. 53A-53E illustrate the impact of grade cor-
rection on the estimator. FIG. 53A shows the error bars for
an uncorrected estimator used on a route going over hills.
FIG. 53B shows the error bars for a corrected estimator used
on the same route. Similarly, FIGS. 53C and 53D show the
error bars for an uncorrected and corrected estimator, but
used on a flat route. This illustrates that the error in FIG. 53A
is due to the use of an uncorrected estimator on a hilly route.
Finally, FIG. 53E illustrates the probability distribution
function for both an uncorrected and corrected estimator,
showing that the error distribution has a zero mean and
reduces the standard deviation of error to +/-15.6% when a
corrected estimator is employed, as opposed to a mean of
-11.2 and a standard deviation of error of +/-19.5% when an
uncorrected estimator is employed.
[0209] The present disclosure is not to be limited in scope
by the specific embodiments described herein. Indeed, other
various embodiments of and modifications to the present
disclosure, in addition to those described herein, will be
apparent to those of ordinary skill in the art from the
foregoing description and accompanying drawings. Thus,
such other embodiments and modifications are intended to
fall within the scope of the present disclosure. Further,
although the present disclosure has been described herein in
the context of at least one particular implementation in at
least one particular environment for at least one particular
purpose, those of ordinary skill in the art will recognize that
its usefulness is not limited thereto and that the present
disclosure may be beneficially implemented in any number
of environments for any number of purposes.
[0210] Methods described herein may represent process-
ing that occurs within a wearable device (e.g., device 100 of
FIG. 1) and/or within a companion device (e.g., device 300
of FIG. 3). In many embodiments, processing may be
performed by a processor circuit within the wearable/com-
panion device. In some embodiments, processing may be
performed using computer software instructions executed
upon a computer processor. In particular embodiments, the
computer software instructions may be provided on a non-
transitory computer-readable medium. In certain embodi-
ments, processing may be performed using a digital signal
processor (DSP) circuit or an application specific integrated
circuit (ASIC).
What is claimed is:
1. A method for tracking activity by a wheelchair user, the
method comprising:
collecting motion data of a user device located on an
appendage of the user;
detecting, by a processor circuit, that one or more activi-
ties by the wheelchair user occurred based on the
motion data;
estimating, by a processor circuit, an energy expenditure
by the user based on the one or more activities; and
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outputting, by a processor circuit, the estimated energy

expenditure.

2. The method of claim 1, wherein the motion sensor
comprises an accelerometer, a gyroscope, a magnetometer,
or a combination thereof.

3. The method of claim 1 wherein detecting that one or
more activities by the wheelchair user occurred comprises
tracking pushes by the wheelchair user.

4. The method of claim 3, wherein tracking pushes by the
wheelchair user comprises:

determining a pose angle and a calculated energy based on

the motion data; and

detecting, by a processor circuit, that a push occurred

based on a determined pose angle and a calculated
energy.

5. The method of claim 4, wherein tracking pushes by the
wheelchair user comprises:

comparing, by a processor circuit, the determined pose

angle with a pose angle threshold,

comparing, by a processor circuit, the calculated energy

with an energy threshold; and

determining, by a processor circuit, that a push occurred

if the determined pose angle is below the pose angle
threshold and the calculated energy is above the energy
threshold.

6. The method of claim 5, wherein tracking pushes by the
wheelchair user comprises:

storing pose angles and calculated energies for the wheel-

chair user;

updating, by a processor circuit, the pose angle threshold

using the stored pose angles; and

updating, by a processor circuit, the energy threshold

using the stored calculated energies.

7. The method of claim 6, wherein storing pose angles and
calculated energies for the wheelchair user comprises:

calculating, by a processor circuit, a current push rate for

the user,
determining, by a processor circuit, if the current push
rate is consistent with previous push rates; and

storing the determined pose angle and calculated energy
if the current push rate is consistent with previous push
rates.

8. The method of claim 6, wherein storing pose angles and
calculated energies for the wheelchair user comprises:

determining, by a processor circuit, a current speed for the

user using a Global Positioning System (GPS) sensor;
and

storing the determined pose angle and calculated energy

if the user’s current speed is greater than or equal to a
minimum speed threshold.

9. The method of claim 6, wherein:

updating the pose angle threshold comprises calculating a

candidate pose angle threshold as a percentile of stored
pose angles; and

updating the energy threshold comprises calculating a

candidate energy threshold as a percentile of stored
calculated energies.

10. The method of claim 9, wherein:

updating the pose angle threshold comprises calculating a

new pose angle threshold using the candidate pose
angle threshold and a first low-pass filter; and

updating the energy threshold comprises calculating a

new energy threshold using the candidate energy
threshold and a second low-pass filter.
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11. The method of claim 3, wherein tracking pushes by the
wheelchair user comprises:

selecting by a processor circuit a dominant motion sensor

axis based on a calculated motion energy per motion
Sensor axis.

12. The method of claim 11, wherein tracking pushes by
the wheelchair user comprises:

calculating, by a processor circuit, a motion energy for

each motion sensor axis; and

selecting, by a processor circuit, a motion sensor axis with

a most energy as a dominant motion sensor axis.

13. The method of claim 11, wherein tracking pushes by
the wheelchair user comprises:

performing, by a processor circuit, a frequency domain

transformation of the collected motion data for the
dominant motion sensor axis; and

determining, by a processor circuit, a fundamental push

frequency based on the frequency domain transformed
data;

14. The method of claim 13, wherein the frequency
domain transformation comprises a fast Fourier transform
(FFT) operation, wherein detecting that a push occurred
comprises:

determining, by a processor circuit, a FFT peak of a

lowest frequency that rises above a pre-determined
threshold level of energy; and

selecting, by a processor circuit, the lowest frequency as

a fundamental frequency of pushing.

15. The method of claim 13, wherein tracking pushes by
the wheelchair user comprises:

filtering the collected data including adjusting an intelli-

gent filter to pass motion sensor signals within a
frequency band corresponding to the fundamental push
frequency and to reduce motion sensor signals within a
frequency band corresponding to harmonics of the
fundamental push frequency.

16. The method of claim 15, wherein the intelligent filter
comprises a low-pass filter with adjustable passband width.

17. The method of claim 16, wherein the intelligent filter
comprises a bank of low-pass filters with increasing pass-
band widths.

18. The method of claim 16, wherein the intelligent filter
comprises an adjustable bandpass filter with adjustable
passband cutoff’ frequencies and widths.

19. The method of claim 3, wherein tracking pushes by
the wheelchair user comprises:

filtering, by a processor circuit, the collected motion data

to produced filtered motion data; and

determining, by a processor circuit, a push count based on

zero-crossings of the filtered motion data.

20. The method of claim 3, wherein determining a push
count comprises:

detecting, by a processor circuit, one or more zero-

crossings of the filtered motion data in one direction;
and

determining, by a processor circuit, a push count equal to

the number of zero-crossings.

21. The method of claim 3, further comprising:

cross-checking, by a processor circuit, the determined

push count with motion data from a different motion
Sensor axis.

22. The method of claim 1, wherein detecting that one or
more activities by the wheelchair user occurred comprises
detecting when a wheelchair user is traveling on a ramp.
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23. The method of claim 22, wherein detecting when the
wheelchair user is traveling on a ramp comprises:

determining, by a processor circuit, a ramp classification

based on the collected motion data; and

filtering, by a processor circuit, the determined ramp

classification using a filter.

24. The method of claim 23, wherein determining a ramp
classification comprises determining a ramp classification
based on a push rate, a first push rate threshold, an energy
component of the collected motion data, and at least one of
a first energy threshold, a second energy threshold, a pose
angle, a pose angle threshold, and a second push rate
threshold.

25. The method of claim 24, wherein detecting when the
wheelchair user is traveling on a ramp comprises comparing,
by a processor circuit, the push rate with the first push rate
threshold, and at least one of’

comparing, by a processor circuit, the energy component

of the collected motion data with the first energy
threshold;

comparing, by a processor circuit, the pose angle with the

pose angle threshold;

comparing, by a processor circuit, the energy component

of the collected motion data with the second energy
threshold; and

comparing, by a processor circuit, the push rate with the

second push rate threshold.

26. The method of claim 24, wherein detecting when the
wheelchair user is traveling on a ramp comprises:

obtaining per-user thresholds; and

adjusting, by a processor circuit, at least one of the first

and second push rate thresholds, the first and second
energy thresholds, and the pose angle threshold using
the per-user thresholds.

27. The method of claim 23, wherein the filter comprises
a windowing filter.

28. The method of claim 27, wherein the windowing filter
comprises an odd number of points in the window.

29. The method of claim 28, wherein the windowing filter
comprises a three-point window.

30. The method of claim 22, wherein detecting when the
wheelchair user is traveling on a ramp comprises:

collecting elevation information by an elevation detection

module of the user device; and

determining, by a processor circuit, the ramp classifica-

tion based on the collected elevation information.

31. The method of claim 22, wherein detecting when the
wheelchair user is traveling on a ramp comprises:

measuring the user’s heart rate by a heart rate monitor of

the user device; and

determining, by the processor circuit, the ramp classifi-

cation based on the measured heart rate.

32. The method of claim 1 wherein detecting that one or
more activities by the wheelchair user occurred comprises
detecting wheelchair user stroke type, wherein detecting the
wheelchair user stroke type comprises:

measuring X axis and Y axis accelerometer data from an

accelerometer located on an arm of the user;

detecting a Y axis accelerometer peak corresponding to a

push phase;

determining adjacent zero crossings to the Y axis accel-

erometer peak to determine the start and end of the push
phase and a return phase;

determining a length of the push phase;
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detecting X peaks in X axis accelerometer data during the
return phase;

detecting Y peaks in Y axis accelerometer data during the
return phase;

determining signs for the X peaks and the Y peaks;

determining an ordered sequence of the determined X
signs;

determining an ordered sequence of the determined Y
signs;

determining stroke type based on the sequence of X signs
and the sequence of Y signs; and

applying one of the determined stroke type and the
determined push phase length in a calorie expenditure
tracking system.

33. The method of claim 1 wherein estimating the energy

expenditure by the user comprises:

measuring at least one of X accelerometer data, Y accel-
erometer data, 7 accelerometer data, X rotational data,
Y rotational data, 7 rotational data, barometer data,
altimeter data, GPS position data, GPS speed data, GPS
altitude data, and heart rate data;

receiving user input regarding at least one of fitness level,
age, weight, injury type, and mobility level;

determining an estimated speed based on the measured
data;

determining an estimated MET value based on the esti-
mated speed:;

determining a ramp state based on the measured data;

refining the estimated MET value based on the deter-
mined ramp state;

determining an energy expenditure estimate based on the
estimated MET value;

determining a physiological efficiency estimate based on
the user input;

refining the physiological efficiency estimate based on the
measured data;

refining the energy expenditure estimate using the physi-
ological efficiency estimate; and

Dec. 7, 2017

applying the refined energy expenditure estimate in a
calorie expenditure tracking system.

34. The method of claim 1, wherein detecting that one or
more activities by the wheelchair user occurred comprises
detecting when the wheelchair user is engaging in a transfer
from or shift in the wheelchair, the method comprising;

collecting motion data of a user device located on an
appendage of the user;

extracting, by a processor circuit, one or more features of
interest from the collected motion data;

detecting, by a processor circuit, that the user engaged in
a wheelchair shift or transfer based on the one or more
features and one or more corresponding thresholds for
the one or more features;

in response to detecting the wheelchair shift or transfer,
updating a current state of a state machine; and

triggering a reminder to the user based on the current state
of the state machine.

35. A system for tracking activity by a wheelchair user

comprising:
a motion sensor located on an appendage of the user and
configured to collect motion data;
a processor circuit coupled to the motion sensor and
configured to execute instructions causing the proces-
sor circuit to:
collect motion data of a user device located on an
appendage of the user;

detect, by a processor circuit, that one or more activities
by the wheelchair user occurred based on the motion
data;

calculate, by a processor circuit, an energy expenditure
by the user based detecting that the one or more
activities by the wheelchair user occurred; and

output, by a processor circuit, the energy expenditure
estimation.
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