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Reducing Drifts in the Inertial Measurements
of Wrist and Elbow Positions

Huiyu Zhou and Huosheng H&enior Member, IEEE

AbstracBlin this paper, we present an inertial-sensor-based L el RS
monitoring system for measuring the movement of human upper = =
limbs. Two wearable inertial sensors are placed near the wrist
and elbow joints, respectively. The measurement drift in segment
orientation is dramatically reduced after a Kalman ®lter is applied
to estimate inclinations using accelerations and turning rates from
gyroscopes. Using premeasured lengths of the upper and lower
arms, we compute the position of the wrist and elbow joints \a a
proposed kinematic model. Experimental results demonstrate that
this new motion capture system, in comparison to an optical mo
tion tracker, possesses an RMS position error of less than 0.009 m,
with a drift of less than 0.005 ms$ ! in ®ve daily activities. In
addition, the RMS angle error is less than 3. This indicates that
the proposed approach has performed well in terms of accuracy
and reliability.

Index Term®Inertial sensor, Kalman ®lter, kinematic model,
motion detection, upper limb.

Fig. 1. Designed motion capture system.
I. INTRODUCTION . _ _ _
circumstance, lead to the delay of reporting motion dynamic

H UMAN motion capture systems provide the bestinterfacg, j 3) it should be cost effective and easy to maintain.

| 1 o the understanding of trajectory planning and forma- 1q gatisfy these needs, we have developed an inertial-senso
tions in the central nervous system [1], wh'Ch_ha_S enorrjyousdased motion capture system (see Fig. 1). Inertial/magneti
bene@ted research in b|0mech§m|cs, rehabilitation, h“mansensing technology is an intensively studied approach!{8].
robotics, and humantcomputer interfaces (e.g., [2J(3- s independent of the latency and light source requirements
ever, commermal_ly available optical and vision-basedesys [9]. Furthermore, inertial sensors are cost effective. &saihy

are very expensive and are not approachable to the gengil,ying. inertial systems have low constraints relatvept-
public. In spite of its accuracy and slow drifts (e.g., [6])jca) systems. However, a common problem in this technology
such systems also seriously suffer from the @line-of-sighig the measurement drift generated by Tuctuating offsets an
problem[7]. o , . measurement noise [10]+[12].

To be effective in real-world applications, an optimal ati | this paper, we introduce a Kalman-®ltering-based aaient
capture system must be able to maintain its ubiquitous perfg,, estimator to minimize the effect of drift. This orietiem
mance without compromising accuracy and system complexifiimator, combined with a kinematic model of human upper
As such, the development of such a system should be genefiglys is expected to provide consistently accurate nuittij
ized from a laboratory environment to an unstructured @mvir ,qitions for the upper limbs. The motion detection scheme
ment. In general, an untethered real-time motion Capis®8y o mpioved two commercially available inertial sensors (MTx
should have the following features: 1) It provides consitfe yqens Netherlands), which were placed on the lower andruppe
accurate measurements to different test subjects andoeAViry g respectively. Each inertial sensor consists of aidlia
ments; 2) the underlying computational efforts will, under ,ccejerometer, a triaxial gyroscope, and a triaxial magsen-

sor. The system software was written in Visual Studio C++ to
facilitate real-time measurement. Signals from the sensere
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method for transforming orientation estimates from thessen
(i_e_sea’;ﬂeﬁ:amm body frame to the world frame.
Upper and;nguh, speeds) Lower Consider a rigid body moving in the earth/world frame. The
am arm world frame isw, and the sensor body framelisR}) , which is
a 3£ 3rotation matrix, indicates an orientation transformatio
from theb frame to thew frame:v}’ = R}/ vP, wherev}’ and
vP stand for the linear velocity vector of the sensor in the
andb frames, respectively. The stateRf, at the next instant,
i.e.,,RY , canbe updated as foIIowIQ.'\{)tV = RY/'S(! P), where
S(! %) " [! P£] is the skew-symmetric matrix that is formed
using the cross-product operation of the angular veloaty e
World frame World frame mates! P [13, p. 141]. In fact, the new rotation matrixy, |
can be described as follows:

Denoising Denoising

Frame Frame
transformation transformation

Ka.quan Kahr}a:n
filtering filtering \gﬂ — R\g + tpR—\k,)[v 1)
Qrientation Orientation . . . .
wheret, is the sampling time step (in our case, 0.04 s) [14].
Kineratic Kinematic Once the rotation matrix has been obtained, then accelarati
modeling mpdeling readings in thev frame can be deduced as
al’ = R{al+ g" 2)
Flbow position Wrist position )
where gV =[0;0;9:81] mg ? is the local gravity vector
Fig. 2. Flowchart of the motion capture algorithm. whose effect on the acceleration needs to be eliminated.

real data. The effects of changes of arm movement speeds
sensor locations are analyzed, and error reduction isechort
by using Kalman ®Itering. A brief discussion of the proposed Our motion capture system is based on orientation estima-
inertial-sensor-based monitoring system is given in $adiv. tion, from which the joint position can be deduced. Cladsica
Finally, some concluding remarks are presented in Section &pproaches to recovering the rotation of segments applied a
including a potential future extension. strapdown integration algorithm (e.g., [15]); howeveriseoor

small offsets in the measurement of angular velocity wilde

to a large integration error (drift). Many available multisensor

Il. PROPOSEDAPPROACH fusion techniques, such as [16] and [17], have producedigrom

The motion capture strategy applied in this design is shoi@ orientation estimation but have not incIuQed gformalhjna
in Fig. 2. To estimate joint position in 3-D space, we ®r§m.at|cal_proof of the convergence of the estimation alpos,
conduct a transformation of the coordinate systems ofialertWhich utilized nonlinear models, i.e., quaternions. .
measurements. In this paper, the estimation of the wrist and'© Seek an ef®cient and stable orientation computation, we
elbow positions is calculated with reference to the world c&€ré introduce a Kalman-®Iter-based approach, which uses
ordinate system originating from the shoulder joint. Estiion oanard triaxial accel_er_ometers and gyroscopes. Due ip the
of the shoulder position and dynamics is complicated andsne&f®ciency and adaptivity, Kalman ®lters have successfully
support from a sophisticated algorithm, which, therefiraot P&en implemented in thousands of applications, e.g., ot
addressed in this paper, and the shoulder is hence assumdgfpantcomputer interface, and surveillance. _
be ®xed. Second, data fusion of accelerometers and gyesscop 1he Kalman ®lter is intended to achieve an MMSE estima-
using a Kalman ®lter is discussed. Using prior knowledge B¢n. which can lead to a solution to a quadratic cost fumctio
segment lengths, we then compute the position of the wri- errore = % i x, wherex is an estimate. The MMSE
and elbow joints by employing a kinematic model of the uppdforks as follows: Given a measurement we can have a
limb based on an estimated orientation from the Kalman ®|t&plution such as
Technical details follow. g Z g

fase (2)=argmin (R )T (® 1 X)p(xjz)ax.
®

erentiating the preceding function with respect%oand
tting it to be zero, the solution is

%'f]dOrientation Estimation by a Kalman Filter

A. Frame Transformation of Sensor Data X

Most inertial sensors produce readings related to a sensgr
body frame. Transforming measurements from a sensor b
frame to a world frame will allow an estimated 3-D positior?

to be correctly posed. It also enables us to compare the 3-D 4 _ _
estimation of the proposed system with that of a standard Rmwse (z2) = xp(xjz)dx = E[xjz] (4)
motion detector. Therefore, in this section, we introduce a X
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wherep(¢9 is the conditional probability. Meanwhile, the con-Gyroscope inclination estimatidhs. and accelerometer incli-

ditional risk of this solution is the sum of the variances,,i. nation estimatior2 o are unit vectors representing the orienta-
tion of the forearm with respect to the gravitational ®eld.
R Rmvise (2)jz) To simplify computation, we assume here that the errors in
Z different time steps are independent [18];is therefore a null
= (Ruwse ()i X)" (Rmwse (2) i x) p(xjz)dx matrix. Using forms similar to that of (1) and (6), we shal/a

X

i 1
Var[Xmjz]: )

26y = Ze 1+ Ze 1 (1 1)E]
Zep 1+ Ze o [(Mee i tpne g 1)E] (10)

m=0 where z;; 1 refers to the inclination on th&-axis of the

Based on a study reported in [18], the proposed Kalman ®Ig#ebal coordinate system expressed in the sensor cooedinat
in this work considers an error model of the measuremersigstem.[f (Q£] is a skew-symmetric matrix resulting from a
of acceleration and angular velocity. Technically, ination ~cross-product operation #f(9. In the meantime, we have the
measurements from the accelerometers and gyroscopes pagglicted inclination
compared, and the difference between them is then used to ,
acorrect® the estimated orientation, as well as the origina 2, = gatf i atg: (11)
turning rates. Our complementary Kalman ®lter differs from ’ ar i &
other similar works in this area by adopting a new noise model
leading to ef@cient computation (see details given herey. TUSING (7) and (11), we have
proposed strategy consists of four components: 1) a predict
model; 2) an error model; 3) a standard Kalman ®lter; and 4) a 2i
correction model. ’ A

Prediction Model: A priori prediction of acceleration or =z 1+ a; £ Pyt + DAt (12)
gyroscope data is generated based on previous estimates and . s
the sensor readlngs_ in the global frame. Ehpriori estlmate_ where, = kal | k. We have
of the angular velocity at can be expressed as the summation

_ Q10 Guatnaiat £ iy

of angular velocity estimat®.; ; (world coordinate) and mea- ai £ fet Nag 1
surement errora; 1, which vary over time, i.e., Zy = + i Z (g i ton- i 1)£]
. = Clp n. ;t]T + 0 (13)
=Pyt noga (6)

] ) Hence, it is straightforward to have th€36 scale matrixC as
where the hat symbol denotes an estimate, and minus standsdgows:

ana priori (predicted) estimate. Similarly, treepriori estimate Youpl 9 Y,

of acceleration is described as i
C = i Zy1+ —— £ (tpzy1£) (14)

8 = & 1i Oy1t Naeg1 (7) i

Kalman Filter: A Kalman ®lter has the error estimation [19]
where g;, ; is the gravity vector. This characteristic makes ' i _
our approach signi®cantly different from classical meshod *T;t =Rl + K zw j CRY (15)
(e.g., [18]). We use this prediction model, because noisk an ] o
measurement errors in estimates are normally mixed up. ~ Where the plus sign represents theposteriori (corrected)

Error Model: A Kalman ®lter considers a state space refStimateK is the Kalman gain matrix computed by

resentation and models the relation between the errorsein th R -
estimated orientation anglgs; and the errors in an inclination K=P{C CP{C  +covo,
predicted by the model, i.e.,

Y

i (16)
where 6£ 6 matrixP; = cov,, . The determination ofov,
Xog = AX mp; 1+ » andcovo., affects the estimation of the state vector. SiAcés
Zwg = CXony + 0y (8)  a null matrix, the diagonal elements v, are the variance

of p-; andn. ., whereas the others are zetov., is designed
whereA andC are two scale matrices, and® ; are Gaussian using a similar method.
white noise with covariance matricesv,, andcovo,, re- Correction Model: Error or noise will be reduced at this
spectively.x is a vector with six components consisting oftage. Before proceeding to the correction model, we need to
orientation errorp-; (the difference between the estimate#now the predicted estimates based on the prediction and err
and the corrected orientation angle) and emor, . z+; is the models. Based on their de®nition, we have angular velocity

difference between the gyroscope and accelerometeraticim error i, = "{ j ! { and acceleration errdtl, = &{ i a,
estimates in théframe, i.e., which are used as intermediate variables.
As well recognized, the success of a Kalman ®lter relies
Zoy = 2540 26Gi: (9) on its convergence [17]. To pursue optimal ef®ciency and
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200 : - ——— whereR ¢ is the rotation matrix of the lower arm (in the elbow-
5 2 i:l‘:;’:s"f‘gt:ptegrat'o” joint-based coordinate system), amgl = [L;0;0]".
S To minimize drifts in the estimated positions, we apply a
£ 180 constraint onto the shifts of the wrist and elbow in the posit
e estimation. If arm movements proceed at a normal speed, the
§ 0 angle change between two neighboring samples (assuming a
] sample rate of 25 Hz) is less than*1Therefore, the following
5 relationship should be satis®ed:
g ~100 Yo oo :
2 J¢Pej -] Resi Ressiokpe,] (20)
9 - . . . . J¢pwi-j Rwei Ruwes lOkpwoj +JC pej

e 1 %me (sel)z 18 20 whereR 5 10 IS a rotation matrix formed by adding/subtracting

10* to/from the previous angles, respectively.

Fig. 3. Example trials of the orientation of the upper armuaibone particular

axis parallel to the ground surface during arm elevation.
Ill. EXPERIMENTAL RESULTS

accuracy of convergence, we consider a Newton method for thgy, g section, the developed motion detection system will

inclination difference be evaluated using synthetic data and real measurements, re
2o = Bhi i U ag ife-r i G_t¢ (17) spectivel_y. First, we discuss about the synthe’Fic case avher
' ' : ' ' the rotation angles are man-made. The analysis based on the
where? ,, is a vector consisting of the diagonal element@/nthetic data enables the proposed Kalman ®lter and kifeema
of r a(cove, =kcove k), T g, is a vector holding the diago- model to be justi®ed in a pseudorealistic circumstance.

nal elements of g(covo.,=kcovs k), andr is the gradient
of the covariance matrix with respect to different inclioat A. Synthetic Data
estimatesfa: and2g.), which can be used to enhance the
convergence. Technically, we evaluate the discrepaneyeast

the two via inclination estimation during the iteration: €Th
inclination differencez-; is ®rst minimized in (17). This
process enables a solution to approach better settlentaatisT
followed by optimization using the proposed Kalman ®Iteilun
the discrepancy is smaller than a ®xed threshdld ¢therwise,

We created a 2clean® group of rotation patterns for three
Euler angles of the upper/lower arms as follows: 60 ©
sin(2¥t+ 0:5), where- denotes one of the three Euler angles
(unit: degrees) for simplicity purposes anid the time instance
(it lasts 20 s at a 25-Hz sample rate). We then added the (mean,
variance) of the random Gaussian noise to this clean signal t
the proposed Kalman ®lter continues to iterate. Normdilg, tsimulatg the presence of noise or outliers in the _measurksmen
The variance of noise levels ranges from 0 to 12 in steps aof two

ﬂgg!hﬁggg;:’se;%?: Ir:r?efe\:\gtirsa;?rlglr?gﬁS(FDSI?eOrV\\:\?hZiggg y wré(rareas all means are zero (created in MatLab). The rotation
. 9 Propose . pa{)ngles were then fed to the proposed system for computation
limb conducted a repeated elevation 90° around one particu-

lar axis parallel to the ground surface in the experimerire of the wrist and elbow 3-D positions. To evaluate the progose

. ﬁYStem in this circumstance, we use measurement uncgrtaint
an MTx sensor was placed on the upper arm. In this ®gure, the = . : .
analysis, where type-A and -B uncertainty analyses will be

strapdown integration approach was the same as that prpose )
in [15]. Clearly, the strapdown integration method geresat conducted, respectively [20]. In type A, the repeated measu

; ments (e.g., position estimates) will statistically be estimated
much larger drift than the proposed Kalman ®lter. ©g. p : ) y o
over measurements of 20 times. In type B, the estimates of the

parameters by the proposed system will be compared to the
C. Kinematic Modeling for an Arm Location ground truth obtained via the man-made sinusoidal equation

. Type-B analysis can help identify the systematic errors.
Let the length of the lower arm (ulna styloid to olecranon Table | shows the statistics of error in joint position mea-

process) bd. ar_ld the length of t_h_e upper arm (Olecranogurements, where displacemerit® between the estimated
process to acromian process)lhg Initially, thex-axis of these 3-D positions of the wrist and elbow and their corresponding
two inertial sensors was collinear with the direction of tipper real positiond are used to obtaih D=D . From this computed
_antcri1I0Whe ' alrdms. D_“T'”gt d&/naml(cj:_mcivemetnt, elbow p?bsé?ciq ratio, we can have the mean and standard deviation (SD) of the
In the shoulder-oniginated coordinate system was Caledias — ogtimation errors. From Table |, one observes the following

Pe = Resp (18) 1) As the noise level increases, the position estimatesepess

€ esteo higher type-A and -B errors, and 2) both type-A and -B errors

where R s is the rotation matrix of the upper arm [derivecire smaller than 16.00%, indicating that the proposed syste

by (1)], andp,, = [L1;0;0]". Based on the estimation of theled to small biases/drifts. .
elbow position, the wrist positiop,, in the shoulder-originated ~ T0 ®nd out the behaviors of the proposed system at varied

coordinate system was deduced as motion speeds, we modi®ed the previous motion equation with
different periods 0.5, 1, 2, 3, and 4. In the meantime, we also
Pw = RwePw, * Pe (19) applied different noise levels to the synthetic rotatioglas.
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TABLE | 005
STATISTICS OFERROR IN THESYNTHETIC CASE 1
(UNIT OF MEAN AND SD: FERCENT) 70.11‘
Variance Location Type A Type B 3_0'15‘\
Level (Mean; SD)  (Mean; SD) N
0 Wrist  (0.09; 0.03) _ (0.05; 0.01) 021
Elbow  (0.11:0.04)  (0.03; 0.02) |
2 Wrist (0.62; 0.35)  (0.36; 0.27) .
Elbow (0.57; 0.31) (0.23; 0.18) 02
1 Wrist  (4.45; 2.48)  (2.10; 1.21)
Elbow  (3.71; 1.98)  (1.95; 1.07)
6 Wrist (7.78; 3.92) (4.37; 2.99)
Elbow (6.25;3.33)  (3.64; 1.95) Fig. 5. Motion trajectory of the wrist joint from the new system and
8 Wrist (8.20;6.34)  (5.78;5.12) the designed trajectory, respectively. (a) Circle. (b) Bqu [¢) Estimates.
Elbow (8.12; 5.28) (5.69; 4.13) (i ) Designed paths].
10 Wrist (12.11; 8.56)  (8.40; 7.28)
Elbow  (10.09;7.52) (6.89; 6.25) coordinate system were parallel and vertical to the ground
2 Wrist  (15.76; 11.33) (10.69; 0.54)

plane, respectively.

Elbow  (14.47; 11.09) (10.02; 9.35 1
( : ) ' ) Our new motion capture system had a sample rate of 25 Hz,

150 whereas that of the commercial system was 200 Hz. The sample
rate of 25 Hz for the proposed system is adequate due to the
100 fact that, in normal circumstances, subjects will be asked t

move their arms at 0.5 m/s or 86=s. To register the estimates
of these two systems, we applied a static calibration method
as reported in [21]. Eight healthy male subjects (24+40s/ear

Samples

0 old) were invited to participate in the overall experimeiitseir
4 2 0 2 4 6 6 -4 2 0 2 4 6 .
Euclidean distance Euclidean distance limb lengths were measured before testing.
@ (b) The entire experimental work included two tasks: In the ®rst

Fia 4. Error hist t the wrist and elb " imat btask, we drove the wrist along a designed path, i.e., cirele (
. b 10 fistograms of he it and eboow posten SSUTAon Rius: 0.1 m) or rectange:2 £ 0:14n¥). These trajectories are
estimation. commonly used to assess the improvement of motor function
in space coordination [22]. Using these patterns allowetbus
The position estimates show that the speed variations ftdee | evaluate the accuracy of the proposed detector in realdworl
impact on the position estimation. For example, Fig. 4 show#cumstances. The estimated position from the new systasn w
error histograms of the wrist and elbow position estimatils w compared to the designed 3-D trajectory. The second task con
a period of 2 and additional noise of variance 2. The mean ersisted of ®ve daily activities, i.e., reach, hand to moutimkd
is approximately 0.9. Since the proposed motion detectoksvo exion-extension, and elevation. These ambulatory mowvese
well in the synthetic data, we next discuss its performance are frequently observed in real applications, and theegttbre
real data. proposed motion detection system can be justi®ed by per-
forming these movements. Finally, statistical analysiselleon
estimates from the entire subject group was undertakehidn t

part, type-B uncertainty analysis will mainly be focused.
The proposed motion detector was evaluated by comparing

its performance with that of a marker-based optical tragki
system (Qualysis, Inc., Glastonbury, CT). Qualysis uses+e
re ective ball markers that can be identi®ed by cameras surCircular and rectangular patterns were printed on white
rounding an object. The ®rst Qualysis marker was placedeon ffaper. The subjects sat still on a solid chair with the patter
ulna of the wrist, the second was placed on the brachialiseof tpaper placed on a desk (height: 0.75 m) in front of them. Each
elbow, and the third was placed on the scapula of the shouldest lasted 20 s. During arm movement, subjects attempted
One of the MTx inertial sensors was placed 1 cm away from the keep their shoulder still, although the shoulder joinpex
wrist center (on the palmer aspect). The second was placedriamced minor displacement. It should be recognized tmat, i
the lateral aspect of the upper arm (on a line between thelatéboth cases, the wrist joint was driven to follow the designed
epicondyle and the acromian process). Sensor attachmerds vpaths. Therefore, we will only compare the trajectory of the
similar to that shown in Fig. 1, where each sensor box verist joint with the designed trajectory. Fig. 5 shows oneley
mounted on a polyvinyl-chloride holder using Velcro straps of the repeated movements, following two motion patterns,
Before tests started, test subjects sat straight. Thesteelxi respectively. This reveals that, in the case of a circle ompthe
approximately 99 between the upper and lower arms in theroposed tracker has a 3-D trajectory very close to the dedig
starting state, where the upper arm was vertical to the groutnajectory. Although some discrepancy exists between #ie d
plane. The world coordinate system originates from the khosgigned and estimated trajectories, this discrepancy wgashan
der joint (acromian process). The and z-axis of the world 0.015 m and was mainly due to arm shake and uncontrolled

B. Experimental Setup for Real Data

rb. Task 1: Circles and Rectangles
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Fig. 6. Measurement error of the wrist position in Task 1. (a) RMS errors. (b) Drifts. (xc, yc, and zc are the estimated 3-D coordinates in circular motion, and xr
yr, and zr are the estimated 3-D coordinates in rectangular movements.)

70
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©

Fig. 7. Measurement comparison (one test subject) of Euler @hgfdandividual limbs and the 3-D trajectory of the wrist and elbow joints by the Qualysis and
our system in the reach test. (a) Angle of the upper arm. (b) Angle of the lower arm. (c) Trajectory of the elbow. (d) Trajectory of the wrist. (Thg isajector
expressed in meters, and the angle is expressed in degrees.) (Black line) Ground truth. (Blue circle) Estimation by the proposed algorithm.

movement. The correlation coef®cients (CCs) betweenatyclas the time derivative of the change in triaxial error. Fifn)6
rectangular estimation and their corresponding designe weshows the averaged drift of the wrist position over 30 s. It is
97% and 95%, respectively. This indicates that the new motievident that the proposed system has insigni®cant (&t
capture system obtained accurate estimates. 3£ 10 4 mg 1) due to the correction by the Kalman ®lter.

To evaluate the performance consistency of the new system,
we computed the RMS error of joint position measuremenbs
over 30 s. Fig. 6(a) shows the RMS values of joint position”
measurements, indicating that the errors of position nrteasu Measurements of the proposed algorithm were directly com-
ments are less than 0.012 m. Due to tremble or shake in fhered with those of the Qualysis optical motion tracker.sThi
upper limbs, a relatively large SD can be observed in somemmercially available system has a dynamic measurement
axes, e.g., yc and yr. On the other hand, position drift i;née® error of less than 3 mm in all directions (radius2 m). Figs. 7

Task 2: Daily Activities
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60 T T T T T T

Upper arm — Euler angle (deg)
Lower arm — Euler angle (deg)

Time (sec)
(a) (b)

02 .15 0
(©) (d)

Fig. 8. Measurement comparison (one test subject) of Euler @nhgfandividual limbs and the 3-D trajectory of the wrist and elbow joints by the Qualysis and
our system in the hand-to-mouth test. (a) Angle of the upper arm. (b) Angle of the lower arm. (c) Trajectory of the elbow. (d) Trajectory of the wrist.
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Fig. 9. Measurement error of the joint position in Task 2. (a) RMS errors. (b) Drifts. (xw, yw, and zw are the wrist coordinates, and xe, yeedhd ethaw
coordinates.)

and 8 show the Euler angle and 3-D trajectories of the wrist  For all ®ve motion patterns, Fig. 9(a) shows the overall RMS
and elbow joints, by Qualysis and our systems, in the readh agrror in the measurement of the joint position. Each session
hand-to-mouth tests, respectively. (Only some of the regkea(i.e., the complete test for each motion pattern) lasted &@ds
movements are shown.) It can be observed that the estimates repeated ®ve times. Thus, each motion style was recorded
approximate the ground truth data. In Fig. 8(c), howeveg, tlior a total of 100 s. In most estimations, the RMS values were
estimation of our algorithm did not properly follow the grali less than 0.008 m, and the corresponding SD value was less
truth. This is because the shoulder position graduallytethif than 0.005 m. This indicates that the proposed system psvid
during sampling and therefore led to relatively larger eemus noise or offset immunization. In drift statistics, Fig. 9(bveals
measurements. that no signi®cant drift is observed during the period. (The
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TABLE I rank tests show that there is no signi®cant statisticareiffce

STATISTICS OFERROR IN THEJOINT POSITION MEASUREMENT AT
DIFFERENTMOTION SPEEDS(UNIT: METERS between the ground truth and the measurements.

Speeds (ms~!) Location Mean SD RMS Correlation p-value

0.05 Wrist  0.002 0.003 -0.006 0.96 0.28 G. Error Reduction Using Kalman Filtering (KF)
Elbow  0.003 0.002 0.005 0.96 0.22 . . .
0.1 Wrist  -0.004 0.005 0.004 0.96 0.31 Finally, we compare the results of using a Kalman ®lter with
Elbow  0.003 0.004 0.006 0.97 0.27  those of not using a Kalman ®lter, which only used a direct
0.15 Wrist  0.003 0.004 0.003 0.96 0.25 . : lqorith ki . |
Elbow  0.005 0.005 0.004 0.98 0.29 mtegrqﬂon ggorlt m and a kinematic mode to' reconstruct
0.25 Wrist  -0.006 0.008 0.008 0.97 0.3 the trajectories of joints. Table IV presents that, in gahea
Elbow  -0.004 0.005 0.006 0.95 025 Kalman ®lter can signi®cantly reduce error in the oriemati

TABLE Il estimates of the upper and lower arms, compared with those in

STATISTICS OFERROR IN THEROTATION MEASUREMENT ATDIFrerent  WHiCh no Kalman ®lter is used.
MoTION SPEEDS(UNIT: DEGREEY

Speeds (ms™1)  Location Mean SD RMS Correlation p-value IV. DISCUSSIONS
0.05 Lower arm  -2.43 1.97 2.33 0.97 0.37
ILJPPer arm 179 145 2-24 0.96 0-21 A signi®cant feature of our system is its slow drifts. The
0.1 ower arm -2.53 2.35 241 0.96 0.2 f . . :
Upper arm  2.20 244 2.38 0.97 0.9 human upper limb is located using sggment rotation cordecte
015 Tower arm 211 2.67 2.25 0.97 0.26 by a Kalman-®lter-based sensor fusion strategy. It turngd o
Upper arm  2.69 235 2.06 0.94 0.17 that angle estimation was reliable without signi®cantt,dsid
0.25 Lower arm 223 2.14 2.16 0.97 0.31 e e
Upper arm 213 2.03 2,05 0.98 092 the joint position was accurately measured (RM$.009 m

and SD< 0.005 m in Fig. 9). Errors may be due to inertial

maximum SD is 0.0006 md.) Using CCs and Wilcoxon changes, sensor nqise, estimation error, anq the relative-m
sign rank tests (p-value), the position estimates of outesys ment of sensors W|th_regard to the underlying bony_ angtomy
were close to the referenced results (CC: 93%+97%; p-vall@3]: This accuracy is better than that reported in litera-
> 0:05). ture. [4], [24]. o S -

First-order derivatives of inclination differences wersed
for optimal ef®ciency and convergence. No signi®cantsdrift
were observed in these reported results. This can mainly-be a

Speed variations are often observed in human daily lifFibuted to the following: 1) The movements of the human uppe
These variations may deteriorate the accuracy and consjstelimbs were presumably rigid. This assumption was justi®ed i
performance of a motion detector. To discover the consemuesome particular motion patterns since the computation was s
of changes in motion speed, we practiced movement with tBse to a real value that further optimization mainly sggetap
upper limbs at four different speeds (approximately): 0%, estimation with speci®c constraints. 2) Estimation of tiet]
0.15, and 0.25 nis. Each test session lasted 20 s. Before teg¥gsition entirely depends on the orientation measurements
are launched, segmentation calibration is conducted tptad&onsistent and stable orientation measurements usingwaeal
the tracking system's parameters. Tables Il and Il illagsr ®Iter will result in optimal position estimates.
that, even though motion speeds signi®cantly change, erroAnother important feature of the design is its simple hard-
statistics do not signi®cantly change. (The mean error ef tare. Two inertial sensors were employed in this study; they
joint position is less than 0.007 m, and the absolute me#ere independently used for angle and position measurement
error of the segment angles is less thant3.This suggests This feature is, to some degree, similar to traditional strategies,
that our algorithm has not been affected by speed variatiohere three or more inertial sensors have usually beeneappli

Wilcoxon sign rank tests also verify that the error from thed0 acquire the movements of wrist, elbow, and shoulder [17],
two movements has no statistical difference. [25], [26]. Our sensing system is successful due to its cbest

performance for motion detection in real-world applicatio
Moreover, the proposed system ef®ciently computes pagasnet
and could converge to an ideal minimization.

Sensor relocation is an issue that may result in a large erroiThere are some limitations to the proposed system. Perhaps
because of the effects of different anatomical charadtesis most signi®cantly, the current system cannot measuredsgroul
To investigate the effects of sensor relocation, we moved thosition due to its lack of sensor con®guration. If one oremor
two sensors from their current positions to the middle negioinertial sensor could be placed on the trunk, then the skould
(roughly) of the upper and lower arms. The new positionsosition could accurately be determined. In this case, tite c
are 0.07 m away from the current positions. Compared witknt system needs to be signi®cantly developed. Secotttgfur
Figs. 10 and 11, which are the outcomes before the sensoes weduction of error in joint Euler angles and positions ndeds
relocated, Fig. 12 shows that the limb rotation leads to arBRMarefully addressed. The overall experiments demonsitthte
error of less than®3 with a drift of less than 0.04s. Addi- higher accuracy in position or angle estimation is necgssar
tionally, in spite of this sensor relocation, small erroetviieen One possible solution is to apply further constraints on the
the estimates and the reference are shown in Fig. 13 (RMSphysiological models of joints to improve estimation acmyt
0.006 m and drift less thaft5£ 10 2 ms ). Wilcoxon sign For example, further constraints on the elbow angle can lead

E. Effects of Movement Speed

F. Effects of Sensor Relocation
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Fig. 10. Measurement error of the joint position in Task 2 when the sensor position has been changed. (a) RMS errors. (b) Drifts.
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Fig. 11. Measurement error of the limb rotation in Task 2. (a) RMS errors. (b) Drifts. (xI, yl, and zl are the lower arm Euler angles, and xu, yareatie: zu
upper arm Euler angles.)
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Fig. 12. Measurement error of the limb rotation in Task 2 after the sensor location was changed. (a) RMS errors. (b) Drifts.

to improvements of the estimation of the relative orieoiati
of the upper arm and forearm [27]. Third, the current motion
detector frequently applied a segmentation calibraticioiee ~ The purpose of this study was to develop a novel and
a parameter measurement was conducted. The advantageelidible motion detector for estimating movement in human
using such a scheme is to further reduce slow integratidtsdri upper limbs. The proposed motion tracking technigue ctmsis
whereas gyroscopes and accelerometers were employed-to @éthree stages: 1) frame transformation; 2) rotation esiion;
erate inclination estimates. Without this calibration gass, and 3) arm location. We have evaluated the designed system us
signi®cant drifts (particularly around the vertical dires) ing the following daily activities: circular, rectangularotion,
were observed. Therefore, an alternative means needs tordmch, hand to mouth, “exion-extension, and elevation. Emp
explored to avoid the calibration demand. ical evidence shows that our system composes no restriction

V. CONCLUSION AND FUTURE WORK
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