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Abstract—Walking speed is an important determinant of assumption and rely on data-driven pattern recognitioh-tec
energy expenditure. We present the use of Gaussian Processniques to derive estimates of motion from inertial data. The
based Regression (GPR), a non-linear, non-parametric regssion ;se of pattern recognition techniques to determine paemet

framework to estimate walking speed using data obtained frm . .
a single on-body sensor worn on the right hip. We compare the Of €nergy expenditure is not new [9], [10]. Accelerometer

performance of GPR with Bayesian Linear Regression (BLR) ad  Outputs have been correlated to treadmill and overground
Least Squares Regression (LSR) in estimating treadmill waing  walking speeds using linear and quadratic regression raodel
speeds. We also examine whether using gyroscopes to augmenf11]. These parametric models need to adequately reprérsent

accelerometry data can improve prediction accuracy. GPR stws  gtryicture of the modeled data to be accurate. They alsoreequi
a lower average RMS prediction error when compared to BLR

and LSR across all subjects. Per subject, GPR has significdgt 2 Ic_)t of clean, C(_)mplete, and un_correlated data to t_)e pry)perl
lower RMS prediction error than LSR and BLR (p<0.05) with  Vvalidated. In this context, we introduce the application of
increasing training data. The addition of tri-axial gyroscopes Gaussian Process based Regression (GPR), a non-parametric
as inputs reduces RMS prediction error (p<0.05 per subject) data driven regression technique in estimating walkingdpe
V‘#e”t C‘}mpf’.‘red tto using Onlﬁ(.accﬁr?m?ters- \év.etalso St”dy(}he In non-parametric methods such as GPR, the model structure
errect of using treadmill walking data 10 predict overgroun - e P [ .

walking speeds and that of combining data from more than one 'S not specified a priori but is instead dgtermlned from data.
person to predict overground walking speed. A strong linear Accelerometers have also been used with neural networks in
correlation exists (x,y = .8861) between overground walking detecting speed and incline of outdoor walking[12]. Chogsi
speeds predicted from treadmill data and ground truth walking  the optimal number of hidden units (and hence the complexity

jsepc‘ise‘il/vmlegfn‘q’ﬁg?-hgigmbéwg?aé{gﬁg&”s' iﬂ?‘gfo\f/rgg‘th”g”g;gé‘?ct?gﬁ of the hidden layer) in conventional neural networks relies
capability of GPR for overground walking speeds as measured ON heuristics or cross-validation. Also, a large number of

by correllation between ground truth and GP-predicted values Parameters to train for means that neural networks are prone

(rx,y = .8204 with combined data). to overfitting. By contrast, since GPR is data-driven, model
Keywords: Gaussian processes, Accelerometers, Gyroscape complexity is derived from the data itself. GPR also uses a
Walking speed estimation probabilistic approach to model prediction uncertaintysth
eliminating the need for cross-validation.
|. INTRODUCTION The human body can be modeled as a series of inter-

connected rigid objects, each of which can be rotated or

Nearly half the United States population (45%) is expecteghnslated relative to its neighbors in free space [13]. The
to be obese by 2020, decreasing life expectancy and qualigsumption behind using accelerometry for physical agtivi
of life significantly [1]. It is believed that weight gain clou monitoring is that data from an accelerometer represents
be prevented by achieving small changes in behavior, sustidy movement [14]. Rigid body movement however consists
as 15 minutes per day of walking [2]. Walking is the mostf both accelerations and rotations. Therefore, to track a
common type of activity among people who are physicalljigid body one should track both translations and rotations
active [3]and a critical component in energy expenditirdf# However, rotational data cannot be completely separated fr
the face of the current obesity epidemic, findings suggest thranslational data from a single triaxial accelerometes].[1
encouraging walking habits in the general population coufthus, there is merit in tracking rotational rates sepayattk
be effective in preventing and reducing obesity [5]. Theref use this idea to examine whether addition of gyroscopes can
accurate detection of walking speed could be a valuable taihance walking speed estimation.
in enhancing public health. Walking speed estimation algorithms lack a consistent- sca

Over the past decade, there has been considerable reseabdd ground truth on which to base training. One approach
directed towards the detection and classification of playsids to use ground truth obtained from a treadmill to estimate
activity patterns from body mounted inertial sensors [§jp-T overground walking speed. Studies have explored whether
ical inertial sensors contain an accelerometer with two orem activity parameters derived from treadmill walking could b
gyroscopes to provide kinematic information. Acceleraanet used in overground walking [16]. We build on these studies
and gyroscopes have been combined to determine orientatigth an experimental evaluation of using data from treatimil
of human body segments [7] and to track the center wfalking to predict speeds in overground walking using iiaért
mass of trunk movement [8]. These studies make the implisiénsing.
assumption that an inertial sensor provides motion inféiona  In this paper, we address the problem of estimating walking
of the segment to which it is attached. We adopt the sampeed using on-body inertial sensing using GPR. We use an
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(a) An example of periodic signals obtained from the right bf a single  (b) The Fourier transforms of the accelerometer stream fi@imgle subject

subject while walking at a constant speed of 2.5 mph. on the X-axis for steady state walking at 2.5 mph and 4 mph.ndefi
peaks that are characteristic of the walking speed suggestsestimation
by monitoring the frequency spectrum

Figure 1: Periodicity in walking signals obtained from itigr sensor data from one subject on the illiac crest of thatrhip

inertial sensor that combines data from a tri-axial acosler  We examine the periodicity of this signal by computing
eter and a triaxial gyroscope and show how the frequenity Fourier transform. The blue area of Fig.1b is the Fourier
characteristics of these signals are related to speed &fiwal transform of the accelerometer signal as measured on the X-
Sec. Il. We show how one can take advantage of functioretis. The transform consists of peaks at definite frequencie
maps between periodicities and speeds to train a Gaussldre peaks occur at the same frequencies for the other sensor
Process based Regression (GPR) model in Sec. lll. To atreams (in all 3 axes) as well. Furthermore, the location
knowledge, GPR with inertial sensing has not been useflthese peaks is a function of walking speed. In the same
for walking speed estimation. We describe two experimentidure, the red area is the Fourier transform of the X-axis
studies in Sec. IV. The first is a comparative analysis of GP&celeration signal while walking at 4 mph. The peaks are
with well-known regression techniques such as Least Squashifted to the right indicating higher frequency composent
Regression (LSR) and Bayesian Linear Regression (BLR). Wais is because walking at higher speeds takes a smaller time
also study the effect of varying window size and addition gferiod per gait cycle implying higher frequency components
gyroscopes. The results of this study are in Sec. V-A. THehis suggests that one can track walking speeds using the
second study describes the effects of combining treadmdll afrequency spectrum as a representation of periodicity.
overground walking data on predicting overground walking

speeds. The results of this study are in Sec. V-B1. B. A Visualization of Signal Periodicity with Changing Walk
Our results demonstrated that GPR had a lower average RM8 Speed

prediction error when compared to BLR and LSR acrossTop visualize how walking speeds evolve with changes in
all subjects and a significantly lower RMS prediction errofhe frequency spectra of movement signals, and to explore
(p<0.05) on one subject. A strong linear correlation existgyhether these features can be mapped to their corresponding
(rx,y = .8861) between overground walking speeds predictegheeds, we performed a Principal Component Analysis (PCA).
from treadmill data and ground truth walking speed measuretlg. 2 jllustrates a 3-dimensional visualization of thetftrsee
Combining treadmill data from multiple subjects with siatil components of the frequency spectra for a range of walking
height characteristics improved the overground speedi@redspeeds from 2.5 mph to 4 mph increased in steps of 0.1 mph
tion capability of GPR. for five minutes per speed. Ground truth for these speeds was
recorded on a treadmill. Data recording and feature extnact
Il. A FREQUENCY-BASED INTERPRETATIONOF WALKING  procedures are outlined in Sec. IV. Variance preservedén th
. , first three components is 76%. The visualization shows that
A. Periodicity in Walking there is indeed a continuous evolution of feature vectoth wi

Steady state walking is cyclic. There is a wealth of literatu changing speed. We thus formulate the hypothesis that ane ca
in examining the gait cycles in walking and the associaté&$timate walking speed by tracking these features and aim to
periodic limb movements [17], [18]. Our approach involve§nd this estimation map.
capturing this inherent periodicity from a single inersahsor . o .
worn above the illiac crest on the right hip. Fig. 1a shows: Mapping Periodicities to Walking Speeds
a typical plot of the signals received while walking at a We use Gaussian Process based Regression (GPR) to find
constant speed of 2.5 mph. Movement data are capturedthie correspondence between feature vectors and the speed of
the form of six time series using a tri-axial accelerometat a walking. GPR was chosen because it represents a data driven
tri-axial rate gyroscope. These signals correspond dyréot regression method. The utility of GPR stems from its ability
the accelerations and rotational rates of the hip as feltby tto define a probabilistic model over data, mitigating theet$
sensor in its local frame of reference. of overfitting and avoiding cross-validation. GPR is ddsed
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Figure 2: A PCA Based Visualization of Walking Speeds: Thcbar indicates ground truth speed. Each figure shows an
evolution of the top 3 principal components of the Fouriangforms of windowed sensor signals. A clear evolution afifees

with increasing speed is seen. This shows that speed caratleett by observing the periodicity in walking signals using
Fourier transforms.

in terms of kernels, avoiding the explicit introduction of gointsz; andz;, given by k(xz;, z;), returns the covariance
feature space allowing us to use feature spaces of infinietween the correspondiisg, variablesf(z;) andf(z;). To
dimensionality thus allowing non-linear mapping. completely specify a GP, it is enough to specify the pararsete
We compare our approach to Least Squares Regression (LBR) and k(x,x’). Each f(z;) is marginally Gaussian, with
and Bayesian Linear Regression (BLR). LSR offers a baselimeanyu(x;) and variance: (z;, x;).

performance comparison with GPR. BLR allows comparisdn our work, the input data spacgr;}Y , is the Fourier

of GPR to a probabilistic parametric model. BLR was chosaransform of the windowed time series of all six sensor
to avoid the issues of cross validation and over fitting (BLRtreams. The output functiodg (x;)}2_, are the ground truth
also incorporates a probabilistic framework). We restoigt speeds. These are measured off-body using ground truth from

experiments to straight line walking to isolate the effett @ treadmill or a distance wheel as outlined in Sec. IV.
speed on inertial sensor data.

B. Gaussian Process Regression
I1l. GAUSSIAN PROCESSBACKGROUND

A Definition Training a GPR model is equivalent to modeling a joint
: distribution over the speed mapping functioff§=;)}¥ ;and
A Gaussian Process (GP)[19], [20] is defined as a prohasing this model to map an unknown data point to its cor-
bility distribution over functiongf (z1), f(z2),...f(zn) eval- responding speed. Consider a target quantitythat needs
uated at pointszi,za,...xx such that any finite sub-to be predicted for a givem,. In generalt, need not be
set of the functions{f(z;)};*, has a joint multivariate a linear map nor observable directly. We assume that our
Gaussian distribution. Consequently, for a given set @fapping functionf(xz,) is the required:,, with an additive
points x=[z1 z3 ...zn]", we have a corresponding vectonoise component, i.et, = f(z,) + ¢, wheree ~ N(0, o2).
Fo =[f(x1) f(x2) ... f(zy)]"that belongs to a multivariate This ensures that the expected valuetof, E[t,.] = f(z,).
Gaussian distribution, It follows that p(t. | f(z,)) = N(te, | f(zn),0%) or in
generalp(t] f(x)) = N (t| f(x),02In), where N is the size of
Fo o~ N{ux), k(x, x)} (1) the data (sp|aée.))Also, E/v|e IEnZ)W thﬁgz ~ N{u(x), k(x, x)}.
whereu(x) is the prior mean functiofu(z1) pu(z2) ... u(xn)] In the absence of prior knowledge abqufx), we assume
and k is the kernel function. The kernel function for two u(x)=0 .



probabilistic approach means that one need not rely onross
validation or heuristics to determine model complexityalko
means that one can evaluate the confidence of a prediction
when making decisions based on that prediction.

IV. EXPERIMENTAL STUDY

We present a comparative experimental study to evaluate
the utility of GPR applied to walking speed estimation from
inertial sensor data. The study is in two parts. In order to
test the algorithm with a readily available ground truth and
examine the tradeoffs in tuning parameters, we performed
a series of tests on a treadmill. The results of this study
are described in Sec. V-A. Second, we studied how GPR-
based speed estimation is affected by using training data fr
O 50 100 150 200 250 00 30 400 450 00 treadmill walking alone and from combinations of treadmill

Test Sample Number and overground walking. These results are described in Sec.

Figure 3: An example of predicting walking speeds usin\d'B'
GPR on one subject. The black line indicates ground trufl Hardware

from treadmill data, the blue line indicates the predictellie | i1\ arsion of the Sparkfun 6DoF Inertial Measure-
and the grey background is one standard deviation interVglent Unit (IMU) [21] was used to collect motion information.

Predicted speed (mph)

Modelling uncertainty is a key-property of GPR Data were sampled at 100 Hz. The unit uses Bluetooth to
transmit data to either a nearby PC or mobile phone. The use
It can be shown that, of sensors in all three axes allows us to capture periodiity
p(t) = N(t|0,Cy), (2) all three planes — sagittal, frontal and transverse.

whereC(z;, z;) = k(z;,z;) + 026;;¥i,j = 1,2,...N. For a B. Test Population and Experimental Methods

new pointz, there exists a corresponding target quantity  gight healthy adults (four men, four women) of varying

Since?; also belongs to the same GP, it can be appendedigghts, weights and ages (subjects 1-8) walked at 7 pre-

the original target set to obtain a larger $gt;1, such that, yatermined speeds (2.5 mph, 2.8 mph, 3.0 mph, 3.3 mph,
3.5 mph, 3.8 mph, 4.0 mph), or until breaking into a run.

pltn+1) = N(tn41]0,Cya) () The duration of walking at each speed was 5 minutes. Table |

Because this joint distribution is Gaussian by definitio® wdescribes the study subjects. All subjects wore a singltigthe
have, sensor above the illiac crest on the right hip as shown in Fig.
Cy k 4b. Subjects were asked to wear the belt tightly to prevent
Cn+1 = ( kT ¢ ) (4) any slippage. The treadmill used for the experiments was the

research quality NordicTrack A2550 PRO. Subjects were de-
wherek has elemer;tk(a:n, zn41) forn=1,...,Nandc= |ierately chosen to represent a cross-section of heigyess,
k(zni1,zn41) +oZ. From this, we evaluate the conditionaBody Mass Indices (BMI) and both genders to demonstrate
distribution,p(tx+1[t), which is a Gaussian distribution with,the utility of GPR across a diverse population. Ground truth
for treadmill walking was the displayed treadmill speed.

m(ry11) = kTCy't (5)

o*(zn11) = c—k'CR'k (6) [ Attribute [ Mean| SD [ Max Value [ Min Value |
Thus estimating a target speed from training data amounts tp_Age (yrs) | 33 | 10 48 23
evaluatingCy, k and ¢ and using these values shown in Egs.| Height (m)| 1.75 | 0.12 1.85 1.58
5 and 6. BMI 26.4 | 5.3 34.5 22.0
C. Choosing an Appropriate Kernel Function Table I: Statistics of Test Population

Additionally, data of a finer granularity were obtained from
a different healthy adult (Subject 9, Age 23, Height 1.82m,
BMI 21) who walked at 16 pre-determined speeds from 2.5
do 4.0 mph for 10 min per speed in intervals of 0.1 mph.
fror each recording of overground walking, Subject 9, wegrin
an inertial sensor on the right hip walked for a period of 11
seconds in a straight line on a flat, hard surface indoors. The
k(zi,xj) = U?_e*%(rrr]‘)TS(zfrj) +026;; (7) distance moved during the recording (in metres) was medsure

using a distance wheel, as shown in Fig. 4c. A set of 80 such

recordings were made.

To reflect that feature vectors with small interpoint Euiclid
distance are more likely to output the same walking velesiti
while capturing the common periodicity represented byueat
vectors due to an underlying periodicity in walking we ch®o
the radial basis function kernel. The complete kernel wi
noise modelling is therefore,

D. An Example of GPR in Estimate Walking Speeds

Fig. 3 illustrates an example of a particular trainingitest C- Feature Computation
instance of GPR on a single subject. The grey backgroundEach signal was passed through a bandpass filter with 3dB
indicates the confidence interval for the prediction up toutoff between 0.1 Hz and 20 Hz. These cut-off frequencies
one standard deviation. The usage of confidence intervalsre chosen keeping in mind that everyday activities faihin
illustrates the merit of using a probabilistic approachingsa frequency range of 0-10 Hz. The feature vector is computed



(a) Modified Sparkfun 6DoF inertial sensor used, (Dimensioifb) Example mount of the inertial Sensor or{c) Overground walking data ground truth
3.6"x 24" x 1" the right hip collection using a distance wheel

Figure 4: Hardware Setup shows the inertial sensor, its tirogion the hip and a typical data collection in free walking
situation

on sliding windows with 50% overlap by finding their N-point . .
FFT. The optimum window size was chosen in hindsight from T [ IaP-regression
experimental results (Sec.V-A3) as 1024 samples per window ey
over 512 samples. From experimental results it was shown |
that the increased frequency resolution of the 1024 poifit FF

results in lower average RMS error. The complete feature
vector consists of the Fourier transforms of the respective
window instants for each sensor stream.
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V. RESULTS
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We describe the experimental results in two sections. Sec.
V-A shows results from studies conducted on treadmill data
alone. Sec. V-B describes results predicting overgroun-wa
ing speed using models based on treadmill data.

ooz

Average RMS Prediction Error (mph)

10 20 30 40 50 G0 70 a0 80

A. Predicting Treadmill Walking Speed Percentage of Training Data

1) Testing Procedure:For treadmill walking, a fraction - } .
of recorded data was randomly sampled and partitioned irﬁ@ure >: Relative performance of GPR, BLR and LSR on

training data for each subject. The remaining fraction densMultiple subjects. Each bar shows average RMS etrot
tuted test data. For each algorithm, five separate training r standard deviation. Average RMS error across users dewseas
were executed for each subject. After each training phaéth relative increase of training data. GPR has a lowerrerro
the algorithm was tested on the remaining data points titan BLR or LSR. The variance across users is high indicating
predict the walking speeds. RMS error was calculated fee diversity of the population.
each instance of test data and the results were averaged
over the five runs to combat sample bias. This constitutesralependent of the algorithm used. These errors were avdrag
measure of performance of each algorithm per subject. Thesgoss a diverse range of subjects. The inherent diversity
results were then averaged over all subjects to provideohthe test subjects, while providing an adequate proof of
complete comparative picture of the performance of theethreoncept for the algorithm contributed greatly to the varan
algorithms. of the prediction error. Walking speed has been shown to be

2) Relative Performance of Algorithm&ig. 5 summarizes a function of height, BMI, age and gender. The variances in
the results of increasing the relative size of the trainiagad prediction error were on the order of .1 mph. However, GPR
on the mean and variance of average RMS prediction eriead significantly lower RMS errors at 70%, 80%, and 90%
across subjects. This provided insight into how much of thegaining (all p < 0.05). Using large percentages of trairtiaga
dataset should be partitioned and used for training, beyogah still counter the effects of variance across users. ayeer
which reduction in RMS error is minimal. Average RMSerror per user had a lower variance of .01 mph.
error reduced with increase in training data size. Beyor¥d 50 To provide a complete picture of algorithm performance,
training data, additional training data yielded small reithns consider Fig. 7 which shows the average RMS prediction error
in RMS error. For small percentages of training data, tHer all three algorithms as a function of increasing tragnin
performance of all three algorithms was comparable. Withata in a single subject (subject 9). Data from subject 9 was
more training data, both GPR and BLR performed better thahosen because of fine-grained speed information, thowgh th
LSR. results were equally valid on all other subjects. The vaan

It is important to put in context the high variance in RMSvas across multiple training instances with different @ndy
prediction error across users. This variance indicates heampled training data and provided a measure of the re-
RMS prediction error changes from subject to subject. Threatability of the speed-prediction capability. RMS po#idin
variance was comparable to the mean error and appeared tetvers for both GPR and BLR decreased as a function of



. . dow sizes will provide increasingly finegrained informatio
—i about the spectral components. However, the window cannot
[ Jwithout Gymscapes be made arbitrarily large as we have only a finite dataset Wit

’ this in mind, the choice of window sizes was narrowed down
to 512 samples per window and 1024 samples per window. At

01k

008 ] 100 Hz sampling frequency, this approximately correspdods
a time window of 5 seconds and 10 seconds respectively. Fig.
ol - 8 illustrates the effect of using window sizes. Using a windo

size of 1024 resulted in a smaller RMS error (p<0.05 at 70%
training and above). However, one can still use a window size
of 512 if there is only a small training data set available.
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Figure 6: Effect of addition of gyroscopes across multiple
subjects. Each bar shows average RMS errofl standard

deviation. Average RMS error is lower with addition of

gyroscopes regardless of percentage of training data used.

004

increasing training data. GPR performed increasinglyebett
than BLR under the same conditions. By contrast LSR showed
much larger error with higher variance. This was expected
as LSR is prone to overfitting and is not robust to outliers. o
Using ANOVA, the p < 0.05 at all training data percentages
indicating that all results were statistically significant

When data from each subject was analyzed individually, . ; ; ; ;
saw that GPR showed a lower average RMS prediction e;’ﬁgure 8.~Compar|son of wmdow sizes of 1024 points per
when compared with BLR and LSR. Even across subjects w ndpw (qus) and 512 points per windowsbs) across

a wide range of physical characteristics, GPR showed afsigrinultiple subjects. Each bar shows average RMS ettot
icantly better performance when a larger relative perggntd  Standard deviation. Average RMS error across users isdess f
training data was used. This indicates that GPR shows supefi024 points per window due to increased frequency resaeiutio
performance when a large quantity of data is available.  leading to fine-grained features being tracked.

4) Effect of Addition of Gyroscope&he addition of gyro-
| scopes provides information about torso rotational r&igs.6
wsl Lo fegerson | shows the average RMS prediction error across all users with
S i and without gyroscopes for GPR. With increasing amount of
sl h | training data, the difference in average RMS predictionrarr
the GPR case decreases. This suggests that one can offset the
sl 1 i effect of not using gyroscopes with more training data. gsin
T ANOVA, the p-values were greater than 0.05 in all cases,
sl i which must again be put in context considering variations
across subjects. Per subject analysis shows that the auditi
il i gyroscopes significantly reduces average RMS error (p<0.05

Adrdaddd 2%

1 5) Per-Speed AccuracyFig. 9 shows the speed-wise RMS
ﬂ prediction error on test data (70% of data used for training,
T 1024 samples per window) on Subject 9. All speeds were uni-
Percentage of Training Data formly sampled during the training phase. The predictionrer
was not uniform for all speeds. This leads to the interesting
Figure 7: Relative performance of GPR, BLR and LSR on laypothesis that faster speeds constitute a different regifm
single subject (subject 9).Each Bar shows average RMS ervglking. If so, there would be merit in separately training f
+ 1 standard deviation. Relative performance of GPR is fitese speed ranges thus offering the prospect of being able
superior to LSR and better than BLR (p>0.05 in all Casegg)useparate out walking regimes. It must be remembered that

o r per-speed error results hold only for one subject and the
GPR has the least average RMS prediction error. same result might not generalize to other subjects. We aim to

3) Effect of Window SizeThe fundamental assumption inexplore this in future work.
our approach is that the signal on which we train is periodj - .
in nature. Each sliding window represents a time evolvirg: Predicting Overground Walking Speed
shapshot of the signal. The FFT of this snapshot must captur& he second half of our experiments examined how treadmill
this periodicity. This implies a minimum window size belowdata could be used in estimating overground walking spéeds.
which the periodicity is not sufficiently captured. Largeinw is easy to record samples and train models of movement data
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Figure 10: Increasing relative percentage of training data 2 11 1‘5 8 0 z 24
reduces the average RMS testing error. RMS errors are in
the range of the speed themselves. This is due to consistent - . .
underegtimation oprPR and the presence of a bias term. tﬁgure 1_2: _(_Zombln_lng data from .tW_O subjects with th_e same
height significantly improves prediction of overground kiay
for pre-determined speeds on a treadmill in closed labpratspeed in one subject.
settings. If this learned model could be used to predict-over
ground walking speeds, it would present a scalable trainidg¢ shows a scatter plot of GPR predicted values versus
method for obtaining personalized models. We focused cm d&ctual distance covered. We plot distance instead of speed
collected from Subject 9. For each recording of overgrour$ in our analysis, the two are related Wistance =
walking, Subject 9 walked for a period of 11 seconds in &peed (inmph) x .44704 x 11 (m). The red-line indicates
straight line on a flat, hard surface indoors. Treadmill dathe line of best fit. The black line indicates the ideal line
from subject 9 was used to train a GP model and speg@presenting perfect correlation between ground truth and
(in mph) were predicted for each overground walking datas&PR predicted values. The slope tells us whether we over-
Speeds were converted to appropriate units and multipfed @stimate or und.erstimate the dista}nce travelled. Theeydapt_
time travelled to give the predicted distance moved. Featdglls us how biased the treadmill dataset is for prediction.
vectors were extracted (as explained in Sec. IV-C) usingT&e slope and y-intercept of this line were 0.68 and 3.2
window size of 1024 samples and using gyroscopic data. respectively. A .value of 0..68 indicated. that the distancs wa
trained and predicted from overground walking data alongl€ beginning of each recording session, Subject 9 spent the
Fig. 10 shows our results. Training was done with GPR arist few seconds accelerating to a constant velocity, so the
average RMS testing error was calculated. Both the averaggady state walking assumption does not strictly hold. We
error and variance did not decrease when more than 50%{@§ted for linearity with the Pearson’s correlation cofit
the data was used for training. This was attributed to thdlsmeefined asryxy = COULUY) Analysis shows thatyy =
size of the original dataset due to which the algorithm woul®861, indicating a higﬁ positive linear correlation (B%).
over-train and can be mitigated with larger sized recorsling 3) Effect of Combining Treadmill Training Data from Multi-
2) Using Treadmill Data to Predict Overground Walkingple Subjects\We explored whether the use of data from people
Speeds:The second analysis addressed predicting overgrountdo share similar physical characteristics can signifigant
walking speeds using only treadmill data for training. Figmprove overground walking speed estimation on one of

Ground truth distance (m)



them. Data from Subject 3 (Height: 1.85 m, BMI 29) werde organized as clusters, each of which is a function of these
chosen along with data from Subject 9 (Height: 1.82 m, BMdarameters. The use of clusters would facilitate data ciidie

21). Data from Subject 9 was downsampled by pruning oby grouping people with similar physiological parameters i
those speed recordings for which there was no analogdhe same equivalence class. Using clusters might also enabl
recording in Subject 3 thus forming the same equivalenegtrapolation to new subjects who do not fall in a particular
class. Data from each subject were used separately as @sooategory. Finally we plan to explore the use of our techrsque
of training to predict distances covered by Subject 9. Data map feature vectors directly to a measurement of energy
from both subjects were then combined into one training sexpenditure. If successful, this will involve learning atata

as if from a “pseudo-subject” to predict the same distancgriven functional mapping from the periodicity of walking t
Fig. 12 shows the lines of best fit for each of the cases. Amergy expended thus bypassing walking speed estimation.
encouraging result was that although the equations of ties i ACKNOWLEDGEMENTS

of best fit for individual subjects (y=0.47x+71%,y = 0.7328  1his \work was supported in part by Qualcomm, Nokia, NSF
and y=0.54x+6.1x y .7556) were comparatively less CR-0120778) as part of the Center for Embedded Network
accurate, the combined data showed a much better m sing (CENS), and the USC Comprehensive NCMHD Re-
(y=0.71x+2.4;y,y = .8204). If generalizable this would soqrch Center of Excellence (P60 MD 002254). Support for
mean that recording movement data for subjects with similgr Vathsangam was provided by the USC Annenberg Doctoral

heights and grouping them together would enhance estimat
accuracies. This would also facilitate practical dataemtibn
by encouraging small recordings on a large number of indi-
viduals. We aim to explore this further in future work. (1
VI. CONCLUSION 2]

This paper described an application of Gaussian Process
based Regression (GPR) in estimating walking speed from 3
on-body inertial sensor. GPR is a non-linear, non-pardametr
regression method. The frequency characteristics of Egna
from a tri-axial accelerometer and a tri-axial gyroscop&ene 4
used to train a data-driven regression model. We compaeed tf’l
efficacy of GPR with well-known parametric techniques Least
Squares Regression (LSR) and Bayesian Linear Regressigp
(BLR).

Our results showed that GPR had a lower average RM[?’]
prediction error when compared to BLR and LSR across al
subjects. Beyond 50% training data used, additional tngini
data yielded small reductions in RMS error. Analysis on a7l
single subject (Subject 9) showed that GPR had significantly
lower RMS prediction error than LSR and BLR (p<0.05).[8]
Increase in relative percentage of training data in oneestibj
greatly improved estimation of accuracy of both GPR and BL
with LSR displaying effects of over-fitting. Using a window
size of 1024 samples resulted in a lower error across usglr(;é
as compared to using a window size of 512 samples becaus
of an increased resolution in frequency features. The imaddit
of tri-axial gyroscopes reduced the RMS prediction error &¥!l
walking speeds when compared to using only acclerometers.
The effect of introducing gyroscopes could be offset by gisin12]
more training data. Prediction across all speeds on awas not
uniform. Using GPR to estimate overground walking speeds
from overground motion data alone resulted in reduced erfaos]
with increase in relative percentage of training data. Arsjr
linear correlation existed-f y = .8861) between overground
walking speeds predicted from treadmill data and grounmh]
truth walking speed measured. Combining treadmill datenfro
multiple subjects with similar height characteristics noyed
the prediction capability of GPR for overground walking
speeds as measured by correllation between ground truth
GP-predicted values § y = .8204 when data from two users
was combined).

One limitation of our work is the generalizability of ourl17]
approach across multiple subjects due to a large inteestibjj g
variance. We plan to address this issue by performing a studg/
on the prediction of treadmill walking speeds for a muchl
larger population while labelling individual models in &g |5
of physiological parameters such as age, height, gender and
BMI. We aim to explore whether each of these models cé#tl

[15] B

fBllowship program.
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