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Visual inertial odometry based gait analysis
using waist-attached RGB-D camera

and inertial sensors
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Abstraci—In this paper, a visual inertial odometry algorithm is
proposed to estimate walking stride length and reconstruct walking
trajectory. Depth and color image data from a downward-looking
waist-mounted RGB-D camera is fused with its internal Inertial Mea-
surement Unit (IMU) data in an estimation algorithm to perform foot
detection and position estimation. Floor plane and foot positions in
stance phases are calculated and used as landmarks to construct
measurement equations for updating in the filter. A smoothing
problem is formulated as a linear optimization problem to improve
filter result. Experiments are performed to evaluate the walking
trajectory reconstruction and the overall root mean square errors
(RMSE) of walking stride length estimation is about 3.8 centimeters.

Index Terms— Visual inertial odometry, Gait analysis, RGB-D camera, Inertial sensor, Kalman filter.

[. INTRODUCTION

Gait analysis is to describe human walking ability based
on quantitative parameters such as cadence, stride length, and
walking speed [1]. Even though considerable research has been
done in gait analysis, this area is still gaining attraction largely
with the advent of new technologies and techniques [2].

Recently, a variety of sensor-based systems are developed
to perform gait analysis, where sensors are placed on the floor
(force sensors), inside insole of shoes (pressure or sensors), or
on the subject body (wearable systems like inertial sensors or
EMG electrodes). Floor platform-based and pressure sensors
provide an accurate measurement of force pattern and foot
pressure distribution to detect step and gait phases [3]. A force
sensing resistor or piezoelectric-based in-socket sensor system
can be used to detect gait phases from signal responses [4],
[5]. EMG is used to measure the muscle electrical activity
during walking, and to derive gait phases using the amplitude
of EMG signals [6]. There are limitations of space and cost
for those non-wearable systems.

Inertial sensors provide a cost effective solution with high
sampling rates and require low computing capability to detect
steps and estimate gait parameters [7]-[9]. However, accuracy
and robustness of inertial sensors-based systems need to im-
prove due to accumulative errors.
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Vision based gait analysis can be separated into direct
and indirect approaches. Direct method with optoelectronic
systems is a gold standard for movement tracking based on
markers placed on certain key points of the body with a sub-
millimeter precision [10], [11]. However, those systems are
expensive, difficult to set up, and cannot be used outside the
clinic or laboratory. Indirect vision based approach extract
features of the subjects (gender or human identity [12]) and
gait parameters (step length and duration or ankle angles
and distance [13], [14]) from image processing and machine
learning technique through a sequence of images. Others use
single or multiple fixed depth cameras to reconstruct 3-D shape
and volume during walking which can be used to extract
skeleton data and detect symmetrical gait troubles [15], [16].

Visual odometry (VO) is widely used in autonomous nav-
igation systems, humanoid robots or aerial vehicles to track
and reconstruct the motion of the camera in real-time using
sequential images [17]-[19]. However, there is currently no
research on applying visual inertial odometry to gait analysis.
In this paper, we propose a visual-inertial approach to detect
feet and estimate walking trajectory for gait parameter estima-
tion, where a body-installed RGB-D camera are used for data
acquisition. Relative attitude and relative position estimated
from a visual odometry algorithm and detected stance foot
position from depth image are used as measurement updates
for a filtering and smoothing algorithm to compute two feet’s
trajectories. The proposed algorithm is designed based on the
structure given in Fig. 1, where stance foot position estimation
is the main objective.

The remainder of this study is organized as follows. Section
II presents our system setup for data acquisition, the definition
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Fig. 1. Algorithm structure.

of the coordinate systems, and some notations. Section III
describes the system equations and state definition for an
inertial system along with extended states for the visual
odometry information. Measurement equation from the visual
odometry algorithm is derived for updating relative position
and relative orientation. Section IV presents the floor plane pa-
rameter estimation and foot tracking algorithm. Measurement
equations for the markers at the initial and final step, and the
measurement equation for the stance foot which is used as a
landmark, are derived in Section V. The filtering algorithm and
the formulation of the smoothing algorithm are summarized in
Section VI. Section VII presents the experiment results and the
discussion of the results, and finally Section VIII summarizes
the conclusions and potential future works.

Il. SYSTEM OVERVIEW
A. Hardware setup

The system setup is shown in Fig. 2. Images are acquired
using an Intel Realsense D455 RGB-D camera with a resolu-
tion of 640x480 pixels and a frame rate of 30Hz. Internal IMU
of the camera is configured to provide 200Hz accelerometer
and 200Hz gyroscope data. Two infrared markers are mounted
on top of both feet to provide ground truth data from an
optical tracker system. The intrinsic parameters of the camera
are pre-calibrated using a chessboard with Camera Calibration
Toolbox of MATLAB. Images and inertial data timestamps are
synchronized.

B. Notation

For a vector a € R3, [ax] € R3**3 denotes the corre-
sponding skew-symmetric matrix. For a quaternion ¢ € R*,
C(q) € SO(3) denotes the corresponding rotation matrix.
Gidentity = [ 1 O1x3 ]/ denotes the identity quaternion. Let
g denote the estimated value of a quaternion ¢ € R*. Assuming
the estimation error is small, we use the following three vector
error model g. € R3 [20]:

q= (j by fquat(CYe) (1
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Fig. 2. System overview.

where ® denotes the quaternion multiplication, and

fauat(Ge) = [ qle } ¢ { Jf; ]

Representing (1) with the rotation matrix, we obtain
C(q) = (I —2[gx])C(q).

Let fyector : R* — R3 be a function extracting the vector part
of a quaternion. For a matrix A € R™*™, A(ry : ra,¢1 : ¢2) €
R(rz=mitl)x(e2=c1+1) denotes a submatrix of A consisting of
rows {ry, -+ ,72} and columns {cy, - ,ca}.

[1l. VISUAL INERTIAL ODOMETRY FILTERING

In this section, the state variables are defined to derive
dynamic equations for a Kalman-based filter using IMU data.
These states are extended to include visual odometry informa-
tion. The visual odometry algorithm provides relative position
and attitude of consecutive image frames as the measurement
updating for the filter.
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A. System equation and state definition

Let g € R*, r € R? and v € R? be quaternion, position and
velocity of IMU. The quaternion q represents the rotation from
the world coordinate system to the body coordinate system.
Let y, € R and y, € R? be the accelerometer and gyroscope
outputs:

C(q)g +ap + ba + Na
w4 by + 14

Ya =

Yg = @

where § € R? is the local gravitation vector, a, € R3 is
the external acceleration and w € R? is the angular velocity.
b, € R3 and by € R3 are the accelerometer and gyroscope
bias. 7, € R® and n, € R? are white Gaussian sensor noises,
whose covariances are given by 7,13 and /3.

Usually, the sampling period T¢qmerq Of a camera is larger
than the sampling period T, of an IMU. In this paper, we
assume that the sampling period of a camera is an integer
multiple of the sampling period of an IMU: that is, T,qmera =
M,atioTimy for a positive integer M,.q4;,. There are two
discrete time indices k (with the sampling period T merq) and
i (with the sampling period Tjy,,). The function fgiscrete(k)
relates two discrete indices:

i = fdiscrete(k) = (k - 1)Mrm‘,io + 1.

In the attitude and position filtering and smoothing, es-
timation error terms are usually estimated instead of direct
estimation of attitude and position [21]. The estimation error
terms g. ; € R3, Tei € R3 and Ve,i € R? are defined by:

qi = qi & fquat (qe,i)
ri = i+ Tes 3)
Vi = Ut Ve

where §; € R* # € R?> and ¥; € R3 represent estimated
values of ¢;, r; and v;, respectively.

The dynamic equation of estimation error terms is given by
[20]

Qe it1 Ge,i

Te,i+1 Te,i

Veyit1i | =Fi | Vei | +G “4)
bg,e,iJrl bg,eﬂ'

ba7e,i+1 a,e,i

where by .; € R and b, .; € R* are error terms of sensor
biases b, and b,. The covariance of noise (; is given by [20]

Qa = E{¢i(j} = Diag(0.25ry13,03x3,7413,09x9, Qb Qs.,)-

F; is computed by

Iy Fioy Ay Aoy
Fl = 7 7 = ’ ’ Timu 5
[ Osxo I } exp([ Osxo  Osxe ) ®
where
[~Yg,i X] 03x3 0O3x3
A = 033 O3x3 I3 e RO
—2C"(¢i)[Ya,ix] O3x3 0s3x3
0.5 Ogxs
Agp = 033 O3x3 € R%%C,
Osxs  —C'(¢)
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Note that (4) is a discrete-time system equation with the
sampling period Tj,,,. Since measurement information from
the camera is available with the sampling Tiy,qge, (4) iS trans-
formed to a discrete-time system equation with the sampling
period Timage-

Let U, € R? (notice that the image discrete index k is
used instead of IMU discrete index 7) be an error state vector
defined by

qeafdiscTete(k)
Te,faiscrete (k)
Ve, faiscrete (k)

U, = € R (6)

Let V; € RS be a state vector with bias terms defined by

Uy,

bg1e7fdiSC7‘€fr€(k)

a,e, faiscrete(K)

Vi = € R, (7)

where by . € R* and b, . € R? are error terms of sensor
biases b, and b,.
By repeating (4) M, 410 times, the following equation is
given by
Vir1 = FiVie + G ®)

where
Jaiserete (B)+Mratio—1

Fy, = H Ei,
i:‘fdism‘ete(k)
Mrafwio
ch — E{CkCl/c} — Z Gk+j71QdG;c+j—1’
j=1

Gr = 15y Gkt = Grtj—1Ffurere (k1) —js

1 SjSMratiofl-

From the structure of Fj (see (5)), Fj and (}, are partitioned
as follows for later use:

7o Fll,k F12,k . R9X9  RIx6
k = 06><9 16 R6><9 R6><6 ’
= G R?
= =" & ,
Ck l:Ck72 R6
_ _ R9><9 R9><6
S o e FC

The visual odometry information at k-th discrete time is
obtained using (k—1)-th and k-th images; thus the information
imposes constraints on Ui_; and Uy. To cope with this fact,
we construct an extended state X}, containing both Uj_; and
Ui [22].

Let the extended state X}, be defined by

Uk
Uk—1

bgﬁ,k
ba,e,k

Xk _ c R24><1

/)
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From (8), we have the following system equation for the
Kalman filter.

i1 Ogxg  Fiok

Xiy1 = Iy Ogxg Ogxe | Xk + 7k (10)
Osxo  Osxo 1o
where _
Cr,1 R
M= | Ogx1 | € R?
Ch,2 RS

Let @5, be the covariance of 7, which can be computed from

Q¢

B. Visual odometry

Visual odometry estimates the motion of a camera using
sequential images [23]. Visual odometry can be divided into
two methods: indirect and direct methods. Indirect methods
extract and track point features in the environment. Direct
methods use raw image data by comparing pixel intensities
of consecutive images. In this paper, the direct method in [24]
is used since this method is known to be robust in low-texture
environments. Note that the camera in this paper is looking
downward to floor, which generally gives low-texture images.

(k- 1)[" frame k™ frame

camera vo,k - camera
[tc1p ,I [tc1s
imu L imu

o
world coordinate origin

Fig. 3. Relative camera pose of two consecutive image frames

Let r, and gr be the position and attitude of the IMU
represented in the world coordinate corresponding to k-th
image frame (see Fig. 3). Let [tc]p and ¢§ be the position
and orientation of the camera in IMU (body) coordinate.
Since [tc]p and ¢§ are known constants, the position and
attitude of the camera in world coordinate can be calculated
as 1, + C(qx)'[tc]p and g ® ¢ [20].

The visual odometry algorithm provides the relative attitude
Guvo,k and relative position ¢, j of the camera with its previous
frame, (represented in the camera coordinate at the k-th
discrete time) that are (k — 1)-th and k-th images.

The relative attitude g, 5 and relative position ¢, ;, satisfies
the following equations:

(1)

12)

G @45 = qr1® 5 @ ook

toose = CSC(qr) (k-1 + Clqr-1)"[tc)B)
—(ri + Clar) [tcls))-

Let G, € R* and t,, € R® be visual odometry estimate
values and ¢y € R* and t,,. € R> be estimation error
terms defined by

(zvo,k ® fquat (qyo,e,k)
tvo,k + tvo,e,k-

Quo,k

13
t'uo,k = ( )

Inserting (3) and (13) into (11), we have

Qidentity = (qg)* & QZ Qqr-1 @ qg b2 Quo,k
= (45)" ® G ® qr-1 ® 45 © Qoo
*(QJCB")* oy fquat((je,k) & Cj]: & (jk—l & qg oy (jvo,k
+(05)" © G © Gi1 ® fouat(Ge—1) © 45 © Qoo
B

+(q )* ® C]Z 029 qu,1 & qg by (ivo,k & fquat(QUO,e,k)~(l4)

In deriving the above equation, second-order error terms are
ignored.

Let 240,41 € R3 (the vector part of a quaternion) be defined
by

Zvo,q,k = fvector ((qg)* & QZ & (jk’—l 24 qg o2y qyo,k) . (15)

Let a € R* and b € R* be quaternions and ¢ € R® be a
vector. It is straightforward to verify that

“®{2}®b:{u;b)c}

‘x” term is irrelevant and

(16)

where

L(a,b) = —(Ea’) + (apbo)I 4 bolax] — ao[Ex] — [bx]lax].
Combining (14), (15) and (16), we obtain

Zvo,q,k = L((qg)*, 475 QGr-1® QS & C]vo,k)q&k
_L((qg)* ® qli ® qk—1, qg & Ch)o,k)ée,kfl

_L((qg)* ® dlz ® Qk—l b2 qg 29 dvo,kn qidentity)6v0,67kkl7)

Let 240, be defined by
(13)

Zyo,tk = Avo,k - tAk
where
tr = CHC(Gk)(Fr—1 — &) + CH(C(dk)C(Ge-1)' — I)[tc] -
Combining (14) and (18), we obtain

Zvo,t,k ~ Cgc(qk)(re,k—l - Te,k)
—205 [@e 1 }]C(qr) (Fr—1 — 1)
—2C§ [7e.xX]C(4r)C(Gr—1)"[tc]B
—2C5C(G4r)C(Gk—1)"[@e,e—1 %] [tc) B

= CEC(qr)(rep—1 — Tek)

+2C5 [(C(Ge) (Fr—1 — &) X] e,k
+2C5 [(C(Gk)C(Gr—1)"[tc] B) X)de,k
72Cgc((jk)0((jk—l),[[t0]3 X]qe,k—l - tvo,e,k-

- tvo,e,k

(19)
Let 2,0, be defined by
_ Zvo,q,k R3
Zvo,k = |: ootk :| S |: R3 :| (20)

The measurement equation from the visual odometry algo-
rithm is given by

Zvo,k = Hvo,ka + Mo,k (21)

where Hy, 1 € R%%24 can be derived from (17) and (19). Let
Ry € RS*C denote the covariance of 7, which is given
by

O3x3

Tvo,tI3 '

rvo,qI?)

Rvo,k = Jvo,k 03 3
X

where J,, 1 € R is the sum of squares of brightness residual
of each pixel [24].
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IV. FLOOR AND FOOT DETECTION

As in Fig. 4, walking cycle consists of stance period (when
a foot is on the floor) and swing period (when a foot is
swinging). A stance period is detected (Section IV-B) and is
used as a landmark (Section V-B) since a foot does not move
during stance period even if the other body parts are moving.

DALAL

Left foot Swing period | Stance period | Swing period
Fett,1
Vight,1-1 Tight,/+1
Step Length
‘ Stride Length ‘
Right foot Stance period | Swing period | Stance period

Fig. 4. Stance and swing period

Let rjepiy € R? be the position (expressed in the world
coordinate system) of the [-th left stance period foot. Similarly,
Tright,l € R3 is defined for the right foot. The final goal of
this paper is to estimate foot positions 7;.r¢; and r.;gn¢,; and
the walking stride length is computed from the foot positions
(see Fig. 4).

In this paper, the stance period foot is detected from depth
images. The foot could have been detected from RGB images.
However, it is not easy to detect foot if the shoe and floor have
similar color or lighting condition is poor. Since depth image
does not depend on color and lighting conditions, more robust
foot detection is possible.

A. Floor plane detection

From depth image, floor plane is detected. The floor plane
helps to detect a stance period foot.

Let [p(u,v)]c € R® be a point on the floor represented in
the camera coordinate system corresponding to (u,v) pixel,
which is obtained from the depth camera. The floor plane
equation is given by

[N f100r]c[Ple + [Picor)c =0, [Afioor]c >0 (22)

where [nf100r]c € R? is the unit normal vector of the floor
plane and [hf100r]c € R > 0 is the distance to the plane from
the camera.

Plane parameters are estimated using RANSAC algorithm
[25].

B. Foot detection and ellipse approximation

A stance period foot instep is slightly above the floor plane.
Based on this observation, foot candidate points are selected.

Firstly, the height matrix Fjeigne(u,v) (the height from the
floor) is constructed as follows:

Fheignt(t,0) = [fioorlc = Wigon [p(u, 0)]ow (23)
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Then the foot candidate points are selected using the fol-

lowing condition:
hfoot,min § Fheight(u, U) S hfoot,mar' (24)

For the pixels (u,v) satisfying (24), connected (8-direction
connectivity) pixels are grouped [26]. If the number of points
in a connected group is less than Nyo0¢ min, then the group is
discarded. If the number of remaining groups is greater than
2, only the two largest groups are selected as possible foot
candidates.

For each candidate group of points, the foot edge is detected.
Once foot edge is detected, foot is approximated by an ellipse
with known major and minor axes length assuming that foot
size is known.

Using a simple tracking algorithm, left and right feet are
separated and stance period foot is detected. If a left stance
period foot is detected at the k-th image, the position of a
foot represented in the camera coordinate system is denoted
by Yiefik € R3. Similarly y,;gn¢,k is defined for the right foot.
The detected stance feet belonging to the same stance period
are grouped. For the [-th stance period step, let Sj.r;; be a
set of discrete indices with 4. s; 1, is available. An example is
given in Fig. 5, where Sj.r:; is given by

Sleft,l = {k,k+1,k+2,k+3}. 25)
Note that yje ¢, and yie p¢,x+1 are different since the camera is
moving as the body is moving. However, if yic ¢+ s and yie ¢ 541
are transformed to the world coordinate system, they should be
the same since a stance period foot is not moving. Similarly,
a set Syigne, is defined for the right foot. Let s;pqeq (k) be
a function representing the step number given image with
discrete index k. For the example in (25), Sindes 1S given by

l= Sindez(k) - sindez(k+1) - Sindez(k+2) = sindex(k+3)~
Let Syo0t be the union of all Sieyp; and Syigne,: that is, k €

Stoot means that at least one stance foot is observed in the
k-th image.

Left foot Swing period Stance period Swing period

[k [ [ k2]
foot is observed

kg | o [ ko [kei0]
foot is not observed

Discrete indices

Fig. 5. Example of stance foot set Sje .1

Let [yfootlc € R® be the stance foot (either left or
right foot) position represented in the camera coordinate. The
measured foot position is denoted by 7,0+ and the following
measurement model is used:

Yfoot = yfoot + Moot (26)
where 7,0t 15 a zero mean white Gaussian measurement noise
with covariance rfootI3 € R3*3.
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V. MEASUREMENT EQUATIONS

In this section, in addition to measurement equation (21)
from visual odometry algorithm, we propose two additional
measurement updating as follows. April tags at known posi-
tions provide measurement updates in initial and final stances.
Detected stance feet in Section IV are used as landmarks to
reduce estimated foot position errors.

A. Measurement equation for markers on the floor

Two A3 size papers containing 5 X 7 Apriltag markers [27]
are placed both in the starting and final walking points as
in Fig. 6. Two papers are placed along the world coordinate
y axis and the distance between the left upper Apriltags of
two papers is denoted by L, which is measured with a tape

measure.
0
Ll
0

Final stance

-

@

(5]

C

S

a Walking

o . .
direction
World

coordinate
origin
/ X

¥ Initial stance

Fig. 6. Markers in the starting and final points

Let [1tqq,jlc € R be four corners of Apriltags and 7,4, €
R? be the corresponding measured image coordinates. Then
the two points are related as follows:

Timg,j = fimg([rtag,j}C) + Nimg,j 27

where
[Ttag,j]C = C/(qg)(C(Q)([Ttag,j]W — 1)~ [P]B)-
Function fi,,g : R® — R? is defined by

(28)

zj o
fimg(l w3 |)=1| &
Z] Zj

An image measurement noise 7;my; € R? is assumed to be
independent Gaussian noise whose covariance is €1l € R?*2.
Note that [1/q4, j]w is known since the tag location on the A3
paper is known.

Attitude and position of the camera can be estimated using
the homography estimation method in [28]. Let a9 x € Rr*
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and Tiaq % € R? denote estimated attitude and position and
let Grag,ek € R3 and Ttag,e,k € R? denote the corresponding
estimation errors, where the following is satisfied:

Qtag,k & fquat (qtag,k,e)
Ttag,k + Ttag,k,e-

qr =

o (29)

The estimation error covariance Ryqg € R6*% is given by

|
Ntn,q,, r7 r7
=€ (Zj:l i Ht/ag,j,kHtagsj’k)

where Niqq 5 is the number of observed tag corners in the
k-th image.
Hiog ik € R?%C is given by

qtag,k:7e

_ /
Qtag,k,e
Ttag,k,e

Ttag,k,e

(30)

o  Ofimg OTtag.;
Hiag,j = Otag.; OXk rrag.i=Fiag.s
= [ 0 2 -1 Jtag.s
where
X T
[Prag.slc = C'(aB)(C(Q)([Fraglw — ) — [tc]B) = 9j
Zj
s . R 3D
Jtag,j = [20 (qC)[(C(q)([Ttag’j]W - T))X]7 (32)

C'(g8)C(q)] € R¥.

Gtag,1 and fiqq 1 are used as initial attitude and position.
After that only 74441 is used in the following measurement
equation:

Ztag,k = ’Ftag,k - 'ﬁk = Htag,ka + Ntag,k (33)

where

Hiag ko = [ 03x3 I3 O3x1s ] € R3x24, (34)

Recall that there are two A3 papers as in Fig. 6 which are
in the starting and final points. When tags are observed in
the starting point, Ry x(4:6,4:6) is used as a measurement
noise covariance. When tags are observed in the final point,
the measurement noise covariance is increased to compensate
uncertainties in L. Thus, the following measurement covari-
ance is used:

€2l 02x1
O1x2 0 '

B. Measurement equation for the stance foot

Riag k(4:6,4:6) + [

The stance foot detected in Section IV is used as a landmark.
The detected stance foot position is given by

wercw(| i | -0 - fiels
= ffoot(Q7r7 Ffoot)

[yf oot]C

(35)
where 7ro01 € R? is xy world coordinates for the stance foot
position. The z axis value is 0 since a stance foot is on the
ground.

As in SLAM algorithms [29], a new stance foot position
in the world coordinate system is estimated whenever a new
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stance foot is observed. Let 7,0t € R? be the estimated foot
position, which can be computed from (35) once [§foot]c is
given. Let 7root,em € R? be the m-th stance foot position
estimation error:

ffoot,e,m = ffoot,m - 'Ffoomm-

The state X, is extended to include 740t c,m term. Let the
extended state X,,_1, with m — 1 observed stance feet be
defined by

Xk R24

_ ’Ffoot,e,l,k R2
Xon-1k = : € (36)

Ffoot,e,mfl,k R2

Let the estimation error covariance of qu,k be denoted by
p m—1,k:

P = Px m—1,k Px foot,m—1,k
men Pfoot,X,m—l,k Pfoot,m—l,k 37
R24x24 R24%2(m~1) (37)

6|:R2(m—1)><24 R2(m—1)x2(m~1) |-

When m-th stance foot is newly detected, the estimated state
is extended as follows:

)?m,k — |: melﬁk :|

’Ffoot,e,m,k

(38)

The state estimation error covariance P, ;. is given by

= Pp_1x P }
Prjp=| bk Temk 39
ok |: P*,ka Pfoot7m,k: ( )
where
Pfoot,m,k: = GXPX,mfl,k:GiX + rfootGyG; (40)
Pimi=Gx [ Pxom—1k Px footim—14k |  (41)

and Gx = 8?7)‘;“ and Gy = % are computed from (44):
Gx = E2 | 20(¢)[([tc]s + C8Ufoot)x] I3 Osxis |
c R2x2A

(42)

G, = F120(q)CE € R*3 (43)

1 0 0
E”:[o 1 0}‘

Gx is computed from the following equation (ignoring
second-order error terms):

77foot - -EIQ("2 +7e + C((j)/(—[ + 2[le])([tC]B
+Cg(:gfoot + Ufoot)))
- E12(72f00t - 20(@)/[([tC]B + ngfoot)x]QE
+7e + C(é)/cgvfoot)-

(44)

If the m-th detected foot §foor,m,r has been observed
before, it is used in the Kalman filter as a measurement. Let
Zfoot € R3 be defined by

Zfoot,m,k = gfoot,k: - ffoot((jh 72]@7 ;foot,m,k)- (45)
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From (35), we have

Zfoot,m,k = ffoot (qky Tk, FfootA,m,k) — Nfoot,k
— oot (Qks ks T foot,m, k)

R N R _ 46
= 2CEY[(C(@) (Bl foorm i — 7)) ¥ (#0)
+(Cg)lc((j)(Eigffoot,e,m,k - Te,k’) — Nfoot,k-
Inserting (46) into (45), we obtain
Zfoot,m,k — Hfoot,m,ka,k — Nfoot,k (47)

where

E[foot,m,k: = [ Hfootl,m,k 03><18+2(m71) HfootZ,m,k ]
(48)

Hfootl,m,k = [Q(Cg)l[(c(@) ("A’foot,m,k - 72)) X}v

Hioor2,m 1 = (CE) C() By € RP*.

When a state is extended, H;,q in Section V-A should also
be extended to be compatible with the extended dimension by
filling zeros.

VI. FILTERING AND SMOOTHING ALGORITHM

In this section, the results in Section III and V are combined.
A Kalman filter is used to estimate ¢, r, v and 7,0, Where
Qfitter> Tfilters Ufitter and T fiiter foor are estimated values.
Then based on the estimated value, a smoother algorithm is
applied to obtain more accurate estimation, where Gsmoothers
fsmootherv @smoother and 'Fsmoother,foot are estimated values.

The filtering algorithm is fairly standard and is summarized
in Algorithm 1.

initialization;
while k£ < N;,,,, do
time update (10);
measurement update using visual odometry (21);
if foot is detected then
if first observed then
‘ extend state (38);
else
‘ measurement update using the foot (47);
end
end

end
Algorithm 1: Filtering algorithm

The smoothing problem is formulated as a linear optimiza-
tion problem, where small errors in the filter estimated values
are computed. For example, the true position 7, € R can be
modeled as

Tk = Trilter,k + Te k- (49)

In the smoothing algorithm, r. j is estimated, where 7. j, is
the estimated value. Then the position is given by

fsmoother,k = ’f'filter,k + fs,k- (50)
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Let the state of the smoother X,,,o0ther be defined by

Uy

Un

image

b .
Xsmoother = bg,e c R9szage+6+2Mfoot
a,e

T foot,e,1

L 7 foot,e,Mso01

where M., is the total number of detected stance periods
(both left and right feet).

The smoothing algorithm can be formulated as a linear
quadratic optimization problem:

Nimage—1 =
J(X) = k=1 quad((k,l,ngJl)
) U,
+Z§€V;7;agc quad(zvo)k; — Hvo’k(]:6,1:18) |: Ukkl :| ,Rvo,k)

+ Yo F€Stas quad(ziag k — Hiagk(1:3,1:9)Uk, Riqg.1x(1:3,1:3))

+ Zkesfoot Quad(2foot,sae. (k).k — H foot1,simaes (k) kX k
_HfootQ,smdw(k),k T'foot,e,sinde (k) k> RfOOt’k)

+quad(b + by — by.inits P, ..1)

+quad(b + ba.e — bainits Poo init)

+quad(Usnie — U1, Py init)

+quad(Ursinat — UNipmages PU, finat)

where quad is defined by
1
quad(a, B) = ia/Ba.

The initial and final constraints U;p;; and Uginar are given
by

fvector(qu ® qtag,l)
Uinit = f’tag,l — 7 ’
03x1 — 01
fUGCtOT(qfdismete(Nimage) ® (jmg’Nimage)
Ufinal = ftafg7Ni7nage — ffdismte(Nmage) . Fig. 7. Participant with equipped camera system doing the experiments.

OBX 1= deiscrete(Nimage)

From (8), (j,1 in the quadratic term quad(Cr,1, Qg, 1) is
given by

- _ _ b
Chon = Uk41 — F11:Uk — Fro g [ bg,e } .
a,e
Once the optimal X is computed, Gsmoothers Tsmoothers
Dsmoother AN Fsmoother, foot Can be computed (see (50)).

VIl. EXPERIMENTAL SETUP AND RESULTS
A. Experiment

Experiments are performed to verify the proposed algo-
rithm. Camera frame is attached to user’s waist by velcro
tapes and buckles clips, and two reflective markers (for the
motion capture system) are mounted on top of both feet (see
Fig. 7). A motion capture system is set up with 6 cameras

from Optitrack, creating a tracking space of about 5m long in  Fig. 8. Experiment setup, volunteer walks three straight paths from
Fig. 8. green triangle to red square through the working range of the optical

Five healthy persons are recruited to perform the data tracker system.
acquisition. Subjects information is given in Table I.
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Fig. 9. Detected stance foot from point cloud data and masked in RGB image: 1) initial states; 2) first detected right foot; 3) already detected right

foot, used as landmark; 4) first detected left foot.

Fig. 10. Estimated walking trajectory using integrating internal IMU data only, proposed filter and smoother.

TABLE |
FIVE SUBJECTS INFORMATION

[ Volunteer [ Age [ Weight(kg) [ Height(cm) ]
Range 26-35 55-75 161-185
Mean 30.2 62.2 170.2
Standard deviation 3.27 7.60 6.05

In the experiment, volunteers are asked to walk in a straight
line inside a long corridor. Each person walks in separated
paths with walking distance of 5, 10, and 15 meters, five times
each. At the starting and ending point of each walking path,
two identical printed Apriltag of A3 size are placed with the
same orientation. All walking paths are designed so that the
tracking range is at the middle of each path as in Fig. 8.

B. Results

Fig. 9 shows detected stance foot from point cloud depth
data, where foot candidate points a selected using a simple
threshold constraint of the height from the floor. Candidate
points are grouped to defined foot edge. An ellipse approxi-

i . ©2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org{/lj:_)ublications/rights/index:html for more information.
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mation algorithm is used to fit the detected foot edge. Foot
position in the camera coordinate is then calculated from
ellipse position in the RGB images.

Fig. 10 shows a 10-meter-walking example of an estimated
walking trajectory integrating the waist-mounted internal IMU
data only without any measurement updating. It is clear that
just integrating IMU data method leads to divergence.

From the proposed filter in Algorithm 1 and the smoothing
algorithm, estimated walking trajectories are given in the right-
hand side of Fig. 10. Left and right foot positions in world
coordinate system are computed. The relative position, relative
attitude from visual odometry and foot position as landmarks
are used in the measurement updating equation. The estimated
walking trajectory is improved and corrected in the smoothing
algorithm. Note that the initial foot position is slightly negative
since it is aligned with the origin of the calibrated optical
tracker system.

To evaluate the accuracy, foot positions are compared with
ground truth from optical tracker system in Fig. 11. In each
trial, three strides in 5-meter working space of optical tracking
system are selected to provide ground truth data. In total,
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Fig. 11. Compare estimated foot position with ground truth.

there are 5 (person) x 3 (path) x 5 (trial) x 3 (stride) x 2
(left,right) = 450 strides data. Since the difference in walking
paths might cause different estimated results, the number of
selected strides for calculating stride length is the same for
the whole experiment, and average stride length error over
the walking paths for each volunteer is computed and given
in Table II. The overall root mean square errors (RMSE) is
about 3.8 centimeters.

TABLE II
ESTIMATED STRIDE LENGTH ERROR (UNIT: METER).
Left Right
ID [ Max. error [ RMSE [ Std. Max. error | RMSE | Std.
1 0.043 0.033 | 0.017 0.039 0.033 | 0.014
2 0.049 0.027 | 0.019 0.037 0.026 | 0.012
3 0.075 0.067 | 0.031 0.056 0.047 | 0.029
4 0.050 0.030 | 0.025 0.073 0.059 | 0.024
5 0.057 0.036 | 0.024 0.046 0.020 | 0.017

VIII. CONCLUSION

The paper proposed a filter and smoother algorithm to
fuse IMU data with RGB-D camera data to estimate stance
foot positions and reconstruct walking trajectory. With the
IMU-Camera system attached to user waist, walking range is
unrestricted. Therefore, longer walking range can be achieved
in comparison with pressure mat or optical tracker system.
Visual odometry algorithm provides incremental attitude and
position of the camera alongside with position of the detected
stance foot as a landmark in the measurement update equations
of the filter. However, the proposed foot detection algorithm
is restricted to only stance foot due to obscuration in the
swing phases. In future works, we intend to improve the foot
detection algorithm to be able to detect foot in every gait
phases, and integrate it with the model of human body to
reconstruct shape and pose, which can be used in gait analysis
research.
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