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Whole-Body Pose Estimation in Human Bicycle
Riding Using a Small Set of Wearable Sensors
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Tao Liu, Member, IEEE, and Quan Pan

Abstract—Tracking whole-body human pose in physi-
cal human–machine interactions is challenging because of
highly dimensional human motions and lack of inexpen-
sive, nonintrusive motion sensors in outdoor environment.
In this paper, we present a computational scheme to esti-
mate the human whole-body pose with application to bicycle
riding using a small set of wearable sensors. The estimation
scheme is built on the fusion of gyroscopes, accelerome-
ters, force sensors, and physical rider–bicycle interaction
constraints through an extended Kalman filter design. The
use of physical rider–bicycle interaction constraints helps
not only eliminate the integration drifts of inertial sensor
measurements but also reduce the number of the needed
wearable sensors for pose estimation. For each set of the
upper and the lower limb, only one tri-axial gyroscope is
needed to accurately obtain the 3-D pose information. The
drift-free, reliable estimation performance is demonstrated
through both indoor and outdoor riding experiments.

Index Terms—Accelerometer and gyroscope, cycling,
sensor fusion, whole-body pose estimation.

NOMENCLATURE

C1 , C2 Front and rear wheel-ground contact
points.

I (X,Y,Z) Ground-fixed inertial frame.
R (x, y, z) Moving frame with the origin at C2 .
B (xb, yb , zb) Bicycle body frame with the origin at C2 .
T Thorax frame.
Hr Right humerus frame.
Dr Right femoral frame.
ϕ, ϑ Bicycle roll and yaw angles.
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Θ Euler angles of trunk.
Φr Euler angles of right humerus.
Ψr Euler angles of right femoral.
αr Right elbow flexion/extension angle.
βr Right knee flexion/extension angle.
γr Right ankle flexion/extension angle.
ωb ,ωt Bicycle and rider trunk IMU gyroscope

measurements.
ωru ,ωrv Right upper- and lower-limb gyroscope

measurements.
ab ,at Bicycle and rider trunk IMU accelerom-

eter measurements.
Orh , Ore , Orf Right shoulder, elbow and wrist joints.
Ord , Ork , Ors Right hip, knee, and ankle joints.
Orp Right pedal joint.
BP rh , BP re , BP rf Position vectors of Orh , Ore , Orf in B.
BP rd , BP rk , BP rp Position vectors of Ord , Ork , Orp in B.
lh , lf Lengths of upper arm and forearm.
lt , ls Lengths of thigh and shank.
lz Distance between Ork and Orp .
lsp Distance between Ors and Orp .

I. INTRODUCTION

TRACKING human pose or motion is critical for studying
biomechanics and human–motor skills [1]. Obtaining ac-

curate and reliable pose information benefits both clinical diag-
nosis and rehabilitation treatment [2]. Optical tracking systems
are one of the most common tools to capture human move-
ment [3]. However, in addition to inconvenience and high cost,
the optical motion tracking systems are limited to indoor or
laboratory usage and it is difficult to be used in outdoor environ-
ment. Other motion capturing approaches also have limitations.
For example, acoustic-based tracking systems have “line-of-
sight” restriction [4]. The magnetic-based tracking systems are
sensitive and vulnerable to environmental disturbances [5].

Wearable MEMS-based inertial sensors, such as gyroscopes,
accelerators, or inertial measurement unit (IMU), are widely
used to attach to human body to measure segment orientation
or position information [6]–[11]. "Compared to other motion
tracking systems, the use of inertial sensors has many ad-
vantages, such as low cost, small size and nonintrusive, and
applicable to personal activities in outdoor environment, etc.
Human body segment pose information is commonly obtained
by integration of strapdown inertial sensor measurements. The
results of such an approach suffer estimation drifts due to
biases and noises in sensor signals. In [12], gyroscopes and ac-
celerators are fused together to obtain robust estimation. Other
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complementary sensors or techniques, such as cameras,
magnetic sensors, force sensors, and anatomical constraints, are
also fused with inertial sensors for enhanced performance [5],
[13]–[15].

Most of the aforementioned wearable sensor studies focus
on pose estimation of a specific portion of human body loco-
motion. It is challenging to obtain whole-body pose estimation
with wearable sensors because human motions are highly di-
mensional and one wearable device usually only measures the
pose of one body segment. For example, a total of 11 IMUs sen-
sor networks are used to achieve whole-body pose estimation of
a runner in [9]. Besides the high-cost and expensive computation
burden, the use of numerous wearable sensors also introduces
possibly intrusive effects to human motions. Various approaches
are proposed to reduce the number of wearable sensors without
significantly downgrading the estimation performance. For ex-
ample, the geometric relationship is used in four-segment gait
analysis to reduce the number of the used inertial sensors from
four to three units [16]. In [17], thigh motions are statistically
predicted from shank motions through the inherent coordinated
movement and the approach further reduces the number of the
used inertial sensors to two. In [16] and [17], the “resetting”
technique is used to eliminate the gyroscope drifts by detect-
ing the gait events such as toe-off and heel-strike. However, the
approaches might not work for nonrepetitive motions, such as
the upper body motion in the rider-bicycle interactions. In [18],
a data driven-based learning approach is presented and the re-
sults demonstrate that four accelerometers are enough to retrieve
whole-body pose. However, comprehensive human motion data
sets have to be collected a priori.

The goal of this paper is to present a whole-body pose es-
timation scheme in human–machine interactions using a small
set of wearable sensors. Bicycle riding is chosen as a pose es-
timation application example for several reasons. Bicycles are
not only a popular transportation and recreation tool, but also
an excellent training or rehabilitation device [19]–[21]. Sitting
on the unstable platform, riders have to actively react to the
sensory feedback. Therefore, the unstable rider– bicycle system
also provides an excellent platform for studying human senso-
rimotor skills in physical human–machine interactions.

The main estimation approach in this paper fuses physical
rider–bicycle interaction constraints with inertial sensor mea-
surements to eliminate the integration drifts and to reduce the
number of used wearable sensors. The fusion is implemented
through an extended Kalman filter (EKF) design. The work
in [22] and [23] integrate vision with gyroscopes measurements
to obtain the pose estimation of the rider–bicycle system. The
fusion of inertial and force sensors in [15] provides a robust
pose estimation approach only for the rider’s trunk and the bi-
cycle. The approach in this paper is different with the work
in [15] by providing a simple, systematic, low-cost pose esti-
mation method for the whole-body dynamic motion. Particu-
larly, compared with the work in [15], the proposed approach
uses few number of inertial and force sensors and includes the
pose estimation for complex limb motion. This study is also
a significant extension of the previously presented conference
publication [24].

TABLE I
INERTIAL SENSOR SPECIFICATIONS

Resolution Bandwidth Bias Noise Density

605 Gyroscope < 0.007 ◦s 100 Hz < 1 ◦/s 0.05 ◦/s/Hz1 / 2

605 Accelero. < 0.08 mg 100 Hz < 15 mg < 100 ug/Hz1 / 2

slimAHRS Gyro. < 0.1 ◦/s 40 Hz 200 ◦/h

The main contributions of this study are twofolds. First, the
whole-body pose estimation scheme relies only on a small set of
wearable and onboard sensors and, therefore, it is applicable for
personal activities in outdoor environment. To the best knowl-
edge of the authors, few studies are reported to discuss outdoor
whole-body pose estimation in physical human–machine inter-
actions such as bicycling. Second, compared with the afore-
mentioned work, the presented estimation approach provides a
novel framework to use physical constraints to not only reduce
the number of wearable sensors (only one gyroscope is needed
to each pair of the upper and the lower limb) but also elimi-
nate the drifts of wearable sensors. Moreover, the framework
is not limited to be used for repetitive human motions such as
bicycling and can be readily extended to other types of physical
human–machine interactions.

The remainder of this paper is organized as follows. We first
discuss the instrumented bicycle and the system configurations
in Section II. The rider/bicycle kinematics and interactions are
presented in Section III. The pose estimation design is discussed
in Section IV. Experiments and discussions are presented in
Section V. We finally summarize the concluding remarks in
Section VI.

II. SYSTEM CONFIGURATIONS

A. Instrumented Bicycle

Fig. 1(a) shows the instrumented bicycle used in this study.
The bicycle is modified and equipped with various sensors for
both indoor and outdoor experiments. Three optical encoders
(Grayhill 63R Series, 256 lines) are mounted on the bicycle: the
encoder attached on the rear wheel measures the bicycle speed
and acceleration, an encoder is used to measure the steering
angle, and the pedal crank encoder captures the crank position.
Three load cells (Transducer Techniques, Inc., model SLB-250)
are installed under the seat to measure rider–bicycle reaction
torque [15].

Two types of inertial sensors (both from Motion Sense, Inc.)
are used in experiments: two IMUs (model 605) and four small-
size tri-axial gyroscopes (model slimAHRS). Each IMU con-
tains a tri-axial gyroscope and a tri-axial accelerometer. One
IMU is mounted to the bicycle frame [see Fig. 1(c)] and the
other one is rigidly attached to a T-shape fixture on the back of
the rider’s trunk [see Fig. 1(b)]. Four small gyroscopes are at-
tached on the left and right upper arms, the left and right thighs,
respectively; see Figs. 1(a) and 2. The detailed specifications for
the inertial sensors are listed in Table I.

For indoor experiments, a vision-based motion capture sys-
tem (eight Bonita cameras from Vicon, Inc.) provides ground
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Fig. 1. (a) The instrumented bicycle. (b) Trunk IMU location. (c) Bicycle IMU location. (d) Collocated small gyroscope (attached on limbs) and
optical markers.

Fig. 2. Schematic of the rider–bicycle system with inertial sensor
locations.

truth measurements. For outdoor experiments, the ground truth
is obtained by a high-accuracy IMU (model 800 from Motion
Sense, Inc.) and an onboard high-resolution monocular camera
with rectangular-shape feature markers [22]. The camera (Manta
G-145 from Allied Vision Technologies, 1392× 1040 pixels, 16
fps) is mounted on an extended rod that is rigidly connected to
the bicycle frame; see Fig. 1(a). A real-time embedded system
(CompactRIO 9082 from National Instruments, Inc.) is used to
sample, process, and store all bicycle sensor measurements (in-
cluding model 605 and model 800) at the frequency of 100 Hz.
The data of small-size gyroscopes (model slimAHRS) are trans-
mitted to the CompactRIO through wireless ZigBee modules.
A laptop is used to monitor the status of entire system and to
trigger and stop the CompactRIO and vision systems (Vicon or
onboard monocular camera) through a wireless router.

B. System Configuration

Fig. 2 illustrates a configuration of the rider–bicycle system.
The Y -axis of the ground-fixed inertial frame I is pointing
upwards. A moving frame R is defined with the x-axis along
wheel–ground contact points C1 and C2 , the y-axis along the
Y -axis, and the origin at C2 . A bicycle-fixed frameB is obtained
by rotating frame R with bicycle roll angle ϕ about the x-axis.
Instead of a straight inverted pendulum [15], [25], [26], the
rider’s trunk is considered as a curved 3-D inverted pendulum
to better incorporate geometric constraints.

The International Society of Biomechanics standard coor-
dinate frames and the corresponding joint rotation angles are
used to capture the rider pose. Details of the frames and angles
can be found in [27] and [28] and in the following, we briefly
present the definitions for self-contained purpose. For the trunk
motion, Euler angles Θ = [θ1 θ2 θ3 ]T (Z-X-Y order) are used
to capture the rotation from B to thorax frame T ; see Fig. 3.
The coordinate and joint angle definitions for the left and right
upper and lower limbs are symmetric. For presentation clarity,
we will only discuss the configuration and pose estimation de-
sign for the right side with subscription “r” to the corresponding
variables and the similar results are applied to the left-side limb
counterparts with subscription “l”.

Euler angles Φr = [φr1 φr2 φr3 ]T (Y -X-Y order) are used
to capture the right shoulder rotation angles fromT toHr (origin
Orh at the shoulder joint); see Fig. 3(a). We take the assumption
that the carrying angle on the right elbow is small and can be
negligible. Furthermore, the right forearm is the ending segment
in the articulated chain of the right upper limb and, therefore,
the right forearm axial rotation does not cause any change on the
spatial structure of the right arm. Because of this observation,
we neglect the axial rotation of the right elbow joint Ore and
capture the elbow rotation by flexion/extension angle αr only.

For the right lower limb, we use Euler angles Ψr =
[ψr1 ψr2 ψr3 ]T (Z-X-Y order) from B to femoral frame Dr

(the origin Ord at the right hip joint); see Fig. 3(b). Similar to
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Fig. 3. (a) Upper-body coordinate definitions. (b) Lower-limb coordi-
nate definitions. In T , Xt is facing front of trunk and Yt is along trunk.
In Hr , Yrh is along arm and Zrh is facing exterior of arm. In Dr , Yrd is
along leg and Zrd is facing exterior of leg.

the elbow, we only consider flexion/extension angle βr at the
right knee joint Ork . The influence of the ankle rotation on leg
pose is limited due to the short segment between the ankle joint
and the bicycle pedal; see Fig. 2. Therefore, we approximate the
right ankle flexion/extension angle γr as a constant.

We use different fusion strategies for each rider–bicycle sub-
system (i.e., bicycle, human trunk, upper limbs, and lower
limbs). In the following sections, we present the models for
each subsystem and a brief description of the EKF design is
then followed.

III. RIDER/BICYCLE KINEMATIC MODELS AND PHYSICAL

CONSTRAINTS

A. Rider Trunk and Bicycle Attitude Kinematic Models

1) Bicycle Roll Angle Kinematic Model: The bicycle IMU
is mounted on the frame with a tilted angle ξ with respect to the
xb -axis. Assuming the ground is flat and ignoring pitch angle,
the bicycle IMU gyroscope measurements ωb are calculated as

ωb = RT
z (ξ)RT

x (ϕ)

⎡
⎢⎢⎣

0

0

ϑ̇

⎤
⎥⎥⎦ + RT

z (ξ)

⎡
⎢⎢⎣

ϕ̇

0

0

⎤
⎥⎥⎦ (1)

where Ri(α) represents the 3-D rotational matrix around the
i-axis with angle α, i = x, y, z. Solving for ϕ̇ in (1), the bicycle
roll angle kinematic model is given as

ϕ̇ =
[
cξ − sξ 0

]
ωb (2)

where cξ := cos ξ, sξ := sin ξ, and the same notation for other
angles is used throughout the paper. We denote the position
of the bicycle IMU in B as rbI = [px py 0]T , where px and
py are the horizontal and vertical distances from the IMU to
C2 , respectively. The bicycle IMU accelerometer measurements
ab = [abx aby abz ]T in Ib are calculated and component abz

is then obtained as [15]

abz = sϕ g − sϕ cϕ py ϑ̇2 − cϕ pxϑ̈ (3)

where g is the gravitational constant and ϑ̇ is measured by the
bicycle IMU gyroscope. In order to compensate for the unknown
dynamic effect ϑ̈, we consider a first-order color noise process
for ϑ̈ [10]

ϑ(3) = − 1
τϑ

ϑ̈ + wϑ (4)

where wϑ is a Gaussian white noise and τϑ is the cutoff fre-
quency constant.

2) Trunk Attitude Kinematic Model: Similar to (1), the
trunk IMU gyroscope measurements ωt are calculated as

ωt = RT
y (θ3)RT

x (θ2)

⎡
⎢⎢⎣

0

0

θ̇1

⎤
⎥⎥⎦ + RT

y (φ)

⎡
⎢⎢⎣

θ̇2

0

0

⎤
⎥⎥⎦ +

⎡
⎢⎢⎣

0

θ̇3

0

⎤
⎥⎥⎦

+RT
y (θ3)RT

x (θ2)RT
z (θ1)

⎡
⎢⎢⎣

ϕ̇

0

0

⎤
⎥⎥⎦

+RT
y (θ3)RT

x (θ2)RT
z (θ1)RT

x (ϕ)

⎡
⎢⎢⎣

0

0

ϑ̇

⎤
⎥⎥⎦. (5)

Combining (1) and (5) and solving for Θ̇, we obtain the trunk
kinematic model

Θ̇ =

⎡
⎢⎢⎢⎣

θ̇1

θ̇2

θ̇3

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎢⎣

− sθ3

cθ2

0
cθ3

cθ2

cθ3 0 sθ3

sθ2

cθ2

sθ3 1 − sθ2

cθ2

cθ3

⎤
⎥⎥⎥⎥⎥⎦

ωt

+

⎡
⎢⎢⎢⎢⎢⎢⎣

sθ2 (− sθ1 cξ +cθ1 sξ )
cθ2

sθ2 (cθ1 cξ +sθ1 sξ )
cθ2

−1

− cθ1 cξ − sθ1 sξ cθ1 sξ − sθ1 cξ 0

sθ1 cξ − cθ1 sξ

cθ2

− cθ1 cξ − sθ1 sξ

cθ2

0

⎤
⎥⎥⎥⎥⎥⎥⎦

ωb .

(6)

With the same procedure in [15], seat acceleration Bas in B
is calculated by the bicycle IMU. We define the relative accel-
eration between the trunk IMU location and the bicycle seat as
Bats = [atsx atsy atsz ]T in B. Similar to the treatment in (4),
Bats is modeled as a first-order color noise to compensate for
the unknown dynamic effect, namely,

ȧtsi = − 1
τi

atsi + wi, i = x, y, z (7)

where wis are Gaussian white noises and τis are the cutoff
frequency constants. Thus, the rider trunk IMU accelerometer
measurements at are calculated as

at = RT
y (θ3)RT

x (θ2)RT
z (θ1)(Bas + Bats). (8)
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The use of (8) cannot uniquely determine heading angle in-
formation [10], i.e., trunk attitude θ2 . To overcome this short-
coming, the interaction force between the trunk and the seat is
used as a complementary measurement. Denoting the reaction
torque between the trunk and the seat along the xb -axis as τ ,
from the static torque model in [26], we obtain

τ = −mhhhg sθ2 (9)

where mh is the trunk mass and hh is the height of
the mass center. In experiments, mh and hh are estimated
in advance by the load cells and the OpenSim package
(http://opensim.stanford.edu), respectively. The calculation of
τ is obtained by the three load cells under the bicycle
seat [26].

Remark 1: We fuse the measurements from the gyroscopes
and accelerometers rather than the force and inertial sensors
in [15] to obtain the human trunk and the bicycle poses. Thus, un-
like [15], the complex trunk/bicycle dynamic model to fuse force
measurements is no longer needed. The tri-axial force/torque
sensor and the handlebar force sensors in [15] are no longer
needed, either. Compared to the work in [15], the presented
new method significantly simplifies the design and reduces the
number of the used onboard sensors.

B. Limb Attitude Kinematic Model and Physical
Rider–Bicycle Interaction Constraints

1) Right Upper-Limb Attitude Kinematic Model and In-
teraction Constraints: Similar to (6), we obtain the kinematic
equations of the right upper limb

Φ̇r =

⎡
⎢⎢⎢⎣

φ̇r1

φ̇r2

φ̇r3

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

sφr 3

sφr 2

0 − cφ r 3
sφ r 2

cφr 3 0 sφr 3

−cφr 2

sφr 2

sφr 3 1
cφr 2

sφr 2

cφr 3

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

ωru

+

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

cφr 2 sφr 1

sφr 2

−1
cφr 2 cφr 1

sφr 2

− cφr 1 0 sφr 1

− sφr 1

sφr 2

0 −cφr 1

sφr 2

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

ωt (10)

where ωru are the measurements of the right upper limb gyro-
scope.

We now present the upper limb and bicycle interaction con-
straints that are used in the EKF design in Section IV. We denote
the geometric interaction point between the trunk and the seat as
S (see Fig. 2) and its position vector in B as BP s . The position
vector from S to shoulder joint Orh in T is denoted as prh and
the position of Orh in B is then calculated by

BP rh = BP s +B
T Rprh

Fig. 4. Illustration schematic of the physical rider–bicycle interaction
constraints.

where B
T R = Ry (θ1)Rx(θ2)Ry (θ3). The position of the right

elbow rotation joint Ore is then calculated as

BP re = BP rh +B
T RRy (φr1)Rx(φr2)Ry (φr3)

⎡
⎢⎢⎣

0

lh

0

⎤
⎥⎥⎦.

When riding a bicycle, rider’s hands are placed on the han-
dlebar and the distance between right elbow joint Ore and right
wrist joint Orf is the forearm length. Thus, the first constraint
is obtained as

C1 :
∥∥BP re − BP rf

∥∥ = lf (11)

where the wrist joint position BP rf inB is obtained by using the
steering encoder. Because of the assumed zero carrying angle,
the right forearm only moves in the plane which is perpendicular
to the Zrh -axis direction inHr . Therefore, the second constraint
is obtained as

C2 : Bzrh · (BP re − BP rf ) = 0 (12)

where Bzrh is the unite vector along Zrh -axis in B.
The physical constraints are used as observation equations

in the EKF design and with only constraints C1 and C2 , the
EKF design with one gyroscope is unobservable [29]. Detailed
explanations will be discussed in Section V-B. Therefore, we
need to seek for one additional physical constraint. We define the
plane formed by the right upper arm and the right forearm as π1 ;
see Fig. 4. By observing bicycle riding, we found that the riders
tried to maintain the normal direction of π1 roughly parallel to
the xbyb plane, as illustrated in Fig. 4. This observation results
from the fact that the handlebar orientation is closely parallel to
zb in bicycle riding. Therefore, we obtain the third constraint

C3 : ((BP rh − BP re) × (BP re − BP rf )) · Bzb = 0 (13)

where Bzb is the unit vector along the z-axis of B.
Remark 2: Note that the physical constraints C1–C3 are ap-

proximation and are not the exact. The noise variances are used
in the EKF design to capture the errors of the use of these
constraints as the EKF outputs.
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Finally, since BP rh , BP rf and the lengths of the upper arm
and the forearm are known, elbow angle αr is calculated by the
cosine law [see Fig. 3]

C4 : αr = π − cos−1

(
l2h + l2f −

∥∥BP rh − BP rf

∥∥2

2lh lf

)
. (14)

2) Right Lower-Limb Attitude Kinematic Model and In-
teraction Constraints: Similar to (10), the kinematic equa-
tions of the right lower limb are obtained as (15) shown at the
bottom of the page, ωrv are the measurements of the gyroscope
on the right thigh. The knee joint position is calculated as

BP rk = BP rd + Ry (ψ1)Rx(ψ2)Ry (ψ3)

⎡
⎢⎢⎣

0

lt

0

⎤
⎥⎥⎦.

Since foot joint angle γr is assumed fixed, the distance lsp

between the right knee joint Ork and the right pedal Orp is
constant; see Fig. 3(b). Thus, similar to C5 , the first constraint
for the right lower-limb is obtained

C5 :
∥∥BP rk − BP rp

∥∥ = lsp (16)

where P rp is the position vector of the right pedal, lsp =√
l2s + l2z − 2ls lz cπ−γr

.
Similar to the upper-limb case, zero carry angle assumption

is taken on the knee joints. The right shank only moves in the
plane that is perpendicular to the Zrd -axis direction. The second
constraint is then obtained as

C6 : Bzrd · (BP rk − BP rp) = 0 (17)

where Bzrd is the unite vector along Zrd -axis in B.
Similar to the elbow angle case, an additional physical con-

straint is needed to guarantee the observability. We define the
plane that contains the right thigh and the right shank as π2 ;
see Fig. 4. Similar to (13), we found the riders tried to keep π2
parallel to the yb -axis of the bicycle body frame. Therefore, we
have the constraint

C7 : ((BP rd − BP rk ) × (BP rk − BP rp)) · Byb = 0 (18)

where Byb is the unit vector along the y-axis of B. Finally, right
knee joint angle βr is calculated as

C8 : βr = − cos−1

(
l2t + l2sp −

∥∥BP rd − BP rp

∥∥2

2lt lsp

)

+π +
lz
lsp

γr . (19)

Fig. 5. Information flow diagram of the fusion estimation algorithm.

Remark 3: Constraints C3 and C7 discussed above are ob-
tained by the observation that riders have these two constraints
for riding comfort. The other six constraints are mainly obtained
by the geometric relationship between the rider and the bicycle’s
multibody structures. Therefore, the construction of C3 and C7
are different with the others six constraints.

IV. EKF POSE ESTIMATION DESIGN

Fig. 5 shows the design structure of the overall whole-body
pose estimation scheme. We use the EKF fusion strategy to
obtain the pose estimation for the rider–bicycle system. The
discussions of the EKF modeling for each subsystem are pre-
sented in the previous section. Specifically, measurements of
the bicycle IMU are fused for bicycle pose estimation; mea-
surements of the trunk IMU are fused for trunk pose estimation;
and finally measurements from the gyroscopes attached to the
upper and lower limbs and physical rider–bicycle interaction
constraints are integrated to obtain the limbs’ poses.

For the EKF design, we define the state variables X(t) ∈ R20

as

X(t) = [ϕ(t) ϑ̈ ΘT (t) ats ΦT
r (t) ΨT

r (t) ΦT
l (t) ΨT

l (t)]T

and the system inputs as

u(t) = [ωT
b ωT

t ωT
ru ωT

lu ωT
rv ωT

lv ]T ∈ R18 .

The EKF system equations are written as

Ẋ(t) = f(X(t),u(t)) + w(t) (20)

Ψ̇r =

⎡
⎢⎢⎢⎣

ψ̇r1

ψ̇r2

ψ̇r3

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎢⎣

− sψr 3

cψr 2

0
cψr 3

cψr 2

cψr 3 0 sψr 3

sψr 2 sψr 3

cψr 2

1 − sψr 2 cψr 3

cψr 2

⎤
⎥⎥⎥⎥⎥⎦

ωrv +

⎡
⎢⎢⎢⎢⎢⎢⎣

sψr 2 (− sψr 1 cξ +cψr 1 sξ )
cψr 2

sψr 2 (cψr 1 cξ +sψr 1 sξ )
cψr 2

−1

− cψr 1 cξ − sψr 1 sξ cψr 1 sξ − sψr 1 cξ 0

sψr 1 cξ − cψr 1 sξ

cψr 2

− cψr 1 cξ − sψr 1 sξ

cψr 2

0

⎤
⎥⎥⎥⎥⎥⎥⎦
ωb

(15)
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TABLE II
RIDER–BICYCLE MODEL PARAMETERS

ξ (deg) px (m) py (m) g (m/s2 ) γr , γl (deg) τϑ (s) τx , τy , τz (s)
10 0.37 0.71 9.8 80 1 1

where w(t) ∼ N (0,Σu ) are mean zero white noises with vari-
ance matrix Σu and function f(X(t),u(t)) is the rewriting of
the right-hand sides of (2), (4), (6), (7), (10), and (15) and the
counterparts for the left-side limbs.

The EKF measurements are

y(t) = [abz aT
t τ lf 0 0 lsp 0 0 lf 0 0 lsp 0 0]T ∈ R17 .

Finally, the EKF observation equations are written as

y(t) = h(X(t)) + v(t) (21)

where v(t) ∼ N (0,Σy ) is the mean zero white noise vec-
tor with variance matrix Σy . Function h(X(t)) is the rewrit-
ing of the right-hand sides of (3), (8), (9), C1-C3 , and C5-C7
and the counterparts for the left-side limbs. With the system
equations and the observation equations, the EKF implementa-
tions, such as the discretization, the calculation of Jacobian and
the prediction–correction procedure, follow similar treatments
in [30] and we omit the details here.

In [15], the first-order gyroscope noise model is used in fusion
design to further improve the estimation performance. We here
do not include the gyroscope and accelerometer noise models
primarily for two reasons. First, adding the noise models for the
bicycle and the trunk IMUs would result in an unobservable EKF
design and the estimation performance cannot be guaranteed.
Second, we found the estimation improvement by adding the
noise models for the limb gyroscopes was marginal and we only
present the main approach here.

V. EXPERIMENTS AND DISCUSSIONS

A. Experimental Results

Five healthy and experienced riders (four male and one fe-
male with age: 27 ± 3 years, height: 176 ± 5 cm, and weight:
68 ± 10 kg) were recruited to conduct both the indoor and out-
door experiments. All the subjects signed their informed consent
using a protocol approved by the Institutional Review Board at
Rutgers University. During bicycling, the subjects were asked to
move their upper bodies and change the riding speed arbitrarily.
For indoor experiments, due to spatial constraints, the subjects
can only ride the bicycle for a circular trajectory (with radius
around 2.5 m and a speed around 1 m/s) to keep balancing. For
outdoor experiments, the subjects arbitrarily rode the bicycle in
an area of a size of 50×40 m2 with speeds ranging from 0.5 to
6 m/s. Table II lists the values of the physical model parameters.

Fig. 6 shows the indoor pose estimation results for one sub-
ject. To demonstrate a representative group of many estimated
pose angles, we plot the estimation results only for bicycle roll
angle ϕ, trunk lateral bending angle θ2 , one of the right shoul-
der rotational angles φr2 , right elbow flexion/extension angle
αr , one of the right hip rotational angles ψr1 , and right knee

flexion/extension angle βr . The corresponding results by the di-
rect integration of the gyroscope measurements are also plotted
for comparison. The EKF-based estimation results have clearly
superior tracking performance compared to those by the direct
integration. The estimation results by the direct integration show
obvious drifts after 20 s due to biases and noises in the inertial
sensor measurements. On the contrary, the EKF-based estima-
tion results demonstrate drift-free performance over a long time.
Thus, the proposed EKF-based estimation approach is robust to
the biases and noises in the gyroscope measurements. Although
not shown here, the estimation performance of the other joint
angles demonstrates the similar drift-free results. To evaluate
the overall estimation performance, Fig. 7 shows five snapshots
of 3-D whole-body poses reconstructed by using the estima-
tion results. The 3-D whole-body poses accurately matches the
ground truth provided by the Vicon motion capture system. For
the outdoor experiments, the performances are similar and we
do not repeat the estimation results here.

The statistics of the tracking errors are calculated to fur-
ther demonstrate the performance of the EKF-based whole-body
pose estimation. Table III shows the mean and standard devia-
tion (SD) of root mean square (RMS) errors of all five subjects
for both the indoor and the outdoor tests. In addition, Fig. 8
shows the calculated statistic errors over time for ϕ (bicycle roll
angle), θ2 (trunk lateral bending angle), φr2 (one of the right
shoulder rotational angles), αr (right elbow flexion/extension
angle), ψr1 (one of the right hip rotational angles), and βr (right
knee flexion/extension angle) of all the subjects. It is clear that
the estimation errors are around zero and the one SD error
bounds do not grow with time. The statistic errors of the other
joint angles demonstrate the similar results as shown in Fig. 8.
The results shown in Table III and Fig. 8 confirm the consis-
tently robust and drift-free performance of whole-body pose
estimation by the proposed EKF-based design.

Compared with other sensors fusion-based pose estimation
designs, the proposed approach shows the similar and compara-
ble accuracy. The fusion of the inertial and the magnetic sensors
in [5] demonstrates around 2.4 to 3.2◦ mean RMS orientation
estimation errors for different segments. The results in [10]
show a 2.8◦ mean RMS error on the estimation performance by
fusing the accelerometers and the gyroscopes. The fusion of in-
ertial and ultrasonic sensors demonstrates the mean RMS errors
from 5.7 to 6.6◦ in [4]. In [15], the fusion of the inertial and the
force sensors obtains the mean RMS errors ranging from 0.82
to 5.56◦ for different angles in the rider–bicycle interactions in
indoor experiments. The proposed approach achieves the sim-
ilar pose estimation performance shown in Table III and Fig. 8.
Particularly, for the trunk and the bicycle pose estimation, even
without using the tri-axial force/torque sensor and the han-
dlebar force sensors, the experiments demonstrate the similar
performance compared to those in [15]. Although the outdoor
experiments show slightly large errors, the accuracy is still com-
parable to those of the other approaches under the laboratory
condition.

The estimation errors are mainly caused by three sources.
First, there are always measurement noises and biases in the
signals of the inertial sensors. Second, the physical constraints
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Fig. 6. Indoor comparison results of the estimated poses by the Vicon motion capture system, the EKF scheme, and the integration of the
gyroscope measurements from known initial angle. (a) Bicycle roll angle ϕ. (b) Trunk lateral bending angle θ2 . (c) One of right shoulder angles φr 2 .
(d) Right elbow flexion/extension angle αr . (e) One of right thigh angles ψr 1 . (f) Right knee flexion/extension angle αr .

Fig. 7. Comparison results of the reconstructed 3-D whole-body pose of the rider–bicycle system. The red dashed lines and the red circular dots
show the reconstructed result through EKF estimates. The blue solid lines and blue circular dots are the ground truth provided by Vicon motion
capture system. The units in the plots are meters. The time interval between two snapshots is around 0.5 s.
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TABLE III
MEAN AND SD OF RMS ERRORS FOR INDOOR AND OUTDOOR EXPERIMENTS (DEG)

ϕ θ1 θ2 θ3 φr 1 φr 2 φr 3 αr ψr 1 ψr 2

Indoor 0.61 ± 0.13 2.21 ± 0.46 2.98 ± 0.97 3.46 ± 1.04 4.28 ± 1.76 4.01 ± 1.67 3.97 ± 2.69 4.46 ± 1.40 4.33 ± 0.83 4.71 ± 1.35
Outdoor 0.86 ± 0.20 3.13 ± 0.56 4.85 ± 1.75 4.03 ± 2.18 5.36 ± 1.41 5.82 ± 1.39 4.53 ± 1.78 6.35 ± 2.63 5.27 ± 1.91 6.22 ± 2.11

ψr 3 βr φl 1 φl 2 φl 3 αl ψl 1 ψl 2 ψl 3 βl

Indoor 4.80 ± 1.32 5.01 ± 1.22 3.23 ± 1.66 4.33 ± 2.54 4.81 ± 1.50 4.86 ± 1.31 4.28 ± 1.38 3.88 ± 1.68 5.23 ± 3.22 4.93 ± 2.43
Outdoor 5.57 ± 3.06 5.27 ± 1.97 6.47 ± 2.11 4.92 ± 1.45 5.72 ± 1.51 5.13 ± 2.27 5.43 ± 3.16 5.28 ± 2.13 6.34 ± 2.13 5.21 ± 2.16

Fig. 8. Statistical estimation errors of ϕ, θ2 , φr 2 , αr , ψr 1 , βr . The solid lines indicate the mean values of the errors of all subjects and the dashed
lines are one-SD bounds. (a) Indoor experiments. (b) Outdoor experiments.

are approximations due to the modeling assumptions and sensor
measurements. Finally, the vision systems also have inherent
measurement errors. For example, we have conducted a set of
calibration experiments for the Vicon system and estimated a
0.8◦ accuracy for the human angles and 0.3◦ accuracy for the
bicycle roll angle measurements.

B. Discussions

The EKF-based fusion design must satisfy the observability
condition to guarantee the robust and drift-free estimation per-
formance [29]. In our design, all the physical constraints C1–C3
and C5–C7 are necessary to guarantee the observability of the
EKF-based fusion of the four limbs. The observability condi-
tions are validated by the criteria of the linearized time-variant
system of the EKF in [29] and we omit the details here. As
an example, Fig. 9 shows the EKF-based estimates of the right
upper-limb angle φr1 with and without constraints C1 , C3 , or
C1 and C3 . It is clearly shown that with all constraints C1–C3 ,
the estimation errors are bounded while without either C1 or C3 ,
the errors grow over time and eventually diverge. These results
confirm the necessity to include these physical rider–bicycle
interaction constraints in the EKF design.

The use of the physical rider–bicycle interaction constraints
also significantly reduces the number of the needed wearable
sensors. For example, without using the geometric constraints

Fig. 9. Comparison errors of the EKF-based estimates of φr 1 with and
without constraints C1 and C3 .

C4 and C8 , at least four more gyroscopes or inertial sensors are
needed to attach on the forearms and the shanks to capture the
whole-body pose kinematic information (e.g., [7] and [9]). In ad-
dition, the complementary sensors are needed to compensate for
the drifts. Considering the possibly intrusive effect and the in-
convenience of mounting numerous wearable sensors on human
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Fig. 10. Statistics (mean and SD of RMS) of the residual errors of the
physical constraints of the right arm.

bodies for bicycle riding, the effort and the cost of using the per-
manent onboard sensor on bicycle are minimal. Although the
work is presented with application to the whole-body pose esti-
mation in bicycle riding, such principle can be extended to other
human–machine interactions.

The physical constraints used in the fusion design can be
validated through the ground truth. We calculated the residual
errors between the left and right side of the constraint equations
by C1–C3 and C5–C7 . We take the physical constraints C1–C3 of
the right arm as an example. Fig. 10 demonstrates the mean and
the SD of RMS residual errors of all five subjects for the right
arm over time. It is clear that these residual errors are small.
For example, the residual errors of C2 are bounded by ±0.05. In
other words, only less than 3◦ errors exist for the perpendicular
condition introduced by C2 . Similar results are obtained for the
physical constraints of the other limbs.

The fusion of the inertial sensors and the physical interaction
constraints is built on the fact that these interactions are created
through multiple contact points between the rider and the bicy-
cle. The multicontact interactions separate the human activities
into several interconnected locomotion subsystems to which
the physical constraints are applied. Compared with the work
in [13] and [14] where the multibody segmentation constraints
are mainly used to derive the forward open-chain kinematics,
the special closed linkage structure between the rider and the
bicycle provides unique properties. For example, the hip-seat
and the foot-pedal contacts in bicycling restrict the lower-limb
motion as a closed three-segment linkage structure and this con-
straint allows the reduction of the number of the used motion
sensors for pose estimation.

The trunk pose estimation is sensitive to the location of the
trunk IMU mainly for several reasons. First, the trunk is not com-
pletely rigid during bicycle riding. The proposed curved 3-D in-
verted pendulum model is an approximation. The accelerometer
model has different sensitivities to the trunk motions at certain
mounting locations. Finally, it is difficult to firmly attach the
IMU to the trunk due to its size. Because of these reasons,

Fig. 11. (a) The measurements of the z-axis accelerometer of the
bicycle IMU. (b) the estimated rider pose angle θ2 .

we used several considerations to reduce the pose estimation
variations due to IMU mounting locations. First, we carefully
selected the optimal location of the trunk IMU for the best esti-
mation results through many trials and tests. We found that the
best location was at the T6-level (see [15]) on the human back.
Second, we used a T-shape fixture to mount the IMU to guaran-
tee its location at the T6-level firmly. Finally, we carefully tuned
the filter parameters to improve the estimation performance. The
performance of the arm and the leg pose estimation is less sen-
sitive to the locations of the gyroscopes compared to that of the
trunk IMU because the arms and legs are relatively rigid and it
is convenient to attach the sensors firmly.

In experiments, we observed that the uneven ground surfaces
caused slight vibrations on the bicycle frames. The results of
the outdoor experiments show that the influence of the frame
vibrations on the estimation is however not significant. To fur-
ther study the performance of the EKF estimation under large
vibrations, we have conducted an outdoor test by asking one
subject to ride across two artificial wooden bumps. Fig. 11(a)
shows the measurements of the z-axis (vertical) accelerometer
(the maximum range of 2 g between 13–15 s in the figure) of
the bicycle IMU. We clearly find the large magnitude and even
saturated acceleration signals due to running cross these bumps.
Fig. 11(b) shows the EKF pose estimation of rider trunk angle
θ2 . The results clearly demonstrate that the proposed estimation
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scheme does not produce significant errors even under extreme
road conditions.

Similar to [15], the proposed EKF-based pose estimation has
several other attractive properties. The pose estimation design is
robust to the choices of the initial values of the EKF state vari-
ables and the estimations converge to the true values quickly.
From the experiments, the pose estimation is not sensitive to bi-
cycle speed. Compared with the commercially available, small-
size, IMU/magnetometer-based 3-D motion trackers [31] that
are potentially vulnerable to environmental disturbances such
as existence of metals (e.g., bicycles), the integration of the
gyroscopes and the physical constraints in our approach is not
sensitive and more robust to the disturbances.

The proposed pose estimation approach might not perform
well in cases of uncommon bicycle riding styles when the phys-
ical constraints or other used assumptions are no longer valid.
One example of such uncommon riding styles includes acro-
batic bicycle riding when a rider does not sit on the seat or does
not contact the handlebar or the pedals. Moreover, the pose es-
timation design is not capable to estimate the bicycle yaw angle
because none of the onboard sensors obtains any absolute yaw
angle information.

VI. CONCLUSION

In this paper, we presented a whole-body pose estimation
scheme for the rider–bicycle system. The estimation scheme
was based on the fusions of a small set of wearable inertial sen-
sors, onboard force sensors, and the rider–bicycle interaction
constraints. The use of inertial sensors provided direct motion-
sensitive measurements and the use of the geometric and phys-
ical rider–bicycle interaction constraints helped to reduce the
integration drifts of the inertial sensor signals and the number
of wearable sensors to obtain the whole-body pose information.
The effectiveness of the pose estimation scheme was validated
and demonstrated by consistent performance in both indoor and
outdoor experiments. The proposed pose estimation framework
can be further applied to other physical human–machine or
human–robot interaction applications.
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