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A B S T R A C T

This paper proposes quaternion-based extended and square-root unscented Kalman filters to estimate human
body segment positions and orientations using low-cost IMUs in conjunction with a SLAM method. The Kalman
filters use measurements based on SLAM output, multilink biomechanical constraints, and vertical referencing
to correct errors. In addition to the sensor biases, the fusion algorithm is capable of estimating link geometries,
allowing the imposition of biomechanical constraints without a priori knowledge of sensor positions. The
proposed algorithms achieve up to 5.87 (cm) and 1.1 (deg) accuracy in position and attitude estimation in
various scenarios of human arm movements. Compared to the EKF, the SRUKF algorithm presents a smoother
and higher convergence rate but is 2.4 times more computationally demanding. After convergence, the SRUKF
is up to 17% less and 36% more accurate than the EKF in position and attitude estimation, respectively.
. Introduction

Several techniques have been developed to monitor human body
ovements. These techniques have many applications in biomedi-

al science (e.g. for monitoring patients’ progress during rehabilita-
ion), virtual and augmented reality, human-machine interaction, and
he movie industry. Recently, inertial motion capture using inertial
easurement units (IMUs) has drawn more attention than traditional
arker-based optical techniques due to its low cost, small sensor size,

nd ability to be used in non-laboratory environments [1]. The main
isadvantage of accurate optical motion tracking systems is that they
re mostly practical in laboratory and indoor environments. Addition-
lly, visual sensors suffer from occlusion when targets are obstructed
y other joints, limbs, or objects [2]. Another motion capture method
elies on Microsoft Kinect [3] which besides occlusion, suffers from a
ow sampling rate [4]. Also, when a single Kinect sensor is used to
rack human movements, the subject must always face Kinect, because
he tracking errors will increase significantly when the target rotates.
onsequently, several Kinect sensors should be used and their data
hould be merged [5,6].

An IMU consists of an orthogonal tri-axis gyroscope, an orthogonal
ri-axis accelerometer, and an orthogonal tri-axis magnetometer sensor.
igid body orientation can be achieved using an IMU which facili-

ates tracking of human segment movements by attaching the IMU to
he body segments [7], therefore, the orientations of the body links
an be estimated by means of the IMU data attached to the body
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links [8]. However, uncalibrated sensor [9] and drift [10] problems af-
fect IMUs data, especially in dynamic motions. Calibration methods for
accelerometer, magnetometer, and gyroscope, are introduced in [11].
Furthermore, human body localization is not feasible through IMU data
alone due to the presence of stochastic disturbances (measurement
noise) and systematic disturbances (e.g. bias) on IMU outputs that
manifest as drift once integrated. Several studies have been performed
to determine the orientation of the IMU sensors. In [12,13], low compu-
tational cost complementary filters for increased accuracy in estimating
attitude are proposed. Attitude and joint angles estimation between two
consecutive segments of the human body, using only accelerometers
and gyroscopes via a Markov approach is proposed in [14]. In [15],
a method for estimating arm attitude based on an IMU and Kinect
sensor measurements via an unscented Kalman filter data fusion al-
gorithm is introduced. Given the limited visual range of the Kinect
sensor, the authors evaluated the accuracy of the proposed algorithm
without Kinect support in [16]. Inertial motion capture algorithms
capable of estimating sensor parameters and link geometry in real-time
based on extended and unscented Kalman filtering were introduced and
compared in [17].

Intensive research on simultaneous localization and mapping
(SLAM) and visual odometry (VO) systems using cameras alone, or
combined with inertial sensors, have produced methods to estimate
the position and orientation of a particular target [18]. SLAM meth-
ods construct or update a map of an unknown environment while
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simultaneously tracking the position of an agent. A system capable of
performing visual, visual-inertial, and multi-map SLAM with one or
two camera(s) and different lens models, ‘‘ORB-SLAM3’’, is proposed
in [18]. In [19], the semidirect VO ‘‘SVO’’, which is significantly faster
than many of the state-of-the-art VO algorithms, is proposed. Although
SVO is competitively accurate, its accuracy is still significantly lower
than ORB-SLAM3. In [20], IMU is used to overcome localization in case
of insufficient light and texture. Moreover, a multi-state constrained
Kalman filter algorithm is used for visual and inertial data fusion to
improve the accuracy and efficiency of the visual-inertial odometry
system positioning. As stated, IMUs data alone is insufficient for body
links’ position estimation. Therefore, this research uses a SLAM method
(ORB-SLAM3 [18]) alongside these sensors to estimate the position of
the links.

The fusion algorithms proposed in this study augment the method
in [17] by introducing body-mounted camera data into the system. This
work presents an inertial motion capture algorithm combined with a
SLAM method (ORB-SLAM3 [18]) as reference position measurement,
based on extended and square-root unscented Kalman filtering, capable
of estimating the positions and attitudes of multiple body links in
unknown, outdoor, and non-laboratory environments, with appropriate
accuracy. Due to the well-defined error models to minimize the effects
of measurement noise on the corresponding error dynamics, simple
sensor fusion algorithms such as EKF are able to handle the system
nonlinearities. However, the performance of the Kalman filter in param-
eter estimation correction is evaluated using extended and unscented
Kalman filters to assess different Kalman filtering schemes on estima-
tion accuracy and convergence rate. As the conventional unscented
Kalman filter suffers from numerical instability issues, a square-root
covariance propagation and update algorithm is used to mitigate this
issue. The computational cost of the unscented Kalman filter increases
substantially as the number of the estimated states increases. Gyro-
scopes and accelerometers biases, which for low-cost IMUs tend to
change with temperature and passage of time, are estimated alongside
the position, velocity, attitude, and geometry of body links. Although
IMUs consist of accelerometers, gyroscopes, and magnetometers, in this
study, the magnetometers data were disregarded due to the existence
of magnetic disturbances in the laboratory environment. The position
and velocity of each joint are obtainable using the data from the two
adjacent modules, which ideally, should be equivalent. However, due
to joint deformations, these positions and velocities will not be exactly
equal. Measurements based on these biomechanical constraints present
in a multi-link system, SLAM output using the camera, and vertical
referencing using accelerometer data are used for error control in the
correction step of the Kalman filters. The ability to estimate body links
geometry allows the imposition of biomechanical constraints without
a priori knowledge of the sensors and the camera positioning [21]. Ad-
ditionally, stationary accelerometer data are used as a complementary
measurement to the filter for attitude estimation correction. Combining
multi-link inertial motion capture with the SLAM method for human
body localization and pose estimation making the motion capture
system practical in any environment is the main innovation of the
present study. The VICON optical motion capture system is used as a
verification ground-truth to evaluate the performance of the proposed
algorithms. Moreover, since ORB-SLAM3 itself includes errors and suf-
fers from low and disordered output frequency, shoulder reference
position measurements are fed to the data fusion algorithms once using
the SLAM method and once using the VICON optical motion capture
system to evaluate the performance of the algorithms, disregarding the
errors of the SLAM system.

2. Fundamentals

This section describes the system overview, various reference
frames, dynamic equations, and sensor output models used throughout
the paper which are based on [17].
2

Table 1
Nomenclature.

Symbol Description

𝐽𝑖𝑗 The joint between the 𝑖th and 𝑗th links
𝑙𝑏𝑖𝑖𝑗 The vector connecting the 𝑖th module to 𝐽𝑖𝑗

𝑙𝑏0𝑐 Lever arm connecting the 0th module to the camera
𝑛 NED (North-East-Down) frame
𝑏𝑘 𝑘th module sensor body frame
𝑝𝑘 𝑘th module’s estimation of the 𝑛-frame
(.)𝑐 Variable is associated with the camera
̃(.) Measured value
̂(.) Estimated value

The multi-body system the motion of which is to be captured
consists of 𝑁 links, each being connected to at least one other link
via a ball and socket joint. The vectors connecting the sensor modules
of 𝑖th and 𝑗th links to their connecting joint, 𝐽𝑖𝑗 , will be denoted by
egment 𝑙𝑏𝑖𝑖𝑗 ∈ R3 and 𝑙

𝑏𝑗
𝑗𝑖 ∈ R3 (Fig. 1) [17]. The camera is assumed to

e installed on the 0th module and the lever arm connecting the 0th
odule to the camera is denoted by 𝑙𝑏0𝑐 ∈ R3. The recurring symbols
sed throughout the paper are tabulated in Table 1.

In this article, the direction cosine matrix (DCM), quaternion, and
otation vector described in [22] are used to parameterize rotations.
he symbol ⊗ refers to the quaternion product defined as,

1 ⊗ 𝐪2 =
[

𝑞1𝑞2 − 𝐪1𝑣.𝐪2𝑣
𝑞1𝐪2𝑣 + 𝑞2𝐪1𝑣 + 𝐪1𝑣 × 𝐪2𝑣

]

(1)

𝐪𝑇 =
[

𝑞 𝐪𝑇𝑣
]

(2)

where 𝑞1, 𝑞2, 𝑞 and 𝐪1𝑣,𝐪2𝑣,𝐪𝑣 ∈ R3 represent the scalar and vector parts
of unit quaternions 𝐪1, 𝐪2, and 𝐪, respectively.

For an arbitrary vector 𝐳 the symbols 𝐳̂ and 𝐳̃ indicate the estimated
and measured values of 𝐳, respectively, and 𝛿𝐳 denotes the estimation
error vector.

𝐳 = 𝛿𝐳 + 𝐳̂ (3)

The quaternion form of vector 𝐝 ∈ R3 is represented by,

𝐝̄𝑇 =
[

0 𝐝𝑇
]

(4)

The 𝑛-frame denotes the NED (North-east-down) frame, the 𝑏𝑘-frame
refers to the 𝑘th module sensor body frame, and the 𝑝𝑘-frame is the 𝑘th
module’s estimation of the 𝑛-frame which satisfies [22],

𝐑̂𝑛
𝑏𝑘

= 𝐑𝑝𝑘
𝑏𝑘

(5a)

𝐪̂𝑛𝑏𝑘 = 𝐪𝑝𝑘𝑏𝑘 (5b)

where 𝐪̂𝑛𝑏𝑘 and 𝐪𝑝𝑘𝑏𝑘 are the quaternion equivalents of DCMs 𝐑̂𝑛
𝑏𝑘

and 𝐑𝑝𝑘
𝑏𝑘

,
respectively.

In this study, the effects of the earth’s rotational velocity will be
neglected due to the relatively larger measurement noise and resolu-
tion. Consequently, the dynamic model equations of the 𝑘th module
are obtained by simplifying the equations of the inertial navigation
system [22],

𝐩̇𝑛𝑘 = 𝐯𝑛𝑘 (6a)

𝐯̇𝑛𝑘 = 𝐑𝑛
𝑏𝑘
𝐟𝑏𝑘𝑘 + 𝐠𝑛 (6b)

𝐪̇𝑛𝑏𝑘 = 1
2
𝐪𝑛𝑏𝑘 ⊗ 𝝎̄𝑏𝑘

𝑖𝑏𝑘
(6c)

where the vectors 𝐩𝑛𝑘, 𝐯
𝑛
𝑘 ∈ R3 denote the position and velocity of the

𝑘th module in the 𝑛-frame, respectively. The gravity vector in the 𝑛-
frame is denoted as 𝐠𝑛 ∈ R3. The vectors 𝐟𝑏𝑘𝑘 , 𝝎̄𝑏𝑘

𝑖𝑏𝑘
∈ R3 refer to the

specific force and rotational velocity of the 𝑘th module expressed in
𝑛 4
the 𝑏𝑘-frame, respectively. The unit quaternion 𝐪𝑏𝑘 ∈ R and rotation



Measurement 222 (2023) 113690M.M. Azarbeik et al.
Fig. 1. (a) Schematic of sensors, links, and markers placement. (b) Experimental setup. (The data of the IMU attached to the camera is only used for the ORB-SLAM3.)
matrix 𝐑𝑛
𝑏𝑘

∈ R3×3 parameterize the 𝑏𝑘-frame attitude in relation to the
𝑛-frame.

Due to sensor bias, scaling, non-orthogonality, and measurement
noise, the accelerometer and gyroscope outputs differ from the actual
values of specific force and angular velocity. As shown in [17], the esti-
mation accuracy in inertial motion capture scenarios is not necessarily
enhanced by adaptive estimation of accelerometer and gyroscope scal-
ing and non-orthogonality parameters due to their poor observability.
Therefore, the IMUs outputs are modeled by,

𝐟𝑏𝑘𝑘 = 𝐟𝑏𝑘𝑘 − 𝐛𝑎,𝑘 − 𝜼𝑎,𝑘 (7a)

𝝎𝑏𝑘
𝑖𝑏𝑘

= 𝜔̃𝑏𝑘
𝑖𝑏𝑘

− 𝐛𝑔,𝑘 − 𝜼𝑔,𝑘 (7b)

where the indexes (.)𝑎,𝑘 and (.)𝑔,𝑘 correspond respectively to the ac-
celerometer and the gyroscope of the 𝑘th module. The vectors 𝐛 ∈ R3

and 𝜼 ∈ R3 represent the bias and white Gaussian measurement noise
vectors, respectively. The diagonal covariance matrices of 𝜼𝑎,𝑘 and 𝜼𝑔,𝑘
are 𝜎𝑎,𝑘𝐈3×3 and 𝜎𝑔,𝑘𝐈3×3, respectively, where 𝜎𝑎,𝑘 > 0 and 𝜎𝑔,𝑘 > 0
represent the axiswise noise standard deviations (SD). According to (7),

𝐟𝑏𝑘𝑘 ≈ 𝐟𝑏𝑘𝑘 − 𝐛̂𝑎,𝑘 (8a)

𝝎̂𝑏𝑘
𝑖𝑏𝑘

≈ 𝝎̃𝑏𝑘
𝑖𝑏𝑘

− 𝐛̂𝑔,𝑘 (8b)

3. Error models

Considering (3), (7), and (8) the sensor output errors are modeled
as,

𝛿𝐟𝑏𝑘𝑘 = 𝐟𝑏𝑘𝑘 − 𝐟𝑏𝑘𝑘 = −𝛿𝐛𝑎,𝑘 − 𝜼𝑎,𝑘 (9a)

𝛿𝝎𝑏𝑘 = 𝝎𝑏𝑘 − 𝝎̂𝑏𝑘 = −𝛿𝐛 − 𝜼 (9b)
3

𝑖𝑏𝑘 𝑖𝑏𝑘 𝑖𝑏𝑘 𝑔,𝑘 𝑔,𝑘
The attitude quaternion estimation error, unlike the other system
parameters which follow (3), is modeled as,

𝐪𝑛𝑏𝑘 = 𝐪𝑛𝑝𝑘 ⊗ 𝐪𝑝𝑘𝑏𝑘 (10)

where 𝐪𝑛𝑝𝑘 represents the 𝑛-frame attitude estimation error and is used
to rotate its axes to obtain the 𝑝𝑘-frame axes. The rotation vector
equivalent of 𝐪𝑛𝑝𝑘 is indicated by 𝝓𝑘.

The present inertial motion capture algorithm is implemented us-
ing both extended and unscented Kalman filters. Since the unscented
implementation calculates sigma points, it only requires the parameter
estimation error models, system dynamics, and measurement equa-
tions. However, the extended implementation requires the estimation
error dynamics and error-based measurement residuals [23]. To obtain
the estimation error dynamics required for the extended Kalman filter,
𝝓𝑘 is assumed to be small (i.e. ‖𝝓𝑘‖ ≪ 1). Therefore, 𝐑𝑛

𝑝𝑘
, the DCM

representing the rotation between the 𝑛-frame and 𝑝𝑘-frame, and its
quaternion equivalent, 𝐪𝑛𝑝𝑘 , satisfy these equations [22]:

𝐑𝑛
𝑝𝑘

≈ 𝐈3×3 + [𝝓𝑘×] (11a)

(𝐪𝑛𝑝𝑘 )
𝑇 ≈ [1 1

2𝝓𝑘
𝑇 ] (11b)

Subsequently, differentiating (10) with respect to time, while consider-
ing (6c) and (11b), we have

𝐪̇𝑛𝑝𝑘 = 1
2
𝐪𝑛𝑝𝑘 ⊗ 𝛿𝝎̄𝑝𝑘

𝑖𝑏𝑘
(12)

Considering (9b), (11b), (12), small angle rotation vector dynamics,
and omitting higher order terms results in [22],

𝝓̇𝑘 ≈ 𝛿𝝎𝑝𝑘
𝑖𝑏𝑘

(13)

Taking into account (3), differentiating the velocity estimation with
respect to time and substituting by (6b), (7a), (9a), and (11a) leads to,

𝛿𝐯̇𝑛 = 𝛿𝐟𝑝𝑘 − 𝐟𝑝𝑘 × 𝝓 (14)
𝑘 𝑘 𝑘 𝑘
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Taking into account (3), differentiating the position estimation error
with respect to time and substitution of (6a) results in:

𝛿𝐩̇𝑛𝑘 = 𝛿𝐯𝑛𝑘 (15)

4. Sensor fusion

As a result of measurement noise, incorrect parameter initialization,
and numerical integration, position, velocity, and attitude estimation
of each link using the differential equations of (6) are subject to error.
In both extended and unscented Kalman filters, measurements based
on biomechanical constraints present in a multi-link body system,
reference position measurement using SLAM output via the camera
or the VICON optical motion capture system, and vertical referencing
using accelerometer measurements are used to correct these errors. The
position and velocity of each joint are obtainable using the position,
velocity, and attitude of the adjacent link module. Considering (Fig. 1),

𝐩𝑛𝐽𝑖𝑗,𝑖 = 𝐩𝑛𝑖 + 𝐑𝑛
𝑏𝑖
𝐥𝑏𝑖𝑖𝑗 (16)

where 𝐩𝑛𝐽𝑖𝑗,𝑖 is the position of the joint 𝐽𝑖𝑗 obtained from the 𝑖th link
parameters. Ideally, 𝐩𝑛𝐽𝑖𝑗,𝑖 and 𝐩𝑛𝐽𝑖𝑗,𝑗 should be equivalent, however, the
body joints deform slightly during motions. For the purpose of impos-
ing the equivalence constraint between 𝐩𝑛𝐽𝑖𝑗,𝑖 and 𝐩𝑛𝐽𝑖𝑗,𝑗 , the following
pseudo-measurement vector is defined considering (16) to model the
joints’ deformations,

𝐲̃𝑝𝑖𝑗 = 𝐩𝑛𝑗 − 𝐩𝑛𝑖 + 𝐑𝑛
𝑏𝑗
𝐥𝑏𝑗𝑗𝑖 − 𝐑𝑛

𝑏𝑖
𝐥𝑏𝑖𝑖𝑗 + 𝜼𝑝,𝐽𝑖𝑗 (17)

where the diagonal covariance matrix of 𝜼𝑝,𝐽𝑖𝑗 ∈ R3 is 𝜎𝑝,𝐽𝑖𝑗 𝐈3×3 with
𝜎𝑝,𝐽𝑖𝑗 > 0 representing the axiswise noise SD. Considering (17) and (5a),

𝐲̂𝑝𝑖𝑗 = 𝐩̂𝑛𝑗 − 𝐩̂𝑛𝑖 + 𝐑𝑝𝑗
𝑏𝑗
𝐥̂𝑏𝑗𝑗𝑖 − 𝐑𝑝𝑖

𝑏𝑖
𝐥̂𝑏𝑖𝑖𝑗 (18)

The joint’s position residual vector, 𝛿𝐲𝑃𝑖𝑗 ∈ R3, is defined as,

𝛿𝐲𝑃𝑖𝑗 = 𝐲̃𝑃𝑖𝑗 − 𝐲̂𝑃𝑖𝑗 (19)

substituting from (11a), (17), and (18) into (19) and disregarding
higher order terms,

𝛿𝐲𝑝𝑖𝑗 ≈ 𝛿𝐩𝑛𝑗 − 𝛿𝐩𝑛𝑖 + 𝜼𝑝,𝐽𝑖𝑗 + 𝐑𝑝𝑗
𝑏𝑗
𝛿𝐥𝑏𝑗𝑗𝑖 − 𝐑𝑝𝑖

𝑏𝑖
𝛿𝐥𝑏𝑖𝑖𝑗 − 𝐥̂𝑝𝑗𝑗𝑖 × 𝝓𝑗 + 𝐥̂𝑝𝑖𝑖𝑗 × 𝝓𝑖 (20)

where 𝛿𝐥𝑏𝑖𝑖𝑗 ∈ R3 and 𝛿𝐥𝑏𝑗𝑗𝑖 ∈ R3 are vectors of segment estimation errors.
Each joint’s velocity is obtainable from an adjacent link module,

𝐯𝑛𝐽𝑖𝑗,𝑖 = 𝐯𝑛𝑖 + 𝐑𝑛
𝑏𝑖
(𝝎𝑏𝑖

𝑖𝑏𝑖
× 𝐥𝑏𝑖𝑖𝑗 ) (21)

while 𝐯𝑛𝐽𝑖𝑗,𝑖 is the velocity of joint 𝐽𝑖𝑗 obtained from the parameters
of the 𝑖th link. Similar to the joint positions, 𝐯𝑛𝐽𝑖𝑗,𝑖 and 𝐯𝑛𝐽𝑖𝑗,𝑗 are not
exactly equivalent as a result of joint deformations during motions.
To enforce the equivalency constraint between 𝐯𝑛𝐽𝑖𝑗,𝑖 and 𝐯𝑛𝐽𝑖𝑗,𝑗 the next
pseudo-measurement vector is defined by considering (21) to model
joint deformations,

𝐲̃𝑣𝑖𝑗 = 𝐯𝑛𝑗 − 𝐯𝑛𝑖 + 𝜼𝑣,𝐽𝑖𝑗 + 𝐑𝑛
𝑏𝑗
(𝝎𝑏𝑗

𝑖𝑏𝑗
× 𝐥𝑏𝑗𝑗𝑖 ) − 𝐑𝑛

𝑏𝑖
(𝝎𝑏𝑖

𝑖𝑏𝑖
× 𝐥𝑏𝑖𝑖𝑗 ) (22)

where the diagonal covariance matrix of 𝜼𝑣,𝐽𝑖𝑗 ∈ R3 is 𝜎𝑣,𝐽𝑖𝑗 𝐈3×3 with
𝜎𝑣,𝐽𝑖𝑗 > 0 representing the axiswise noise SD. Considering (22) and (5a),

𝐲̂𝑣𝑖𝑗 = 𝐯̂𝑛𝑗 − 𝐯̂𝑛𝑖 + 𝐑𝑝𝑗
𝑏𝑗
(𝝎̂𝑏𝑗

𝑖𝑏𝑗
× 𝐥̂𝑏𝑗𝑗𝑖 ) − 𝐑𝑝𝑖

𝑏𝑖
(𝝎̂𝑏𝑖

𝑖𝑏𝑖
× 𝐥̂𝑏𝑖𝑖𝑗 ) (23)

The joint velocity residual vector, 𝛿𝐲𝑣𝑖𝑗 ∈ R3, is defined as,

𝛿𝐲𝑣𝑖𝑗 = 𝐲̃𝑣𝑖𝑗 − 𝐲̂𝑣𝑖𝑗 (24)

Substituting (11a), (22), and (23) to (24) and ignoring higher order
terms results in,

𝛿𝐲𝑣𝑖𝑗 ≈ 𝛿𝐯𝑛𝑗 − 𝛿𝐯𝑛𝑖 + 𝜼𝑣,𝐽𝑖𝑗 − (𝐑𝑝𝑗
𝑏𝑗
(𝝎̂𝑏𝑗

𝑖𝑏𝑗
× 𝐥̂𝑏𝑗𝑗𝑖 )) × 𝝓𝑗 + (𝐑𝑝𝑖

𝑏𝑖
(𝝎̂𝑏𝑖

𝑖𝑏𝑖
× 𝐥̂𝑏𝑖𝑖𝑗 )) × 𝝓𝑖

𝑝𝑗 𝑏𝑗 ̂𝑏𝑗 𝑏𝑗 𝑏𝑗 𝑝𝑖 𝑏𝑖 ̂𝑏𝑖 𝑏𝑖 𝑏𝑖
(25)
4

+𝐑𝑏𝑗
(𝛿𝝎𝑖𝑏𝑗

× 𝐥𝑗𝑖 + 𝝎̂𝑖𝑏𝑗
× 𝛿𝐥𝑗𝑖 ) − 𝐑𝑏𝑖

(𝛿𝝎𝑖𝑏𝑖
× 𝐥𝑖𝑗 + 𝝎̂𝑖𝑏𝑖

× 𝛿𝐥𝑖𝑗 )
It is noteworthy that 𝜼𝑝,𝐽𝑖𝑗 and 𝜼𝑣,𝐽𝑖𝑗 , in (17) and (22), are included to
model the joints’ deformations.

The measurement and estimation of 𝐩𝑐 , the position of the camera
(Fig. 1), which can be obtained by the SLAM and the 𝑘th module data,
should be equivalent. To impose the equivalence constraint between
these two, since the SLAM provides the direct position of the camera,

𝐲̃𝑝𝑐 = 𝐩̃𝑛𝑐 = 𝐩𝑛0 + 𝐑𝑛
𝑏0
𝐥𝑏0𝑐 + 𝜼𝑝𝑐 (26)

where 𝐩̃𝑛𝑐 is the position obtained from the output of the SLAM and
the diagonal covariance matrix of 𝜼𝑝𝑐 ∈ R3 is 𝜎𝑝𝑐 𝐈3×3 with 𝜎𝑝𝑐 > 0
representing the axiswise noise SD. According to (26) and (5a),

𝐲̂𝑝𝑐 = 𝐩̂𝑛𝑐 = 𝐩̂𝑛0 + 𝐑𝑝0
𝑏0
𝐥̂𝑏0𝑐 (27)

The camera position residual vector, 𝛿𝐲𝑝𝑐 ∈ R3, is defined as,

𝛿𝐲𝑝𝑐 = 𝐲̃𝑝𝑐 − 𝐲̂𝑝𝑐 (28)

substituting from (11a), (26), and (27) into (28) and disregarding
higher order terms,

𝛿𝐲𝑝𝑐 ≈ 𝛿𝐩𝑛𝑐 − 𝛿𝐩𝑛0 − 𝜼𝑝𝑐 − 𝐑𝑝0
𝑏0
𝛿𝐥𝑏0𝑐 + 𝐥̂𝑝0𝑐 × 𝝓0 (29)

where 𝛿𝐥𝑏0𝑐 ∈ R3 is the camera lever arm estimation error vector.
Notably, the SLAM output frequency is disordered, variable, and about
one-third of the IMU’s frequency. Thus, the algorithm uses measure-
ment (29) each time the SLAM provides data.

The estimated attitude for each module is corrected with the aid
of the accelerometer measurements. Ideally, the output norms of static
tri-axis accelerometers are close to the gravitational force. When the
𝑘th link is steady, the gravity vector is obtainable as,

𝐠𝑛 = −𝐑𝑛
𝑏𝑘
𝐟𝑏𝑘𝑘 (30)

Considering (5a), (30), and the estimated gravity vector during station-
ary periods,

𝐠̂𝑛 = −𝐑𝑝𝑘
𝑏𝑘
𝐟𝑏𝑘𝑘 (31)

During stationary periods, the gravity vector and its estimate pro-
vide a vertical reference. Consequently, the gravity measurement resid-
ual, 𝛿𝐠𝑛 ∈ R3, is defined as,

𝛿𝐠𝑛 = 𝐠𝑛 − 𝐠̂𝑛 (32)

Substituting (11a), (30), and (31) into (32) results in,

𝛿𝐠𝑛 ≈ −𝐠𝑛 × 𝝓𝑘 − 𝛿𝐟𝑛𝑘 (33)

The augmented state and estimation error vectors are denoted by 𝐱
and 𝐞, respectively, and defined by,

𝐱 =
[

𝐱1𝑇 𝐱2𝑇 ⋯ 𝐱𝑁𝑇
(

𝐥𝑏0𝑐
)𝑇

]𝑇
,

𝐞 =
[

𝐞1𝑇 𝐞2𝑇 ⋯ 𝐞𝑁𝑇
(

𝛿𝐥𝑏0𝑐
)𝑇

]𝑇 (34)

Where 𝐱𝑘, 𝐞𝑘 (𝑘 = 1,… , 𝑁) denote the augmented state and estima-
tion error vectors of the 𝑘th module and 𝑁 is the total number of the
modules.

𝐱𝑘 =
[

(

𝐩𝑛𝑘
)𝑇 (

𝐯𝑛𝑘
)𝑇

(

𝐪𝑛𝑝𝑘
)𝑇

(

𝐛𝑎,𝑘
)𝑇 ...

...
(

𝐛𝑔,𝑘
)𝑇

(

𝐥𝑏𝑘𝑘,𝑘+1
)𝑇 (

𝐥𝑏𝑘𝑘,𝑘−1
)𝑇

]𝑇
,

𝐞𝑘 =
[

(

𝛿𝐩𝑛𝑘
)𝑇 (

𝛿𝐯𝑛𝑘
)𝑇 (

𝝓𝑘
)𝑇 (

𝛿𝐛𝑎,𝑘
)𝑇 ...

...
(

𝛿𝐛𝑔,𝑘
)𝑇

(

𝛿𝐥𝑏𝑘𝑘,𝑘+1
)𝑇 (

𝛿𝐥𝑏𝑘𝑘,𝑘−1
)𝑇

]𝑇

(35)

Note that 𝐱𝑘 and 𝐞𝑘 respectively use unit quaternions and rotation

vectors to parameterize the attitude.
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Fig. 2. The overall flowchart of the data fusion algorithms.
Table 2
Kalman filter schemes.

Filter Propagation Correction

EKF (6), (13), (14), and (15) (20), (25), (29), and (33)
SRUKF (6) (19), (24), (28), and (32)

An effective method for sensor fusion is the Kalman filter which has
two main stages: time propagation of the states and error covariance by
system dynamics, followed by states and error covariance correction by
measurements. The performance of the Kalman filter in the correction
of the parameter estimations obtained by the numerical integration of
(6) is evaluated using extended and unscented schemes. The extended
Kalman filter uses (13), (14), and (15) for attitude, velocity, and
position error dynamics, respectively. The unscented Kalman filter is
implemented using square-root covariance propagation and update for
increased numerical stability similar to the method introduced in [24].
Due to the large number of the estimated states (i.e. 60 states, including
27 variables and 33 constants in the human arm motion tracking as
discussed in Section 5), the SRUKF algorithm is implemented to miti-
gate the numerical instability issues encountered by the conventional
UKF algorithm. The 𝛼 and 𝛽 parameters that are responsible for sigma
points distribution in the SRUKF algorithm [24] are considered to be
1 and 2, respectively. The related equations for the propagation and
correction stages of each Kalman filter are tabulated in Table 2. The
overall flowchart of the data fusion algorithms is presented in Fig. 2.

5. Experimental results

In this section, the proposed algorithms’ performance in human arm
motions is experimentally assessed against a VICON optical motion
capture system, which has a measurement error of less than 2 mm [25].
These tests were conducted during 9 fast-paced gait (simple walking)
and 3 jumping (walking and occasional jumps) motion scenarios on
rectangular-shaped and straight paths (moving forward and backward
without turning). The reference frame alignment between the inertial
5

Table 3
Sensor noise characteristics.

Sensor Random walk Bias instability

Accelerometer 60 μg
/

√

h 15 μg

Gyroscope 0.01
◦
∕s
/

√

h 10 ◦
∕ℎ

and optical systems is done using the method proposed in [26]. The
subject traveled up to 200 m in over 180 s during each test.

The arm is composed of 3 links (including the forearm, upper-
arm, and scapula), 2 joints (including the elbow and shoulder), and 4
segments and one camera lever arm (Fig. 1). Thus, the objective of the
resulting estimation problem is to determine the position, velocity, and
attitude of each 3 links at each point in time (i.e. 27 variables) as well
as segment vectors (4 segments between links and joints), sensor biases
(3 tri-axis accelerometer and 3 tri-axis gyroscope biases), and camera
lever arm (i.e. 33 constants), which results in 60 estimated states.

The system hardware used to evaluate the performance of the
algorithms were 3 MTx Xsens modules and a smartphone camera (S21
Ultra ultra-wide camera, 12 MP, F2.2) for the SLAM system (Fig. 1).
The IMUs data were recorded in 100 Hz and the visual data was fed to
the SLAM system in 60 FPS and 640 × 480 resolution. The frequency
of the output of ORB-SLAM3 reference position measurements is in the
range of 15–25 Hz. The process noise characteristics in the proposed
estimation algorithms are set using the noise characteristics of the
sensors presented in Table 3. The initial SDs for estimation errors of
position, velocity, attitude, gyroscope bias, accelerometer bias, and
segments are assumed to be 10 cm, 1 cm/s, 1 deg, 0.1 deg/s, 0.1
m∕s2, and 10 cm, respectively. The SD values for position and velocity
measurement noise responsible for modeling joint deformations in (20)
and (25) are set at 1 cm and 1 cm/s, respectively. The above values
are established by trial and error. The SD value of the SLAM position
measurement noise in (29) is set to 5 cm according to the monocular
ORB-SLAM3 RMSE ATE reported in [18].
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Fig. 3. The estimated poses of the arm in multiple consecutive time frames during a jumping motion scenario using the SRUKF-S scheme.
To assess the effects of shoulder position measurement errors and
frequency disorders of the SLAM system on the algorithm perfor-
mance, both the EKF and SRUKF algorithms were implemented once
using SLAM position output obtained from the smartphone camera
data, denoted by EKF-S and SRUKF-S, and once using absolute po-
sition measurements obtained from VICON, denoted by EKF-V and
SRUKF-V. Notably, the VICON measurements used for data fusion
algorithms error control are restricted only to the shoulder position.
The position and attitude of the other links are estimated through the
fusion of IMU measurements integrated over time and the imposing of
biomechanical pseudo-measurements. The estimated poses of the arm
in multiple consecutive time frames during a jumping motion scenario
using the SRUKF-S scheme are illustrated in Fig. 3. The reconstructed
trajectory and map point of the executed SLAM (ORB-SLAM3 [18]) as
the position measurement for the EKF-S and SRUKF-S algorithms are
shown in Fig. 4. ORB-SLAM3 has been implemented in the monocular
scheme. In order to obtain more reliable reference position measure-
ment data out of ORB-SLAM3, the camera data were recorded 30 to
45 s ahead of the IMU data so that ORB-SLAM3 calibrated itself with
the laboratory environment. The results of the proposed algorithms are
shown in Figs. 5–9. The position and attitude estimation root mean
square error (RMSE) for each dataset is calculated over its duration. The
statistical position and attitude estimation error results for the shoulder,
upper-arm, and forearm among 9 gait and 3 jumping scenarios are
reported in Table 4. The mean cycle run time for the EKF and SRUKF
algorithms are 7.15 (ms) and 17.24 (ms), respectively, meaning that the
SRUKF algorithm is about 2.4 times more computationally demanding
than the EKF. Notably, the timing results were measured while the
proposed algorithms were deployed under MATLAB and were run on
a 3.6 GHz quad-core processor.

6. Discussion

The estimated planar trajectory of the shoulder in a rectangular-
shaped path gait test in comparison with the VICON is presented in
Fig. 5. As expected, the EKF-V and SRUKF-V trajectories are closer to
the VICON ground-truth compared to the EKF-S and SRUKF-S due to
their more accurate reference position measurements. The forearm link
position and attitude estimations and their estimations errors compared
to the VICON are illustrated in Figs. 6, 7 because it is the most
6

Table 4
Statistical position and attitude estimation error results.

Algorithm Joint Mean
position
RMSE (cm)

Position
RMSE SD
(cm)

Mean
attitude
RMSE (deg)

Attitude
RMSE SD
(deg)

Scapula 14.03 2.28 4.54 1.1
EKF-S Upperarm 12.93 3.21 2.94 1.48

Forearm 17.34 2.85 6.1 1.77

Scapula 14.98 3.97 4.11 1.11
SRUKF-S Upperarm 14.65 3.62 2.2 1.4

Forearm 21.38 6.67 6.17 2.22

Scapula 10.87 1.52 4.08 1.12
EKF-V Upperarm 7.1 1.76 2.07 0.91

Forearm 15.64 2.53 5.76 1.94

Scapula 10.15 1.47 3.9 1.09
SRUKF-V Upperarm 9.12 1.8 2.23 1.52

Forearm 17.89 5.26 6.18 2.16

challenging link due to its faster movements and distance from the
camera. All the figures present position in the 𝑛-frame and attitude
in terms of Euler angles. As shown in Fig. 7, the SLAM output error
and frequency disorders caused more errors in EKF-S and SRUKF-S
compared to EKF-V and SRUKF-V.

Gyroscope biases, accelerometer biases, and segment estimations in
Figs. 8, 9 show smoother convergence and higher convergence rates
for SRUKF algorithms versus EKF algorithms. Moreover, according to
Fig. 8, the SRUKF estimation of the biases fluctuates less than the
EKF, especially in the case of accelerometer bias. Furthermore, the
SRUKF estimation of sensor biases and segments is not only faster in
convergence, but also more stable. There is hardly any difference in
the convergence rate of the sensor biases estimation between the SLAM
and VICON position measurements (Fig. 8). Assuming that no prior
knowledge of the body geometry is available, initial estimations for
segment lengths are set at zero. The convergence of the scapula to the
camera segment length differs significantly between SLAM and VICON
position measurements due to the SLAM output errors (Fig. 9). This
difference decreases as the distance between the segment and the cam-
era increases. The difference between the segment length convergence
in SLAM and VICON position measurements from the shoulder joint
downwards is insignificant (Fig. 9). This decrease is explicable because
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Fig. 4. ORB-SLAM3 reconstructed trajectory and map point.
Fig. 5. Scapula link planar trajectory during a jumping scenario.

the biomechanical constraint measurements attenuate the effects of
SLAM position measurement noise and errors.

As reported in Table 4, the minimum position and attitude esti-
mation RMSEs across all links for the EKF-S, SRUKF-S, EKF-V, and
SRUKF-V are 6.66 (cm) and 1.1 (deg), 5.87 (cm) and 1.11 (deg),
3.39 (cm) and 0.91 (deg), and 6.28 (cm) and 1.09 (deg), respectively.
EKF-S is up to 80% and 40% less accurate than EKF-V, and SRUKF-
S is up to 60% and 6% less accurate than SRUKF-V, in position and
attitude estimation, respectively. These results were expected because
of the lower estimation error and higher data frequency of the VICON
reference position measurement compared to the SLAM output. It is
evident that the SRUKF-S algorithm is more resistant to SLAM errors
and disordered frequencies than the EKF-S.

As shown in Figs. 8, 9, the convergence rate of the sensor biases
and segments is faster and smoother for the SRUKF algorithms, which
represents the main advantage of SRUKF algorithms in exchange for a
higher computational cost. Table 4 results show that the SRUKF-S is
up to 17% less and 36% more accurate than the EKF-S in position and
7

Fig. 6. Forearm link position and attitude estimation compared to the VICON during
a jumping scenario.

attitude estimation, respectively. In the case of EKF-V and SRUKF-V
algorithms, the difference varies from link to link. In the scapula link,
SRUKF-V is 8% and 6% more accurate than EKF-V, in position and
attitude estimation, respectively. But in the upper-arm, link SRUKF-
V is 12% and 6% less accurate than EKF-V, in position and attitude
estimation, respectively.

7. Conclusion

Inertial motion capture algorithms using extended and square-root
unscented Kalman filtering in combination with the SLAM method
are proposed. The algorithms estimate the sensor biases and link ge-
ometries in addition to the positions, velocities, and attitudes. The
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Fig. 7. Error of forearm link position and attitude estimation compared to VICON
optical motion capture system during a jumping scenario.

Fig. 8. Gyroscope and accelerometer bias estimation during a jumping scenario.

apability of the algorithm in estimating the link geometries and seg-
ents allows the imposition of biomechanical constraints without a

priori knowledge of the sensors and the camera’s positions. Without
relying on magnetic measurements and taking advantage of SLAM po-
sition output, the system is applicable in outdoor, non-laboratory, and
unknown environments. The performance of the proposed algorithms
was evaluated compared to the VICON optical motion capture system
during 9 fast-paced gait and 3 jumping motion scenarios.

To study the effects of measurement errors and frequency variations
on estimation performance, the algorithms were implemented once
8

-

Fig. 9. Segments length estimation during a jumping scenario.

using the SLAM outputs and once using VICON as position measure-
ments. Expectedly, the VICON’s absolute position measurements yield
less position and attitude estimation errors than SLAM, specifically
in the EKF algorithms. The SRUKF algorithms present a remarkably
smoother and higher convergence rate compared to the EKF. The
SRUKF and EKF algorithms’ estimation errors after convergence are
very similar and vary from link to link. In addition, the SRUKF algo-
rithms are 2.4 times more time-consuming than the EKF algorithms.
This difference in computational cost increases as the number of the
estimated states increases as well.

Future research may suggest a new approach for Kalman filtering
by using hybrid filters to reduce the computational cost of the SRUKF
algorithm while taking advantage of its high convergence rate. More-
over, the feasibility of position and attitude estimation of the whole
body with an IMU placed on each link and one or two cameras placed
on the shoulder, chest, or back of the subject via proposed algorithms
can be studied in future works.
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