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Abstract—1 In this paper a fault tolerant state estimation
(FTSE) framework is developed for reliable navigation. The
framework features kinematic state estimation using Bayesian
filtering of sensor measurements, and sensor fault detection and
isolation. Another development is an uncoupled fusion architec-
ture that allows the system state to be updated by asynchronous
sensors, makes the system easily scalable and allows the system to
degenerate gracefully during one or more sensor outage. A novel
procedure to incorporate relative measurements, such as relative
pose from stereo sensors, into the Bayesian filtering framework
is also developed. In addition, a novel kinematic state transition
model is developed that exploits the dynamics of UGV, provides
a coupled linear and angular motion model and avoids over-
fitting of measurement data. The FTSE system’s performance is
demonstrated based on results from processing real data.
Keywords: Navigation, asynchronous sensors, fault toler-
ant state estimation, UGV, data fusion.

I. INTRODUCTION

Reliable navigation is a key component of unmanned sys-
tems that has applications ranging from space exploration [1]
to agriculture [2]. In contaminated and other denied areas,
reliable navigation equipped unmanned vehicles can be de-
ployed as a military asset for detection, neutralization, and
breaching of minefields and other obstacles; reconnaissance,
surveillance and target acquisition (RSTA); unexploded ord-
nance (UXO) clearance; explosive ordnance disposal (EOD);
physical security; logistics; and fire-fighting. Due to its high
degree of accuracy Global Positioning System (GPS) is the
key technology for navigation particularly for unmanned air
vehicles (UAVs). However, on or near ground, GPS coverage
is unreliable in the presence of vegetation and urban structures
and it is unavailable indoors. Hence, a multi-sensor system
that is tolerant to GPS coverage limitations and GPS and
other sensor failures is essential for navigation of autonomous
vehicles in complex environments.

In this paper we describe a fault tolerant state estimation
(FTSE) framework for navigation of unmanned vehicles. In
this framework kinematic state estimation is performed by
Bayesian filtering of sensor measurements and sensor faults
are detected and isolated. An uncoupled fusion architecture
is developed that allows the system state to be updated by
asynchronous sensors, increases system scalability and allows

1This work was developed for Defence Research and Development
Canada’s Self Healing Networks Project (12pz18).

the system to degenerate gracefully during one or more sensor
outage. The framework is applied to stereo and GPS-IMU
based navigation of an unmanned ground vehicle (UGV), in
which a novel procedure is developed to incorporate relative
pose measurements based on stereo data into the Bayesian
filtering framework. A kinematic state transition model is
developed that exploits the dynamics of the UGV, provides
a coupled linear and angular motion modelling and avoids
over-fitting of measurement data.

The navigation problem is described in Section II and litera-
ture review results for corresponding architectures is provided
in Section III. Detailed description of the FTSE architecture
is provided in Section IV and a description of the stereo
and GPS-IMU based UGV navigation system is described in
Section V. The experimental results based on collected real
data are provided in Section VI and the concluding remarks
and future updates are discussed in Section VII.

II. PROBLEM DESCRIPTION: MULTI-SENSOR BASED
NAVIGATION

Figure 1. Classification of navigational sensors based on measurements.

Multi-sensor based navigation systems use diverse set of
sensors in order to provide accurate estimate of vehicle kine-
matic state in the presence of sensor failures. In order to
understand the problem of multi-sensor based navigation one
needs to understand different types of asynchronous sensors
that are available for navigation. Figure 1 shows a classifi-
cation of navigational sensors, which are divided into two
major types; sensors that generate measurements in a global
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reference frame, for example GPS, DGPS, combined IMU-
GPS, gimballed IMU; and sensors that generate measurements
in vehicle body frame, for example strapdown IMU, odometer,
airspeed sensors and ego motion estimation modules based on
video, stereo and LIDAR data.

Sensor measurements in global reference frame can be of
three types: position and attitude (example, measurements by
GPS), rate of change of position (example, measurements
based on Doppler shift of known transmitters) and attitude
(example, rotation rate measurements by gimballed IMU),
and accelerations in position (example, linear acceleration
measurements by gimballed IMU) and attitude.

Sensor systems that generate measurements in vehicle body
frame can be divided into three types; change in position and
attitude during an interval (example, ego motion estimation
modules based on video, stereo and LIDAR data, and odome-
ter); systems that measure rate of change of position (example,
airspeed sensors on aircrafts) and attitude (example, strapdown
IMU); and acceleration in position (example, strapdown IMU)
and attitude. Incorporating relative measurements, such as
change in position and attitude measurements, into a Bayesian
framework is a challenge mainly due to possible updates
by other sensors during the interval between two relative
measurements.

Since linear and angular accelerations can be integrated
over time to obtain corresponding velocities and, in turn,
linear and angular velocities can be integrated over time to
obtain position and attitude, different processing options are
available for measurements that are accelerations or velocities.
In particular, one can integrate measured accelerations to use
velocities in kinematic state update or, even further, integrate
velocities to compute position which is then used in the update
stage. However, measurement integration over time causes
error accumulation. This means, in systems performing long-
term tracking, the corresponding bias needs to be computed.
In addition, correlation between measurement and prediction
have to be considered and traditional Bayesian framework,
which requires independence between measurement and pre-
diction, cannot be used. Tracking of bias involves additional
computation due to the increase in state dimension and
requires modelling of bias dynamics. Hence, integration of
measurements should be avoided when possible.

Other than the problem of integrating different types of
asynchronous sensors, sensor fault detection and isolation
(FDI) is also another challenge in developing robust multi-
sensor based navigation system.

III. FUSION LITERATURE REVIEW

In this section literature on multi-sensor based navigation
architecture, FDI, and state transition modelling is described.

A. Fusion architectures

In [3] multi-sensor based navigation architectures are cate-
gorized into two different types: loosely-coupled system [4],
[5] and tightly-coupled system [5], [6]. In a loosely-coupled
system, measurements from different sensors are processed

in different modules to estimate different parts of kinematic
states. There can be interactions among sensor-specific proces-
sors to reduce drift errors. In general, the estimates obtained
in this architecture are not optimal and sensor fault, even
when the particular sensor is isolated, corrupts at least part of
the estimated kinematic state. A tightly-coupled system uses
synchronized measurements from all sensors and generates
combined state estimates. If sensors are perfectly synchro-
nized a tightly-coupled system can generate optimal output.
However, the architecture is not fault-tolerant as fault in one
sensor, even when detected and isolated, corrupts the entire
state estimate. The fusion architecture proposed in this paper
belongs to a different category, named as uncoupled system,
which is described in Section IV.

Note that other categorizations of the fusion architectures
exist in navigation literature [7] and architectures similar to
the one used here have already been used for navigation [8].

B. Fault detection and isolation

Sensor FDI is a key aspect of the development of a robust
navigation system. The existing FDI approaches can be divided
into:

• Model-based - The underlying process (connecting in-
put/control to output/measurements) is qualitatively or
quantitatively modelled for fault detection and isolation;

• Data-based - No analytical model of the process is
used for fault detection and isolation. Knowledge-based
models [9] may be used.

Analytical model-based algorithms are the most widely
used in the navigation field. Data-based models are used only
when the underlying process is too complex to be modelled
analytically. If that is the case, then fuzzy logic or neural
networks are used [9] for FDI. [10] provides an example of
a neural network-based sensor failure detection for aircraft
navigation. Since kinematic state transition and measurement
generation can be fairly modelled for the navigation systems
considered in this work, model-based FDI systems are of
interest here. Among model-based FDI architectures, observer-
based architectures are most relevant to multi-sensor based
navigation problems and the proposed architecture belongs
to this category. Observer-based architectures generate resid-
uals or signal differences between expected and observed
quantities. The residuals are then analyzed to detect sensor
faults using, for example, threshold test on instantaneous and
moving average values of the residuals; hypothesis test on
mean, covariance and whiteness; weighted sum square residual
(WSSR) test; and sequential probability ratio test (SPRT) [11].

In general, faulty sensor measurements are rejected in
order to isolate sensor faults. In a different approach, instead
of complete rejection, the erroneous measurements can be
discriminated by probabilistic weighting. The latter procedure
is robust against phenomenal change in system dynamic
characteristics. Such a change will make all measurements
appear faulty and, hence, a rejection-based system cannot
recover from this. In a probabilistic weighting-based system,
all measurements will appear improbable, and hence, the
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estimated state will reflect the change in system dynamics.
In [12] interacting multiple model (IMM) based approaches
are proposed for discriminating and detecting faulty states
by probabilistic approach. However, these systems require
synchronous sensors and, hence, they are not relevant to the
current problem.

C. State transition modelling

State transition models for position and attitude components
of vehicle kinematic state are required for the state prediction
of a navigation system. Parameterization of attitude (angular
orientation) as Euler angles [6], [13] gives rise to the problem
of singularity for certain attitudes [14]. In fact, a globally
non-singular three-dimensional parameterization of the rota-
tion group (corresponding to object attitude) is topologically
impossible [15]. The unit quaternion has the lowest dimension
of any globally non-singular attitude parameterization [14].
It has useful properties, such as the rotation between the
body frame and a reference frame is a homogeneous quadratic
matrix and the kinematic propagation equation of quaternion
is bilinear in the quaternion components and angular velocity
vector. For these reasons quaternion is used in the current
work.

The target tracking community uses a number of prediction
models for position components, including the constant accel-
eration model (parameterized by three-parameter position and
three-parameter velocity) and constant jerk model (parameter-
ized by three position components, three velocity components
and three acceleration components) in reference coordinate
systems (see Chapter 6 of [16]).

In all reviewed articles the position and attitude components
are assumed to evolve independently. A reason for such
assumption lies in the choice of parameterization of linear
velocity components. If linear velocity is parameterized in the
global reference frame, then the dependence between position
and attitude components cannot be easily captured. However,
knowing the vehicle motion dynamics, position and attitude
components can be modelled as jointly evolving if linear
velocity (and acceleration) components are parameterized in
vehicle body frame. This has the advantage that any kine-
matic measurement can be used to update all components of
kinematic state, even when initial covariance between these
states are zero. In the proposed UGV navigation system inter-
dependent linear and angular motion modelling is performed.

A number of articles use navigation sensor measurements
as ‘control inputs’ for state transition modelling. For example
in [13] IMU measurements, in [17] IMU-odometer measure-
ments, and in [18] odometer measurements are used as control
inputs. In [19] a dynamic motion model of a high speed ground
vehicle is developed which incorporates control inputs of steer
angle and speed, and considers joint evolution of linear and
angular motion.

Control inputs help to reduce the state-space of the system.
For example, if gyroscopic and accelerometer measurements
are used as control inputs then the state-space of the corre-
sponding system is not required to include rotation rates and

accelerations. However, there are several drawbacks to this
approach:

• When sensor measurements are used as control inputs,
the corresponding states are not tracked, and hence, the
system is unable to predict states in the absence of control
inputs.

• The system cannot detect errors in the sensors whose
measurements are being used as control inputs and cannot
isolate these measurements from the estimates.

• For system state update, measurements from other sensors
need to be synchronized with the sensor that provides
control inputs. If multiple sensors provide control inputs,
then all of them need to be synchronized with one
another.

Owing to these drawbacks, no control input is considered in
the present work.

IV. FTSE ARCHITECTURE

The central module of the proposed FTSE architecture is a
Bayesian filter, which performs kinematic state prediction and
update. Examples of Bayesian filters include Kalman filter,
extended Kalman filter (EKF), unscented Kalman filter (UKF),
and particle filter. When a new measurement arrives, fault
detection is performed by using the residual between the mea-
surement and its filter predicted version. If the measurement
is found to be not faulty, it is used to update the kinematic
state. However, relative measurements, such as relative pose
computed from stereo data, are processed in three steps. In
the first step, a pseudo-measurement of kinematic state or a
tracklet [20] is obtained based on relative measurements. In
the next two stages, the tracklet is used for fault detection and
kinematic state update.

The proposed fusion architecture belongs to a different cat-
egory, denoted as an uncoupled system, compared to those de-
scribed in [3]. In this architecture, each sensor measurement is
independently processed to update the kinematic state. Hence,
no measurement synchronization is required. Optimized state
estimates can be obtained in uncoupled architecture. Moreover,
sensor fault detection and isolation are incorporated into this
architecture.

Figure 2 shows an FTSE architecture for stereo data and
GPS-IMU measurement based navigation system. In this case
an EKF is used and sensor fault detection is performed by χ2

testing of the measurement residual.

V. AN FTSE FOR UGV NAVIGATION

In this section the proposed FTSE solution for stereo
data and GPS-IMU measurement based UGV navigation is
described in details. The description includes kinematic state
transition model and GPS-IMU measurement and stereo data
based state update procedures.

A. State transition model

The kinematic state-space model is developed based on two
coordinate systems : a reference frame (UTM coordinates) and
UGV body frame (x axis toward the forward direction and z
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Figure 2. Stereo and GPS-IMU measurement based FTSE architecture.

axis downward). The kinematic state-space model consists of
9 elements: a 3-element position vector (in UTM coordinates),
a 4-element orientation quaternion (w.r.t. UTM coordinates),
forward velocity and yaw rate. The state vector at time-step k
(or at time tk) is given by

xk =





























xr

yr
zr







3D position - ref. frame

q0

qx

qy

qz















Attitude quaternion

vxb
}

Forward velocity - body frame
ωz
b

}

Yaw rate - body frame





























k

(1)

The superscripts on the right-hand side of the above equation
denote axes and subscripts denote coordinate systems. The first
seven elements of the vector in (1) define vehicle pose. Unlike
the pose components, which are measured in the reference
frame, forward velocity and yaw rate are measured in UGV
body frame. The benefits of choosing UGV body frame for
representing the linear and angular velocity components are:

• avoiding complex non-linear transformations and matrix
inversion computations (particularly true for angular dy-
namics),

• convenience in interfacing with sensors that measure
linear and angular velocity and acceleration, and are
attached to the vehicle body,

• reduction in number of state elements needed to be
tracked, which avoids overfitting.

In the following, we provide the state transition model of
the UGV between time-steps k and k + 1. The interval is
denoted by ∆t. We assume that the forward motion and yaw

Figure 3. UGV motion model.

rate components of the state vector remain constant during the
interval [19]. According to this model, the UGV moves on a
circle on the x − y plane of the body frame at time-step k
(Figure 3). For this motion model, the displacements along
x and y directions of the body frame during interval ∆t are
given by

∆xb(k + 1) = r(k + 1) sin (ωz
b (k + 1)∆t) (2)

∆yb(k + 1) = r(k + 1) (1− cos (ωz
b (k + 1)∆t)) (3)

where r(k + 1) is the radius of the circular path of the UGV,
which is the ratio between the linear and angular velocities,
i.e.

r(k + 1) =
vxb (k + 1)
ωz
b (k + 1)

(4)

The linear and angular velocity values are assumed to be
constant during the ∆t interval.

We assume the following transition models for the velocity
components

vxb (k + 1) = vxb (k) + ηxv (k + 1) (5)
ωz
b (k + 1) = ωz

b (k) + ηzω(k + 1) (6)

where ηxv (k+1) and ηzω(k+1) are zero-mean white Gaussian
process noise.

In addition to the noise components in linear and angular
velocities, random perturbations are assumed in x, y and z
body frame coordinates, denoted by ηx(k + 1), ηy(k + 1)
and ηz(k + 1), and in two remaining rotation directions
(roll and pitch) in body frame, denoted by ηxω(k + 1) and
ηyω(k + 1). These noise components also follow zero-mean
white Gaussian process. The transition models of position and
attitude components are provided in the following.

Following (2) and (3), predicted position depends on the
pose (position and attitude) in UTM coordinates and linear
and angular velocities in body frame. Corresponding linearized
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state transition model is given by





xr

yr
zr





k+1

= Fposxk

+Cb,rM1

[

ηxv (k + 1)
ηzω(k + 1)

]

+Cb,r





ηx(k + 1)
ηy(k + 1)
ηz(k + 1)



 (7)

where xk is the full kinematic state, given in (1). The non-zero
elements of transition matrix (3× 9) F pos are given by

Fpos(0 : 2, 0 : 2) = I3 (8)

Fpos(0, 3 : 6) =
[

∆xb(k) ∆yb(k)
]

×
[

2q0 2qx −2qy −2qz

−2qz 2qy 2qx −2q0

]

(9)

Fpos(1, 3 : 6) =
[

∆xb(k) ∆yb(k)
]

×
[

2qz 2qy 2qx 2q0

2q0 −2qx 2qy −2qz

]

(10)

Fpos(2, 3 : 6) =
[

∆xb(k) ∆yb(k)
]

×
[

−2qy 2qz −2q0 2qx

2qx 2q0 2qz 2qy

]

(11)

Fpos(0 : 2, 7 : 8) = Cb,r(k)M1 (12)

where the displacements ∆xb and ∆yb are defined in equations
(2) and (3), respectively; elements of M1 (3 × 2 matrix) are
the derivatives of the components of transition vector in body
frame w.r.t. vxb (k) and ωz

b (k). The non-zero components are
given by

M1 =

















sin(ωz
b (k)∆t)

ωz
b (k)

− vx
b (k)

ωz
b (k)

2 sin (ωz
b (k)∆t)

+ vx
b (k)

ωz
b (k)

cos (ωz
b (k)∆t)∆t

1−cos(ωz
b (k)∆t)

ωz
b (k)

− vx
b (k)

ωz
b (k)

2 (1− cos (ωz
b (k)∆t))

+ vx
b (k)

ωz
b (k)

sin (ωz
b (k)∆t)∆t

















(13)
and Cb,r is the standard rotation matrix (3 × 3) from UGV
body frame to the reference frame (see page 641 of [21]).

Nonlinear quaternion state transition equation, assuming
constant rotation rates in UGV body frame during time interval
∆t, is given by [22]









q0

qx

qy

qz









k+1

=









q0

qx

qy

qz









k

⊗∆qk+1 (14)

where ⊗ is the quaternion product [23] and ∆qk+1 is the
attitude quaternion of the UGV at time-step k + 1 w.r.t. body

frame at time-step k, which is given by [22]

∆qk+1 =













cos (|ωb(k + 1)|∆t/2)
ωx

b (k+1)
|ωb(k+1)| sin (|ωb(k + 1)|∆t/2)
ωy

b (k+1)
|ωb(k+1)| sin (ωb(k + 1)|∆t/2)
ωz

b (k+1)
|ωb(k+1)| sin (|ωb(k + 1)|∆t/2)













(15)

where the rotation rate vector ωb(k + 1) is given by

ωb(k + 1) =





ωx
b (k + 1)

ωy
b (k + 1)

ωz
b (k + 1)



 (16)

and |ωb(k + 1)| is the square norm of ωb(k + 1).
In our modelling, ωz

b is the only component of rotation
rates (ωb) which is tracked and, as shown in (6), ωz

b follows
random walk model. The other components are assumed to be
zero-mean white Gaussian noise. The equation in (15) can be
approximated using Taylor series expansion w.r.t. noise terms
of ωb(k + 1) as

∆qk+1 =









cos (ωz
b (k)∆t/2)
0
0

sin (ωz
b (k)∆t/2)









+











−∆t
2 sin (ωz

b (k)∆t/2) ηzω(k + 1)
1
ωz

b
sin (ωz

b (k)∆t/2) ηxω(k + 1)
1
ωz

b
sin (ωz

b (k)∆t/2) ηyω(k + 1)
∆t
2 cos (ωz

b (k)∆t/2) ηzω(k + 1)











(17)

For convenience, the first term in LHS of the above equation,
which is the effect of the yaw rate at time-step k, is denoted
as ∆qyaw and the second term, which is the effect of noise in
rotation rate components, is denoted as ∆qnoise.

Based on (14) and (17), the linearized state transition
equation is given by









q0

qx

qy

qz









k+1

= Fattitude













q0

qx

qy

qz

ωz













k

+
[

q0(k) −q(k)T

q(k) q0(k)I3 +M (q(k))

]

∆qnoise

(18)

Note that the position and forward velocity terms of kinematic
state at time-step k does not effect the attitude quaternion
states at time-step k + 1. The corresponding elements in the
Jacobian matrix are zeros and, hence, they are skipped in the
above equation.

In (18) q(k)T =
[

q0 qx qy qz
]

k, I3 is identity
matrix of dimension 3× 3 and M(.) is given by

M (q(k)) =





0 −qz qy

qz 0 −qx

−qy qx 0





k

(19)
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and superscript (x) denotes particular elements. The non-zero
elements of transition matrix Fattitude (4× 5) are given by

Fattitude(0 : 3, 0 : 3) =





∆q0
yaw −∆q

(1:3)
yaw

T

∆q
(1:3)
yaw ∆q0

yawI3 −M
(

∆q
(1:3)
yaw

)





(20)

Fattitude(0 : 3, 4) =
[

q0(k) −q(k)T

q(k) q0(k)I3 +M (q(k))

]

×









−∆t
2 sin (ωz(k)∆t/2)

0
0

∆t
2 cos (ωz(k)∆t/2)









(21)

Detailed derivation of the above equations is skipped for
brevity. EKF based kinematic state prediction and correspond-
ing error covariance computation is performed using (5),
(6), (7) and (18). See Chapter 10 of [16] for details of the
procedure.

B. GPS-IMU measurement based update

In this paper GPS-IMU measurements are assumed to be
pose values. At the measurement instance EKF prediction is
performed as described in Section V-A. The measurement
equation, which is a linear function of kinematic states, is
given by

zk+1 = Hxk+1 + ηz (22)

where k + 1 denotes pose measurement time-step, ηz is the
measurement noise (assumed to be zero-mean Gaussian) and
measurement matrix H is given by

H =
[

I7 07×2
]

(23)

The unity norm criteria for quaternion is required to be
satisfied in EKF update stage. In order to satisfy the unity
norm criteria, only the vector part of quaternion is updated.
This is somewhat similar to the reparameterization procedure
available in navigation literature [14], [24]. Similar justifica-
tion as used in the case of reparameterization approach, which
argues that rank-deficient quaternion covariance matrix can be
projected onto 3× 3 matrix without loss of information [14],
is applicable here. Detailed theoretical study is required to
understand the effect of the reparameterization proposed in
this work. It should be noted that any conventional quaternion
update procedure [25] can be used without affecting the FTSE
framework.

The kinematic state, except for the constant term of attitude
quaternion, is updated using EKF update procedure (for details
of the update procedure see Chapter 10 of [16]). The constant
term of quaternion is later computed along with the corre-
sponding error covariance elements. Before update, a χ2 test
is performed to detect fault in the corresponding sensor. Let z̃
be the difference between the measurement and its predicted
value (except the constant quaternion term) and let S be the
corresponding covariance term, then the measurement is used
for update only if

z̃TS−1z̃ < τ (24)

where τ is the 99% χ2 density threshold. Otherwise, the
measurement is rejected. Note that z̃ and S are called innova-
tion and innovation covariance, respectively, in the literature
(Chapter 5 of [16]).

C. Stereo data based update

Near the ground, unmanned systems can lose GPS lock.
Other navigation sensors can help localize the vehicle such as
magnetometers, gyroscopes, and accelerometers. Ground vehi-
cles can also use wheel or track odometry, though bumping or
sliding can produce kidnapping errors [26]. Imagery, such as
from stereo cameras, can also supplement these sensors with
‘visual’ odometry or ego-motion.

For the GPS-IMU and stereo data based FTSE system
developed in this work, once a new set of stereo data is
received, this and the previous set of stereo data is processed
in order to obtain relative pose (change in position and attitude
during the time interval) measurements. While the overall
approach is based on [1], modules such as feature selection,
stereo-pair matching and initial relative pose estimator have
been replaced for better accuracy and efficiency.

As the relative pose measurements cannot be directly used
in Bayesian framework, pose tracklets [20] are first generated
which is then used to update kinematic state using the pro-
cedure discussed in Section V-B. In order to fully exploit the
relative pose measurements, augmentation of the kinematic
state is required. This is achieved by including linear velocity
components in y and z, and roll and pitch rotation components
in the kinematic state. The augmented state is given by

xk,augm =
[

xr yr zr q0 qx qy qz

vxb vyb vzb ωx
b ωy

b ωz
b

]T
k (25)

The augmented components are initialized to zero. Relative
pose measurements are modelled as functions of linear and
angular velocity components in the body frame. Following
(17), the predicted measurement vector is given by

zk+1|k =





















vx(k)∆t
0
0

cos (ωz
b (k)∆t/2)
0
0

sin (ωz
b (k)∆t/2)





















(26)

and the linearized measurement equation is given by

zk+1 = Hxk+1,augm + ηz (27)

where ηz is the measurement error term, which is assumed to
be zero mean Gaussian, and the nonzero elements of H are

958



given by

H(0 : 2, 7 : 9) = ∆tI3 (28)

H(3, 12) = −
∆t
2

sin (ωz(k)∆t/2) (29)

H(4, 10) =
1

ωz(k)
sin (ωz(k)∆t/2) (30)

H(5, 11) =
1

ωz(k)
sin (ωz(k)∆t/2) (31)

H(6, 12) =
∆t
2

cos (ωz(k)∆t/2) (32)

The augmented kinematic state, at the start of the stereo
interval, is updated using EKF. Pseudo measurement of pose
at the new stereo data measurement time is obtained by
subtracting prior information from the estimated pose. This
procedure is called tracklet generation [20]. The generated
tracklet is used to update the kinematic state of the UGV
following pose based update procedure in Section V-B.

VI. RESULTS

A Raptor vehicle was mounted with a NovAtel SPAN
GPS-IMU sensor and a Bumblebee XB3 stereo camera from
Point Grey, to collect data to test the effectiveness of the
proposed FTSE module. Data collection was performed in a
rural setting. Typical rate of GPS-IMU data is 0.1s and that
of stereo data is 0.5s. Data fusion results obtained using two
sets of the data, called scenarios, are presented below. The two
scenarios contain data collected over durations of 1.1 and 2
minutes, respectively.
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Figure 4. UGV position (scenario 1) in UTM X-Y plane obtained using
GPS-IMU and stereo data.

Figures 4 and 5 compare the position estimates of FTSE
with those of GPS-IMU measurements for scenario 1.
Stereo-only UGV position estimates are also shown. As
the latter cannot obtain absolute UGV position, the stereo
data-based pose estimator is initialized using pose prediction
by FTSE. In Figure 4, the FTSE estimates and GPS-IMU
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Figure 5. UGV position (scenario 1) in UTM X-Z plane obtained using
GPS-IMU and stereo data.

measurements overlap. The stereo-only estimates are very
accurate, although due to error accumulation, significant
estimation bias can be observed at the end of the trajectory.
The GPS-IMU measurements rejected by FTSE, for large
negative bias along Z-axis, are also shown in Figure 4.
The negative bias in rejected measurements, which are
outside the validity gate of FTSE, can be seen in Figure 5.
In this scenario, none of the stereo measurements are rejected.

To test the capability of FTSE to run using inputs from
only a stereo sensor, in the second scenario GPS-IMU is made
unavailable for about 36 seconds. Figures 6 and 7 show the
position estimates based on FTSE, GPS-IMU measurements
and stereo measurements. It can be seen that the FTSE
performs well even when no GPS-IMU measurements are
available and seamlessly switches back to normal mode when
GPS-IMU becomes available again.
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Figure 6. UGV position (scenario 2) in UTM X-Y plane obtained using
GPS-IMU and stereo data.

The rejection of some of the GPS-IMU measurements are
explained by their large negative bias2 along z-axis (Figure 7).
Figure 8 shows that all rejected GPS-IMU measurements have

2This was later linked to an incorrect set-up of the GPS-IMU sensor.
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small biases along y. The rejection of GPS-IMU measurements
shows that the FTSE can detect sensor faults of different
magnitudes.
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Figure 7. UGV position (scenario 2) in UTM X-Z plane obtained using
GPS-IMU and stereo data.
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Figure 8. Y position of UGV in UTM coordinates using GPS-IMU data.

VII. CONCLUSIONS

Utilization of information from multiple sources is essential
for accurate navigation of autonomous vehicles. To accomplish
this, a scalable and uncoupled FTSE architecture is developed
in this work. In addition, novel procedures for kinematic state
prediction and relative measurement processing are developed.
Experimental results from processing real data, based on
stereo and GPS-IMU measurements, show that the system
can successfully combine information from multiple sources
and detect sensor faults. In future, other vehicle types and
measurements will be accommodated, and other non-linear
Bayesian filtering procedures will be considered.
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