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ABSTRACT Given the payload limitation of unmanned aerial vehicles (UAVs), lightweight sensors such
as camera, inertial measurement unit (IMU), and GPS, are ideal onboard measurement devices. By fusing
multiple sensors, accurate state estimations can be achieved. Robustness against sensor faults is also possible
because of redundancy. However, scale estimation of visual systems (visual odometry or visual inertial
odometry, VO/VIO) suffers from sensor noise and special-case movements such as uniform linear motion.
Thus, in this paper, a scale insensitive multi-sensor fusion (SIMSF) framework based on graph optimization
is proposed. This framework combines the local estimation of the VO/VIO and global sensors to infer the
accurate global state estimation of UAVs in real time. A similarity transformation between the local frame
of the VO/VIO and the global frame is estimated by optimizing the poses of the most recent UAV states.
In particular, for VO, an initial scale is estimated by aligning the VO with the IMU and GPS measurements.
Moreover, a fault detection method for VO/VIO is also proposed to enhance the robustness of the fusion
framework. The proposed methods are tested on a UAV platform and evaluated in several challenging
environments. A comparison between our results and the results from other state-of-the-art algorithms
demonstrate the superior accuracy, robustness, and real-time performance of our system. Our work is also a
general fusion framework, which can be extended to other platforms as well.

INDEX TERMS Multi-sensor fusion, graph optimization, fusion framework, scale insensitive, unmanned
aerial vehicle, state estimation.

I. INTRODUCTION
Unmanned aerial vehicles (UAVs) have been widely applied
in military and civilian fields. Due to their maneuverability,
vertical take-off and landing (VTOL) capability, and easy
manipulation, they have been utilized in emergency search
and rescue efforts, security monitoring, and aerial photog-
raphy [1], [2]. During flight, the most fundamental element
is state estimation, which includes the position, velocity,
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and attitude of the UAV. These states can be monitored by
complementary sensors, such as GPS that provides position
information and inertial measurement unit (IMU) that pro-
vides attitude information. However, compared to this com-
plementary method of state estimation, multi-sensor fusion
can achievemore accurate state estimations. Due to the redun-
dancy it generates, robustness against sensor faults can be
achieved. For example, even if one sensor produces a fault,
the state estimator can still work, but with lower accuracy.

There are many sensors on UAVs used for state estimation,
such as GPS, light detection and ranging (LiDAR) device,
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camera and IMU [3]. These sensors can be divided into two
types. The first type is local sensors, such as camera and
LiDAR. By matching several of the latest frames from the
measurements, the current state can be estimated iteratively.
There are a number of effective methods for local pose esti-
mation, such as LiDAR-based odometry [4], [5] and visual-
based odometry [6]–[8]. Among these, [6], [7] could not
recover metric scale information because only a monocu-
lar camera was utilized. Thus, in [9]–[11], visual inertial-
based odometry methods were proposed. These algorithms
can achieve precise 6-DoF (Degrees of Freedom) estimation
in a small region. They are well suited to cases that do
not require global information, such as hovering and auto-
stable flight. However, there are obvious drawbacks to these
odometry methods. First, the estimated state refers to a local
coordinate (the initial point) rather than the global coordinate.
When the initial point changes, a different estimation will be
acquired even in the same place. Thus, some tasks that require
global information are unachievable. Second, the current state
is estimated by optimizing several of the latest frames, which
is a process that accumulates estimation errors due to noise
and a lack of global measurements. Additionally, in special
conditions such as uniform linear motion, the scale of visual
odometry (VO) and visual inertial odometry (VIO) may
drift or become unobservable. These errors can be eliminated
by adding a loop closure module [12], [13], but during large-
scale flight, it will consume large amounts of computing
power and sacrifice real-time performance. Moreover, loop
closuremay not exist at all during the entire flight. The second
type is global sensors, such as GPS, barometer, and mag-
netometer. These sensors provide drift-free measurements,
but normally they are noisy and easily being interfered. For
example, GPS is very sensitive to weather conditions, electro-
magnetic radiation, and occlusion by buildings. Thus, how to
fuse these two types of sensors to achieve locally accurate
and globally drift-free estimation has been a priority among
researchers. Specially for UAV, it raises higher requirements
such as real-time performance and robustness. There are
several algorithms for multi-sensor fusion, such as the filter-
based fusion method [10], [14]–[16]. This method can fuse
local visual information with data from global sensors, but
it needs an accurate initial transformation between local and
global coordinates and it assumes that the transformation will
not drift. Another method is the optimization-based fusion
method [17]–[22], which optimizes a sliding window pose
graph consisting of current and previous states. Due to the fact
that the states are overly constrained, the optimization-based
method more effectively manages drifts, such as position and
scale drifts, than the filter-based method.

In this paper, a scale insensitive multi-sensor fusion frame-
work for UAV based on graph optimization is proposed,
which can process multiple sensor measurements including
GPS, IMU, VO/VIO, barometer andmagnetometer. Themain
problem of multi-sensor fusion is how to transfer the states
in the local frame of the VO/VIO into the global frame.
Thus, a similarity transformation between these two frames is

estimated by executing a sliding window graph optimization,
which is the key for achieving scale insensitivity. Specifically
for VO input, a fast and effective scale initialization method
that aligns VOwith online GPS and IMUmeasurements, even
when the UAV is still flying, is proposed. In addition, a simple
fault detection method is proposed to enhance the robustness
against sensor faults. The main contributions of this paper are
as follows:
• A scale insensitive multi-sensor fusion (SIMSF) frame-
work based on graph optimization that can achieve
locally accurate and globally drift-free state estimations.

• A scale insensitive initialization for VO input that can
provide an initial scale of VO even during flight.

• A fault detection module that can determine whether
VO/VIO is incorrect and needs to restart.

• Experimental validation and evaluation of the proposed
methods that demonstrate the improvement in accuracy,
robustness, and real-time measurements compared to
other state-of-the-art multi-sensor fusion systems.

II. RELATED WORK
In recent years, state estimation using multi-sensor fusion
methods has been generating interest due to its higher accu-
racy and robustness. These fusionmethods can be categorized
into two main types: filter-based and optimization-based.

Filter-based methods are normally based on maximum
a posterior estimations, such as the Kalman Filter (KF)
and its extended (EKF) and unscented (UKF) variants.
Weiss et al. [14], [15] constructed a general modular multi-
sensor fusion framework to process IMU, GPS, and vision
measurements. In both cases, the propagation is driven
by a high frequency IMU, and other sensors are aligned
with it. Moreover, sensor delays are also considered in
modular design to fuse sensors with different frequencies.
Bloesch et al. [10] introduced an intensity error into the EKF
and utilized a tight-couple fusion method to obtain a VO.
Due to the intensity error, the system has a better robust-
ness against disturbance. Shen et al. [16] proposed a fusion
framework based on theUKF to fuse vision, LiDAR, andGPS
information. That framework can achieve accurate state esti-
mations in both indoor and outdoor environments. Compared
with the EKF, the UKF does not require linearization of the
dynamics nor the continuity of the observation, and the power
consumption of the computations increases linearly with
the dimension. Filter-based methods enable modular designs
to manage the synchronization and delay between different
sensors, which guarantees real-time performance. However,
filter-based methods normally assume that the states satisfy
the first-order Markov hypothesis, the premise of which is
that the current state is related only to the previous state.
Thus, older states are superfluous for estimating the current
state. Filter-based methods are advantageous when process-
ing global sensors, but perform suboptimally compared to
optimization-based methods [23].

In contrast, optimization-based methods assume that cur-
rent states satisfy the multi-order Markov hypothesis and
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FIGURE 1. Illustration of the proposed SIMSF framework, which includes a scale insensitive initialization module,
a scale insensitive pose graph optimization module, and a VO/VIO fault detection module.

that all past states can be used to estimate current states.
There are a number of effective optimization-based algo-
rithms that obtain robust and scale-known VIO, such as
OKVIS [9] and VINS-Mono [11]. For global sensor fusion,
Rehder et al. [17] achieved global pose estimation by fusing
GPS and stereo vision. This method improved the estimation
accuracy in a large scale environment by using the relation
between multiple frames rather than two images from stereo.
Merfels and Stachniss [18] proposed a sliding window
method to fuse VIO and GPS measurements by optimizing
the states in the window, and also proposed a corresponding
marginalization method. Similar work can also be found in
GOMSF [20], but the difference between GOMSF and [18]
is that GOMSF estimated the transformation between the
local frame of the VIO and the global frame to achieve a
higher frequency estimation output rather than estimating the
current state directly. In [19], [21], a prior map was needed
for localization with a weak GPS environment. The stability
of the system was ensured by decoupling the local VIO from
the global registration to the reference map. Qin et al. [22]
proposed a multi-sensor fusion framework, VINS-Fusion,
that treats each sensor as a constraint factor and fuses the
readings from GPS, barometer and other sensors. However,
scale drift, which decreases the accuracy of state estimation,
was not considered in the above studies.

III. SYSTEM OVERVIEW
The structure of the proposed SIMSF framework is shown
in Fig. 1. There are three levels in the framework: the sensor
level (bottom level, shown in green), the processing level
(middle level, shown as squares), and the fusion level (top
level, shown in yellow).

The bottom sensor level includes all relevant sensors,
including IMU, magnetometer, camera, GPS, barometer,
and other sensors potentially used. IMU, which contains
accelerometer and gyroscope, provides acceleration and
angular velocity measurements. Magnetometer measures the
earth’s magnetic field with respect to the frame of the
UAV body. Combining that with the local magnetic declina-
tion, heading information can be extracted. Camera provides
visual measurements such as intensity and texture. GPS pro-
duces calculations of longitude, latitude, and altitude, which

can be converted to a position in 3D Euclidean space by
setting an initial GPS point. Barometer is used to measure air
pressure, which can be converted to height information, but
normally height measurement is very noisy. There are many
other potentially useful sensors that provide distance infor-
mation, such as lightweight LiDAR or sonar, and velocity
information, such as optical flow sensors.

The middle level processes the measurements from the
sensor level. There are three modules in the middle level:
attitude, VIO, and VO. The attitude module is used to fuse
the IMU and magnetometer measurements to obtain accu-
rate attitude information via a simple complementary filter,
as proposed in [24]. The other two modules are both odom-
etry, which can provide 6-DoF state estimations. VIO fuses
IMU and camera measurements using the existing algorithm
VINS-Mono [11], which can provide a metric scale in ideal
conditions. Moreover, to enhance the expansibility of the
framework, VO is also considered as a possible input of the
system. By combining it with the scale estimated by the scale
insensitive initialization module, a scaled VO is generated.
In this paper, VO is chosen as the output of ORB-SLAM [13].

The top fusion level is divided into three main parts: scale
insensitive initialization, scale insensitive pose graph opti-
mization, and VO/VIO fault detection. The scale insensitive
initialization module primarily estimates the scale of VO by
aligning it with IMU and global pose measurements (pro-
vided by attitude and GPS), which is the foundation for using
VO-type input. The scale insensitive pose graph optimization
module is used to align VIO or scaled VO with attitude, GPS,
and barometer measurements by optimizing a pose graph
window containing the most recent states. The output of
the optimization is the similarity transformation between the
local frame of VIO or scaled VOwith the global frame, which
leads to a VO/VIO-rate global state output. The VO/VIO fault
detection module runs in parallel by checking the motion
between different types of sensors.

Here we define the notation and frame definitions used
throughout this paper. The world frame or global frame, also
known as the East-North-Up (ENU) frame, is denoted by (.)w.
The body frame, the first axis of which is defined as the
forward direction of the UAV, is denoted by (.)b. The local
frame of VO/VIO is represented by (.)l , and the camera frame
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FIGURE 2. Illustration of scale insensitive initialization, including
orientation alignment and linear alignment.

is represented by (.)c. The rotation matrices R and Hamilton
quaternions q both represent rotations, which also can be
represented by transformations T. Translation and rotation
from the body frame to the world frame are represented by
pwb and qwb , respectively. Translation, rotation, and scaling
from the VO/VIO frame to the body frame are denoted by pbc ,
qbc , and s, respectively, and are also described by a similar-
ity transformation Sbc . The state while taking the kth image
is represented by (.)k . Multiplication between quaternions
is denoted by ⊗. Original sensor measurements, including
noise, are represented by (.̂). Finally, gw = [0, 0, g]T is the
gravity vector in the world frame.

IV. METHODOLOGY
A. SCALE INSENSITIVE INITIALIZATION
The main purpose of this module is to estimate a rough initial
similarity transformation from the local frame l of the VO to
the global frame w. There are also two special cases that need
this module. The first one is when the input is of an unknown
type (i.e., it is not known in advance whether the input is VO,
VIO, or another type of odometry such as LiDAR). Another
case is when initialization is needed during flight, such as
when the VIO system is restarted after it faults. In this case,
normally the UAV is flying in uniform linear motion, which
prevents the scale of VIO from being observable [25]. The
idea here is motivated by the initialization of VINS-Mono,
which aligns a structure from motion (SfM) result with IMU
pre-integration. Here we use odometry instead of SfM, and
utilize global attitude and GPS measurements as well as IMU
readings.

Given that IMU pre-integration and global pose are both
utilized in the initialization, similarity matrices Sbc and S

w
l are

both needed. The frames l and c have the same scale, and the
frames w and b also have the same scale. We have

Sbc =
[
sRb

c pbc
0 1

]
Swl T

l
ck = TwbkS

b
c, (1)

where Twbk can be obtained directly via the attitude and GPS
measurements and Tlck represents the current camera pose in
the local frame l provided by the VO. To obtain Swl , rotation
matricesRb

c andR
w
l and the scale s are needed. An illustration

of the initialization process is shown in Fig. 2. First, the orien-
tation of the odometry is alignedwith the IMUpre-integration
and global pose (derived from the attitude and GPS module)
to solve for Rb

c and Rw
l . Second, a linear alignment of these

three types of measurements is performed to obtain the metric
scale s of the odometry.

1) IMU PREINTEGRATION
We now introduce the basic theory of IMU pre-integration.
Given that IMU is fixed in the body frame, acceleration a and
angular velocity ω̂ measurements can be modeled by

ât = at + bat + Rt
wg

w
+ na

ω̂t = ωt + bωt + nω, (2)

where na and nω represent the additive noise of acceleration
and angular velocity, respectively. Both are Gaussian white
noise, meaning na ∼ N (0, σ 2

a) and nω ∼ N (0, σ 2
ω). In addi-

tion, the bias of acceleration and angular velocity aremodeled
by a random walk process, meaning nba ∼ N (0, σ 2

ba ) and

nbω ∼ N (0, σ 2
bω ), and the derivatives ḃat = nba and ḃωt =

nbω . For any two consecutive frames bk and bk+1, the pre-
integration is given as

α
bk
bk+1
=

∫∫
t∈[tk ,tk+1]

Rbk
t (ât − bat )dt

2

β
bk
bk+1
=

∫
t∈[tk ,tk+1]

Rbk
t (ât − bat )dt

γ
bk
bk+1
=

∫
t∈[tk ,tk+1]

1
2
γ
bk
t ⊗

[
0

ω̂t − bωt

]
dt. (3)

The angular pre-integration γ bkbk+1 is also considered as
a rough rotation quaternion from bk+1 to bk and is esti-
mated from the angular velocity. However, given that the pre-
integrations are only needed in the initialization process, and
the previous value of the bias is not known, we can simplify
the pre-integrations by setting the biases bat and bωt to zero.

2) ORIENTATION ALIGNMENT
First, for Rb

c , the following equation holds for any two con-
secutive image frames:

Rbk
bk+1

Rb
c = Rb

cR
ck
ck+1 , (4)

where Rbk
bk+1

can be calculated by the pre-integration

γ
bk
bk+1

, or the attitude module. That is, Rbk
bk+1
= Rw

bk
−1Rw

bk+1
.

With a quaternion representation, (4) can be rewritten as

qbkbk+1 ⊗ qbc = qbc ⊗ qckck+1
⇔ [L(qbkbk+1 )−R(qckck+1 )]q

b
c = 0, (5)

where the generation of quaternions is defined as p ⊗ q =
L(p)q = R(q)p.
In the initialization, a sliding window containing multiple

frames is constructed, and qbc is solved by several homoge-
neous equations such as (5) using the Linear Least Squares
(LLS) method. In addition, for qwl , we have the following
derivation based on (1):

qwl ⊗ qlck = qwbk ⊗ qbc ⇔ R(qlck )q
w
l = qwbk ⊗ qbc . (6)

Similarly to qbc , q
w
l can be solved by LLS.
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3) LINEAR ALIGNMENT
After the orientation alignment, the status is shown
in Fig. 2(b). Then, as shown in Fig. 2(c), linear alignment is
performed to estimate the metric scale of the odometry. Thus,
we define the states vector as

XI =

[
vb0b0

T
, vb1b1

T
, . . . , vbnbn

T
, gc0T, s

]T
, (7)

where vbkbk represents the velocity in the body frame in the
kth image, b0 and c0 are the first frames of the body and the
camera in the sliding window, respectively, gc0 is represents
gravity in the c0 frame, and s is the metric scale of the
odometry. For any consecutive frames bk and bk+1 in the
window, we have

α
bk
bk+1
= Rbk

c0 (s(p
c0
bk+1
− pc0bk )+

1
2
gc01t2k − Rc0

bkv
bk
bk1tk )

β
bk
bk+1
= Rbk

c0 (R
c0
bk+1

vbk+1bk+1
+ gc01tk − Rc0

bkv
bk
bk )

pwbk+1 − pwbk+(R
w
bk+1−R

w
bk )p

b
c = sRw

l (p
l
ck+1−p

l
ck ). (8)

Combining with (1), we obtain the following linear measure-
ment model:

ẑbkbk+1

=

 α̂
bk
bk+1
− pbc + Rbk

c0R
c0
bk+1

pbc
β̂
bk
bk+1

pwbk+1 − pwbk + (Rw
bk+1
− Rw

bk )p
b
c

 = Hbk
bk+1

XI (9)

Hbk
bk+1

=

−I1tk 0 1
2R

bk
c01t

2
k R(pc0ck+1 − pc0ck )

−I Rbk
c0R

c0
bk+1

Rbk
c01tk 0

0 0 0 Rw
l (p

l
ck+1 − plck )

,
(10)

where Rbk
c0 , R

c0
bk+1

, pc0ck+1 , p
c0
ck , p

l
ck+1 , and plck can be obtained

from odometry when Rw
l and Rb

c , which is estimated by
the previous orientation alignment, are given. The variables
pwbk+1 , p

w
bk ,R

w
bk+1

, andRw
bk are obtained from attitude and GPS

measurements, and 1tk is the time interval between the kth
and k + 1th frames. Finally, the metric scale can be extracted
by solving the following LLS problem:

min
XI

∑
k∈B

∥∥∥ẑbkbk+1 −Hbk
bk+1

XI

∥∥∥2 . (11)

B. SCALE INSENSITIVE POSE GRAPH OPTIMIZATION
An illustration of the scale insensitive pose graph optimiza-
tion is shown in Fig. 3. The states, shown as gray circles, are
the 6-DoF poses of all key frames after the initialization. The
edge between two consecutive frames is the VO/VIO factor,
and other items are global factors, including a barometer,
GPS, and attitude sensor, among other factors. To decrease
the computation time, we optimize the states when taking
key frames instead of for every frame. Another reason is that
optimization should not be done when the camera does not
move. In Fig. 3, there are two parameters:M andN . The states

FIGURE 3. Illustration of the scale insensitive pose graph optimization.
Each state represents the global 6-DoF pose of the current frame in the
world frame, including position and orientation. The edge between two
consecutive frames is the VO/VIO factor, and other items are global
factors, including a barometer, GPS, and attitude and other factors
potentially used.

before M are considered fully optimized states and are fixed
in the following optimization to reduce the computation time.
The states fromM to n are optimized continuously to achieve
a higher accuracy for those states. However, for the states
from N to n, related factors are used to estimate the similarity
transformation from the local frame to the global frame only,
as drift normally occurs in a short movement. Thus, the old
states contribute little to current drift.

1) GLOBAL POSE GRAPH OPTIMIZATION
The essence of optimization-based methods is the maximum
likelihood estimation from the joint probability distribution
of multiple sensor observations. The state vector is

Xw
=

[
xwb0

T
, xwb1

T
, . . . xwbM

T
, . . . xwbN

T
, . . . xwbn

T
, s, θ0

]T
xwbk =

[
pwbk

T
,qwbk

T
]T
, k ∈ [0, n], (12)

where pwbk and qwbk represent the position and quaternion of
the body frame with respect to the global frame when taking
the kth key frame, respectively, s is the scale of the latest
n − N + 1 states, and θ0 is the yaw bias of attitude module,
which is mainly caused by the magnetic declination. Suppose
all measurements are independent of each other and any
measurement error obeys a normal distribution: p(zjk |Xw) ∼
N (ẑjk ,�

j
k ). Given that the states before M are considered

fixed, the optimization problem is converted to

Xw∗
= argmax

Xw

n∏
k=M

∏
j∈S

p(zjk |X
w)

= argmin
Xw

n∑
k=M

∑
j∈S

∥∥∥zjk − hjk
(
Xw)∥∥∥2

�
j
k

, (13)

where the Mahalanobis norm is defined as ‖r‖2� =

rT�−1r, which places different weights on different mea-
surements. The optimization problem has now been con-
verted into a nonlinear least squares problem, which can
be solved by the Gauss-Newton or Levenberg-Marquardt
methods.
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2) GLOBAL SENSOR FACTORS
First, we discuss the global factors. For the GPS factor,
the original GPS measurement can be converted into a 3D
position pGk in the ENU frame directly. The GPS factor is

zGk − hGk
(
Xw)
= pGk − (pwbk + R

w
bkp

b
G), (14)

where pbG is the GPS position with respect to the body frame.
The covariance is related to the number of satellites, which
is normally given by the GPS receiver. Given that the GPS
has a low frequency, we use a linear interpolation to dou-
ble the frequency. There are also some cases in which the
GPS is blocked by buildings, which leads to a very noisy
measurement. Thus, to enhance the robustness in such cases,
we establish two simple rules to decide whether to fuse
GPS or not based on the covariance σGk

2
and its derivative:

• Good to bad status: (σGk > 4&&σ̇Gk > 0.2)||σGk > 5
• Bad to good status: (σGk > 5&&σ̇Gk < −0.2)||σGk < 4

The thresholds are empirical values, and the values of specific
thresholds may vary according to different types of GPS. The
GPS factor is only fused when it is in a good status.

Barometer is used to measure air pressure, which can be
converted to height by supposing the air pressure is constant
at the same altitude in a period of time. Thus, the barometer
factor is described as

zBk − hBk
(
Xw)
= pBk − [pwbk ]z, (15)

where pBk is the height measurement and [pwbk ]z represents the
height of the up-to-optimized state.

The attitude is fused by the IMU and the magnetometer
with high accuracy. However, the yaw angle of attitude has
a bias due to the magnetic declination. Thus, the yaw bias
is also involved during optimization. The attitude factor is
derived as

zAk − hAk
(
Xw)
= 2

[
qAk ⊗ qwbk

−1
⊗

[
cos(θ0/2)
r sin(θ0/2)

]]
xyz
, (16)

where qAk is the attitude measurement, r = [0, 0, 1]T, [q]xyz is
the imaginary part of the quaternion, and θ0 is the yaw angle
bias of the attitude module output.

3) LOCAL ODOMETRY FACTOR
Asmentioned before, the odometry factor is used to constrain
two consecutive frames due to its high accuracy estimation in
a local region. The states between N to n are assumed to have
the same metric scale. Thus, the odometry factor is

zLk − hLk
(
Xw)

= zLk − hLk
(
xwbk , x

w
bk+1 , s

)
=

sRb
cR

l
ck
−1(plck+1 − plck )− Rw

bk
−1(pwbk+1 − pwbk )

2
[(

qlck
−1
⊗ qlck+1

)−1
⊗

(
qwbk
−1
⊗ qwbk+1

)]
xyz

 .
(17)

Once we obtain the metric scale of the odometry, a sim-
ilarity transformation from the local frame of the odometry

to the global frame is easily solved by the latest optimized
global state and odometry state as follows:

Swl = TwbnS
b
cT

l
cn
−1
. (18)

However, the estimation of Swl may be unstable because
only one latest state is involved. Thus, a refinement of the Swl
estimation is conducted by optimizing a slidingwindows pose
graph containing the latest n−N + 1 states. These states are
considered with the same Swl , and (18) is considered an initial
value. The state vector and error vector of the refinement
process are

X l
=

[
qwl

T
,pwl

T
, s
]T

ek (X l) =

pwl − (pwbk + Rw
bkp

b
c − sR

w
bkR

b
cR

l
ck
−1plck )

2
[
qwl
−1
⊗ qwbk ⊗ qbc ⊗ qlck

−1
]
xyz

 , (19)
respectively. The optimal result X l∗ can be obtained by solv-
ing the following nonlinear least squares problem

X l∗
= argmin

X l

n∑
k=N

‖ek (X l)‖�k . (20)

The incoming odometry can be transformed directly into
the global frame by the similarity transformation Swl , which
leads to an odometry-rate accurate global pose estimation.

C. VO/VIO FAULT DETECTION
In practical applications, the camera is easily interfered with
by rapid rotation or a sudden change in illumination, which
may lead to a faulty tracking. Here we show a simple odome-
try fault detection method based on a Chi-square test between
odometry and global sensor measurements. The Chi-square
distribution signifies the following: if n independent random
variables all obey the standard normal distribution, a new
random variable composed of the sum of the squares of
these n random variables obeys the Chi-square distribution.
By referring to the Chi-square distribution table and setting
an appropriate Chi-square threshold, effective fault detection
can be realized. Reference [26] utilized Chi-square test to
detect the consistency problem in EKF-SLAM. In [27], a two
state chi-square test was designed jointly with the fusion algo-
rithm for fault detection using corrupted measurements. The
following describes the use of GPS, barometer and attitude
information to detect odometry faults.

GPS measurements at times k and k + 1 are denoted as pGk
and pGk+1, respectively. Suppose their noise distributions obey
the normal distribution. In addition, odometry outputs are rep-
resented by pLk and pLk+1, and they obey normal distributions.
These two types of measurements can both be converted into
the global frame. The distance difference between these two
converted measurements obey a normal distribution, which is
defined as

1p =
[
pGk+m − pGk − (Rw

bk+m − Rw
bk )p

b
G

]
−

[
Swl (p

l
ck+m − plck+m )− (Rw

bk+m − Rw
bk )p

b
c

]
∼ N (0, σ 2

p), (21)
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where σ 2
p can be determined by several related normal distri-

butions. Given that GPS provides a 3Dmeasurement, we have
the following distribution:

‖1p‖2
σ 2p
= 1pTσ 2

p
−1
1p ∼ χ2(3). (22)

For the barometer, only height is involved. Similarly to GPS,
the difference norm in this cases obeys a χ2(1) distribution.
For attitude, the difference also obeys a χ2(3) distribution,
while the error is described by

1q = 2
[(

qbc ⊗ qlck+m
−1
⊗ qlck ⊗ qcb

)−1
(
qAk+m

−1
⊗ qAk

)]
xyz
∼ N (0, σ 2

q). (23)

Whenever the new measurements are incoming, a Chi-
square test between odometry and other sensors can be per-
formed. If the result is larger than a maximum threshold (such
as the value that has a probability of 0.95) or smaller than a
minimum threshold (such as the value that has a probability
of 0.05), then the current odometry can be considered incor-
rect. However, in practice, one single test is not convincing
enough to determine whether or not odometry is correct.
Thus, consecutive Chi-square tests are required. When a fault
is produced after consecutive tests formore than, for example,
80% of the times, then we can consider odometry to be incor-
rect. Once odometry becomes faulty, it needs to be restarted.
During a restart, UAVs are normally still flying in uniform
linear motion, which increases the difficulty in restarting the
odometry, as mentioned before. After a successful restart,
a scale insensitive initialization is conducted, as described
in Section IV-A.

V. EXPERIMENTAL RESULTS
In this section, the experimental results are presented to
verify the proposed SIMSF framework. We first introduce
the overview of the experimental platform, sensors involved,
and environment. Then we evaluate the accuracy, robustness,
and real-time performance of our method without consider-
ing scale insensitivity. Finally, we give the scale insensitive
results, including cases of using VO as input, scale drift, and
in-air re-initialization.

A. EXPERIMENTAL SETUP
The UAV platform and all related sensors are shown in Fig. 4.
The aircraft platform had a diagonal length of 550 mm and
a total weight of 3.35 kg, including a 12000 mAh 6s LiPo
battery. The GPS was a low-cost Ublox NEO-M8N, which
has an absolute positioning accuracy of about 3 m in ideal
conditions. The magnetometer was built into the GPS mod-
ule to reduce electromagnetic interference from the UAV.
An open source flight controller stack, Pixhawk, was used
to control the UAV, which integrated a barometer and an
IMU (MPU6050). The onboard processor was an NVIDIA
Jetson TX2. Its processor is a combination of a dual core
Denver2 and a four core ARMA57, with a 2-GHz processing
frequency and an 8-GB memory. The performance of the

FIGURE 4. The UAV platform and all related sensors for the SIMSF
experiments, including GPS, magnetometer, barometer, IMU, and vision
camera.

TX2 processor was not very powerful, but the power con-
sumption was only 7.5 W, and the weight was only 255 g,
which is very suitable for payload-limited platforms such as
UAVs. The vision module was a MYNT stereo camera, but
only the left camera was used for fusion. To ensure that the
image processing achieved real-time performance, the reso-
lution of the image was set to 640 × 480 and the frequency
was set to 10 Hz.

FIGURE 5. Experimental environment and flight trajectories (blue, green,
and red lines) used to evaluate the accuracy, robustness, and real-time
performance of the proposed methods.

The experimental environment and flight trajectories are
shown in Fig. 5. We carried out three types of trajectory
flight tests, which are shown as blue, green, and red lines
in the figure. Trajectory I (blue lines) was a short-range
flight. Trajectory II (green lines) was a medium-range flight
that included a short indoor flight where there was no GPS
signal, indicated by the yellow rectangle box in the figure.
Trajectory III (red lines) was a long-range flight. In order to
measure the accuracy of the algorithm, we used the results
of loop closure [11] as the references. The accuracy, robust-
ness, and real-time performance of the proposed methods
are analyzed by the experimental results of these three flight
trajectories.

B. OPTIMIZATION RESULTS
First, for Trajectory I, we compare the attitude constraint
method in this paper with the magnetic constraint in VINS-
Fusion [22]. The barometer constraint is not considered at this
time. Fig. 6 shows the optimization trajectories of the pro-
posed method, VINS-Fusion, VINS-Mono, and loop closure.
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FIGURE 6. Flight trajectories recovered from VINS-Fusion, VINS-Mono,
loop closure, and the proposed method.

FIGURE 7. Position error box plots of VINS-Mono, VINS-Fusion, and the
proposed method. Magnetic constraints are utilized in VINS-Fusion, while
attitude constraints are used in our method.

The loop result is considered the reference trajectory. Fig. 7
shows the position error box plots of each method. Fig. 6
and Fig. 7 indicates that VINS-Mono drifted increasingly
as the flight distance increased. Compared with the attitude
constraint trajectory, the magnetic constraint trajectory has
a large error in the vertical direction. Because magnetic
constraints require accurate local magnetic field information,
which is difficult to obtain in practice, the attitude constraint
here is better than the magnetic constraint in VINS-Fusion.
Furthermore, an incorrect magnetic constraint leads to the
overall tilt of the optimized trajectory, as shown in Fig. 6.
Therefore, in the following experiment, we use the attitude
constraint instead of the magnetic constraint in VINS-Fusion.

FIGURE 8. Flight trajectories recovered from GPS, VINS-Mono,
VINS-Fusion, loop closure, and the proposed method with no GPS (area 1)
or weak GPS signals (area 2).

Next, we analyze the optimization results for no or weak
GPS signals in Trajectory II. Fig. 8 shows the trajectories
of GPS, VINS-Mono, VINS-Fusion, loop closure, and our

FIGURE 9. Position error box plots of VINS-Mono, VINS-Fusion, and the
proposed method with no or weak GPS signals.

proposed method. The paths in the red rectangle (area 1) in
the figure show that the UAV flew into the building. At this
time, the GPS is inaccurate; its error is more than 10 meters,
its measurement jumps are very large, and sometimes the
GPS signal cuts out entirely. The paths in the black rectangle
(area 2) show that the UAV flew close to the building, where
the GPS is also blocked, but its errors and measurement
jumps are smaller. Fig. 9 shows the error box plots over
different time periods. The five corresponding time periods
in the figure are: before entering area 1, flying in area 1, after
leaving area 1 and before entering area 2, flying in area 2, and
after leaving area 2. Due to the usage of visual information,
in the case of the GPS signal being blocked (98 – 134s and
164 – 182s), an accurate position estimation can still be
obtained for all methods. In the results of the last period
(182 – 268s), there is a large drift for VINS-Mono, while the
accuracy of other optimized results is higher due to fusing
GPS information. Moreover, our result is more accurate than
VINS-Fusion, especially when the GPS signal is weak. This
is because when the GPS accuracy is lower than a certain
threshold, we do not add a GPS constraint; we only use the
barometer, vision, and attitude constraints to optimize. The
above results show that our method has better robustness for
conditions involving no or weak GPS signals.

FIGURE 10. Flight trajectories recovered from VINS-Mono, VINS-Fusion,
loop closure, and the proposed method for the long-distance flight of
Trajectory III.

The real-time performance of the proposed method is
analyzed according to the results of the long-distance flight
Trajectory III. Fig. 10 shows the trajectories of VINS-Mono,
VINS-Fusion, our proposedmethod, and loop closure. Fig. 11
shows the absolute position error box plot of each method.
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FIGURE 11. Position error box plots of VINS-Mono, VINS-Fusion, and the
proposed method for the long-distance flight of Trajectory III.

FIGURE 12. Optimization time of each method as a function of flight
distance for the long-distance flight of Trajectory III.

These two figures suggest that the drift of VINS-Mono
increases as the flight distance increases. After the optimiza-
tion, VINS-Fusion and our proposed method can both obtain
an accurate global position estimation without drift. Fig. 12
shows the optimization time of each method as the distance
increases. The optimization time of our method is less than
that of VINS-Fusion because we only add a constraint when
a key frame is taken. Thus, the total number of optimization
constraints is less than that of VINS-Fusion. As can be seen,
the time required for loop optimization increases sharply as
the scale increases. Therefore, the loop method is not suitable
for large-scale scenes. Moreover, in order to ensure real-time
performance, when the total number of states is larger than a
certain threshold (1000 in the experiment), the states before
this threshold are fixed without any optimization, so that the
number of up-to-optimized states is limited. Thus, the opti-
mization time of the proposed method is finally stable at
about 0.15 s.

FIGURE 13. Real-time position estimations of VINS-Mono, VINS-Fusion,
proposed method, and loop closure. For VINS-Fusion, once a latest
position estimation is incorrect, the following estimations will be
divergent.

Fig. 13 shows the real-time position estimations of
VINS-Mono, VINS-Fusion, our proposed method, and loop

closure, tested on another sequence same as Trajectory III.
As can be seen in the zoomed-in area, for VINS-Fusion,
once a position estimation is incorrect, the following esti-
mations will be divergent. However, our method can provide
good estimations for this sequence. This is because we use
a number of the latest states to estimate the similarity trans-
formation Swl , while in VINS-Fusion, only one latest state is
involved. Thus, we can achieve a better robustness against the
outliers.

Table 1 shows the root mean square errors (RMSEs) of
the different methods tested on various trajectories. The scale
of VINS-Mono drifted by a very small extent (the errors
are mainly caused by position drift), while our method also
ignores the scale drift. From the table, we can conclude our
method is more accurate than others in obtaining accurate
global state estimations.

TABLE 1. RMSE [m] results of different algorithms for all three
trajectories.

C. SCALE INSENSITIVE RESULTS
To demonstrate the effectiveness and robustness of our
method, we now present the scale insensitive results, includ-
ing the cases of using VO as input, scale drift, and in-air
re-initialization.

FIGURE 14. Trajectories recovered from GPS, ORB-SLAM, zoomed-in
ORB-SLAM, and our proposed method.

First, the VO obtained from ORB-SLAM is considered
the visual input of the system. As shown in Fig. 14, the
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FIGURE 15. Scale estimation from scaled VO to the global frame.

trajectories are recovered from GPS, ORB-SLAM, and our
method. The ORB-SLAM trajectory shown in the figure is
scaled by our initialization process, and the initial scale
is 68.5. However, the initial scale is not accurate. With the
initial scale, we can transformVO to scaled VO, whichmeans
we can treat it as a VIO. Next, we estimate a new scale,
namely the n-scale, which is the scale from the scaled VO to
the global frame. Fig. 15 shows the n-scale estimation as the
increase of the flight distance, suggesting an average value of
about 1.4. This is also verified by Fig. 14: after ORB-SLAM
is zoomed in 1.4 times, it is almost coincident with the GPS
trajectory. Thus, we can conclude that our fusion framework
has compatibility with VO input.

FIGURE 16. Trajectories recovered from GPS, loop closure, VINS-Mono,
VINS-Fusion, and our proposed method. VINS-Mono drifted.

FIGURE 17. Scale estimation from the drifted VIO to the global frame.

We test our method on another trajectory, where the UAV
is held by a person walking along the road. The recov-
ered trajectories are shown in Fig. 16. Due to the vibration
caused by walking, the VIO drifted almost all the time, which
also lead to an incorrect loop closure. The n-scale from the
VIO to the global frame is estimated in real-time and is
shown in Fig. 17. There are two peak scales in Fig. 17 at
points A and B, which are also shown in Fig. 16. A compari-
son of the trajectories of VINS-Mono and GPS shows that the
movement of VINS-Mono is much smaller than that of GPS

FIGURE 18. Position error box plots of VINS-Fusion and the proposed
method as a function of flight distance in VIO drift conditions.

FIGURE 19. Trajectories recovered from GPS, our method,
VINS-Mono (VIO1), and restarted VINS-Mono (VIO2).

FIGURE 20. Scale estimation of VIO in the case of VIO restarting.

at points A and B. Thus, a bigger scale is needed to transfer
VIO to the global frame (i.e., peaks A and B in Fig. 17).
Given that Trajectory III was executed outdoors, GPS can
provide a good position measurement. The position error box
plots of VINS-Fusion and our proposed method, using the
GPS trajectory as the reference, are shown in Fig. 18. The
figure shows that our method can provide a higher accuracy
estimation in scale drift conditions.

Finally, we choose another challenging case to ver-
ify our fault detection and in-air re-initialization methods.
The trajectories recovered from GPS, our fusion method,
VINS-Mono (VIO1), and restarted VINS-Mono (VIO2) after
a fault are shown in Fig. 19. The fault of VIO is detected using
our fault detection method at point A. Then, the VIO restarts
and the re-initialization process provides an initial guess of
the VIO scale, as in Section IV-A. The origin of the scaled
VIO is aligned to the current GPS position at point B. Finally,
the scale insensitive fusion is conducted as in Section IV-B.
The scale estimation of the whole process is shown in Fig. 20,
where A and B correspond to A and B in Fig. 19, respectively.
After the VIO is restarted, an initial scale is estimated to
be 0.84. Then the following n-scale is estimated based on the
initial scale.
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VI. CONCLUSIONS
In this paper, we proposed a scale insensitive multi-sensor
fusion (SIMSF) framework for unmanned aerial vehicles
based on graph optimization. Our method can fuse local
measurements of VO/VIO and global measurements of GPS,
attitude sensors, and barometer to achieve locally accurate
and globally drift-free state estimations. We utilized certain
strategies, such as attitude constraints, GPS status evaluation,
and key frame-based optimization to enhance the accuracy,
robustness, and real-time performance of ourmethod. In addi-
tion, multiple latest states were used to increase the stability
of the optimization process against outliers.

Furthermore, by estimating the initial scale in the ini-
tialization, the fusion framework is compatible with any
unscaled odometry. In addition, by estimating the scale of the
VIO or scaled VO in real-time graph optimization, the fusion
framework can still achieve accurate estimations in the case
of scale drifting. Finally, by adding a fault detection module
and re-initialization strategy, the system can recover from
the fault status rapidly and provide accurate state estimations
again. A comparison between our results and the results from
other state-of-the-art methods employed in various challeng-
ing conditions demonstrate the superior accuracy, real-time
performance, and robustness of our fusion framework.
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