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Abstract

Determination of calibration parameters is essential for the fusion performance of an inertial measurement unit
(IMU) and odometer integrated navigation system. Traditional calibration methods are commonly based on the filter
frame, which limits the improvement of the calibration accuracy. This paper proposes a graph-optimisation-based
self-calibration method for the IMU/odometer using preintegration theory. Different from existing preintegrations,
the complete IMU/odometer preintegration model is derived, which takes into consideration the effects of the scale
factor of the odometer, and misalignments in the attitude and position between the IMU and odometer. Then the
calibration is implemented by the graph-optimisation method. The KITTI dataset and field experimental tests are
carried out to evaluate the effectiveness of the proposed method. The results illustrate that the proposed method
outperforms the filter-based calibration method. Meanwhile, the performance of the proposed IMU/odometer
preintegration model is optimal compared with the traditional preintegration models.

1. Introduction

The integration of an odometer and inertial measurement unit (IMU) has been widely studied for several
decades (Georgy et al., 2011; Li et al., 2014; Nemec et al., 2019). The odometer is a cost-effective
and easily deployed sensor for land vehicles and mobile robots. As a relative positioning sensor, it can
provide speed and incremental distance along the vehicle trajectory (Wu et al., 2010). However, an
odometer can be easily affected by road conditions and vehicle manoeuvres. When relative slippage
between the wheels and road surface occurs, the accuracy of the odometer will decrease. Although the
error of an IMU will accumulate over time, the IMU is completely self-contained. Thus, IMU/odometer
fusion can deliver an enhanced performance over the individual system.

The performance of an IMU/odometer integrated navigation system is susceptible to some parameters.
First, the scale factor of the odometer is the main source that affects the positioning accuracy. It differs at
every manoeuvre and also slowly changes with the temperature, load and tyre pressure (Li et al., 2018).
Second, the IMU frame misaligns the odometer frame in attitude and position (Seo et al., 2006; Wang
et al., 2012; Gao et al., 2018), which is a common problem in real multisensory systems. Manual
measurement is a typical calibration method, but some parameters such as attitude misalignment and
scale factor are not easy to measure. Thus, an online self-calibration method without manual operations
needs to be developed for practical purposes (Wang et al., 2019).

Nowadays, the self-calibration methods are mainly based on the Kalman filter frame. Wu (2014)
designed a self-calibration method based on an extended Kalman filter (EKF), which can estimate the
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misalignment parameters and achieve good positioning performance. Gao et al. (2017) fused a single-
axis rotational IMU with an odometer based on a Kalman filter, which could estimate the scale factor
of the odometer and simultaneously improve the navigation performance of a land vehicle. To suppress
the influence of nonlinear effects, Liu et al. (2016) developed an unscented Kalman filter (UKF)-based
fusion scheme, and the observability of different manoeuvrers was also discussed. Zhao et al. (2017)
proposed an adaptive two-stage Kalman filter for an IMU and odometer integrated navigation system,
which could estimate the varying parameters and was insusceptible to the varying process noises. Zhang
et al. (2019) developed a tightly coupled integration to calibrate the parameters between the IMU and
odometer and removed the effects of the odometer measurement outliers. The Kalman filter and its
variants estimate the states based on measurements at the current instant and states at the last instant,
which cannot take advantage of historical states and observations (Wen et al., 2019b).

In recent years, the graph-optimisation theory has been widely used in the robotics field (Strasdat
et al., 2012; Mascaro et al., 2018). Different sensors are fused based on the optimal estimation of the
historical and current states (Indelman et al., 2013). Meanwhile, multiple iterations and re-linearisation
can effectively help the graph-optimisation method to approach the optimal state estimation and improve
the robustness compared with the filter-based method (Wen et al., 2019a). Some graph-optimisation-
based methods using an odometer have been proposed (Chiu et al., 2014; Dang et al., 2018). Since
an odometer provides speed along the vehicle trajectory, the attitude of the vehicle platform needs
to be used to adjust the measurement to the reference frame. In graph-optimisation-based methods,
states at every optimisation instant are frequently adjusted. This results in the odometer speed needing
to be repeatedly integrated, which comes at the cost of increased computational complexity. To solve
this problem, preintegration theory (Forster et al., 2017; Yuan et al., 2018) was introduced into the
odometer. He et al. (2017) proposed a calibration method for the camera/odometer extrinsic parameters
and derived the covariance matrix of the odometer preintegration model, but this method requires
the angular velocity from a two-wheel differential odometer. Quan et al. (2019) coupled gyroscope
measurements into the preintegration model, thus angular velocity provided by the two-wheel differential
odometer was not required. To avoid the drift of horizontal attitudes, roll and pitch are set to zero
in this method, but this is not suitable for land vehicles manoeuvring in uneven terrain. Liu et al.
(2019) proposed an IMU and odometer preintegration model to be applied to outdoor vehicles, and
extrinsic parameters between the IMU and odometer could be simultaneously calibrated. However, the
scale factor was not included in the odometer preintegration model, which resulted in an additional
positioning error. Similarly, misalignments were regarded as known quantities given by a filter-based
calibration method in the preintegration model (Chang et al., 2020) and could not be further optimised in
the graph.

In this paper, a graph-optimisation-based self-calibration method for the IMU/odometer using prein-
tegration theory is proposed. Different from the existing preintegrations, the complete IMU/odometer
preintegration model is derived in which the influence of the scale factor of the odometer, and mis-
alignments in attitude and position between the IMU and odometer are fully considered. With the aid
of global positioning system (GPS) measurements, the system parameters are estimated using a graph-
optimisation algorithm. The proposed algorithm is evaluated on KITTI datasets (Geiger et al., 2013)
and real data from field tests. The results indicate that the proposed method can obtain highly accurate
parameters estimation compared with the filter-based method and improves the navigation performance
of the IMU/odometer fusion.

The rest of the paper is organised as follows: in Section 2, an overview of the system is described.
The IMU/odometer preintegration model and graph optimisation fusion are stated in Section 3 and
Section 4, respectively. The simulation and experiment results are given in Section 5.

2. Overview

The structure of the proposed method is shown in Figure 1. The system is composed of navigation
sensors, model formulation and graph optimisation. The navigation sensors consist of an IMU, odometer
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Figure 1. The structure of the proposed method.
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Figure 2. IMU and odometer frame.

and GPS. The IMU provides gyros and accelerometers measurements while the odometer gives velocity
measurements, which are used to form the IMU/odometer preintegration. Preintegration is a relative
measurement that connects two successive states. The GPS position serves as an absolute measurement.
The relative and absolute measurements are then used for building a residual error model. Finally,
the navigation states and sensors parameters are estimated by the graph optimisation. The estimated
parameters are sent to the navigation sensors to compensate for errors.

The IMU and odometer are mounted on different parts of a land vehicle, as shown in Figure 2. The
odometer is installed on the rear wheel whose heading does not change during a manoeuvre. Above
all, some coordinate systems need to be built to describe the spatial relationships among different
measurements.

(1) IMU frame

The gyros and accelerometers are measured in the IMU frame, denoted as the b frame. The three
axes of the IMU frame are expressed as xp, y; and z;, which point to rightward, forward and upward,
respectively. The IMU is mounted at one point of the land vehicle, so it misaligns with the vehicle body
in practical situations. The IMU frame at instant # is denoted as the b, frame.

(2) Odometer frame

The odometer frame is fixed on the land vehicle, denoted as the o frame. The three axes of the
odometer frame are represented by x,, y, and z,. The velocity measured by the odometer is in the
moving direction of the vehicle, along the y, direction. The odometer frame at instant ¢ is denoted as
the o, frame.
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Table 1. Definitions of typical symbols.

Symbols Definitions
Ry, Rotation matrix from m frame to n frame
qr Quaternion from m frame to n frame
P Translation from n frame to m frame expressed in n frame (Position of m expressed
in n frame)
v Velocity of m expressed in n frame
g" Gravity expressed in m frame
® Multiplication operation between two quaternions
(3) World frame

The world frame is denoted as the w frame. The origin is located at the IMU at the initial instant
and the three axes of the world frame point east, north and up, respectively. Meanwhile, some typical
symbols that are used throughout the paper are defined in Table 1.

3. Derivation of IMU/odometer preintegration

In this paper, the IMU preintegration is extended by incorporating odometer measurements. Different
from existing IMU/odometer preintegrations, the complete IMU/odometer preintegration model is
derived in consideration of the scale factor of the odometer, and misalignments in attitude and position
between the IMU and odometer. The models of raw gyroscopes and accelerometers are given by

Wp, = Wp, + by, + 1,y

' (D

dp, = lp, + ba, + R2 g% +n,

where W, and d;, are IMU readings at instant ¢; w;, and [,,, denote the true value of the angular rate and
motion acceleration at instant ¢; and b,,, and b,, represent the gyro and accelerometer bias. The rotation
matrix from world frame to the b, frame is denoted by RY and g" denotes the gravity expressed in
world frame. The noise in the gyros n,, and accelerometers n,, is assumed as Gaussian, n,, ~ N (0, o‘fv),
n, ~ N(0,02). The gyro bias and accelerometer bias are modelled as random walk, whose derivatives
are Gaussian, np,,, ~ N(0, oﬁw), np, ~ N(O, O'ZU) (Qin et al., 2018):

bw, =np,
2
ba, = nba
The model of the odometer is given by
50,90, = Vo, t N (3)

where V,, is the odometer readings at instant ¢ and v, denotes the true value of odometer at instant ¢.
The raw odometer measurements are affected by the scale factor s, and noise n,. The noise is assumed
as Gaussian, ng ~ N (0, 0'3). The scale factor is modelled as random walk, whose derivative is Gaussian,
nso ~ N(07 0-30):

So

= ny, “4)

t
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The position of the odometer expressed in the world frame p}) is given by
Py =Py + Ry P )

where p}’ denotes the position of the IMU expressed in the world frame, R} represents the rotation
matrix from the IMU frame to world frame and p? is the position of the odometer expressed in the IMU
frame, which is the misalignment in position.

Given two instants 7 and 4., the position, velocity and orientation states in the world frame can be
propagated by the IMU and odometer measurements, which can be formulated as

plv?vkﬂ =p‘;k +VZVkAtk+// (Rlvy‘;(a/\b, _bu, _na)_gw)dtz
t€[tr,trsr ]

vl‘;vm] :Vlv:k +/ (Rlv:(dbt _bat —I’la)—gw)dt
tetr,tisr]

| ) ©)
qn. =4y, ®/ =Q(Wp, — by, — nw)qbf dt
te[ti,trsr]
b b, N brs
pz;vkﬂ = pzvk + Rl‘;vkp‘)’l: +/ [ ] Rl‘:ROr (Sofvot - nS) dt — Rl‘;vkﬂpuiﬂl
E Ik, k41

where

0 —-w, wy
> [W] x =1 Wz 0 —-wy @)
-wy wy O

—[wlx w

Qlw) = —wT 0

where p;y and p); denote the position of IMU expressed in the world frame at 71 and 7, respectively;
v;;k 1 and vzvk represent the velocity of the IMU expressed in the world frame at 7, and #x, respectively;

q;;k“ and ql”;k separately denote the quaternion from the by, and by frame to the world frame; pﬁﬁj{

and pzﬁ are misalignments in position at ¢, and #;; R;’Vk . and R;’Vk represent the rotation matrices from
the by4 and by frame to the world frame; Az is the duration between the time interval [7, fx41]; R;’VI

expresses the rotation matrix from the b, frame to the world frame; sz denotes the rotation matrix from
the o, frame to the b, frame, which is the misalignment in attitude; and qZ:’ represents the quaternion
from the b, frame to the by frame.

The last equation in Equation (6) can be obtained from Equation 5) and the propagation of the
position of the odometer expressed in the world frame, which can be formulated as

Py = pl o+ / RY RY: (50,00, — ny) dt ®)
t€[tr,trsr]

where py and p}’ are the positions of the odometer expressed in the world frame at instants 4,1 and
1, respectively.

It can be seen from Equation (6) that the propagation of the position from the odometer measurements
requires the rotation and position at instant #;. In the graph-optimisation-based algorithm, states at
optimisation instants are frequently adjusted, which results in the odometer measurements needing
to be re-propagated. To solve this problem, the preintegration theory is introduced into the odometer
measurements.
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The reference frame is changed from the world frame to the body frame at instant #;. Equation (6)
can be rewritten as

by

b _ pb 1 2
kapl’fk+l =Rk (pl’fk + vZk At — 58" Aty) + @,

br W _ pbr.w w b
kavbk+l =Rk (vbk —g"V A1) +'8b£+1

)
by _ b
qu ® qlvﬂvul - yb:”
b by by b br 4 . bx
RWI‘p;’VkH = RWkplv?vk - RWI\RZI\»HPOL} +p02 +nb2+1
where
az:H = / / (RZf (db, - ba, - na)) dtz
t€(ti,tre1]
b _ bi A
’8ka - / (Rb, (abt - bat —ng))dt
t€[ti,trsr] (10)

Lo
Vo= [ 300 by np
t€[tr,trs1]

b _ br pb. N
M, = / Ry R (50,00, — ng) dt
t€[ti,trsr]

by

by, and yi’:’ . denote the position, velocity and attitude preintegrations from the IMU

where azzﬂ, B
measurements at instant #x,; expressed in the b frame; and r]’;z+l represents the position preintegration
from the odometer measurements at instant 74, expressed in the b, frame. In Equation (10), the reference
frame is by. Even though the states at instant 7, are adjusted during the optimisation, the integrations in
Equation (10) are not affected.

The discrete form of Equation (10) can be expressed as

Abi _ abr . Abk | Bbr (A A 2
ab:‘+] = abf +Bbf6t + ERb,k (ap, — bg,)ot
1 Abi Abr A 7~
ﬁbfﬂ = ﬁbf +Rbf (aht - bat)(St
1
e an
ybrﬂ - ybt

E(wb, —b,,)6t

b _ Abr | pBbi Bbia o
My, =My + Rb, Ry 80,00,01

&zk 0 Z* _and f/zk | are the preintegration from the IMU measurements at instant 7,1 expressed in
1+ T+ t+

the by frame; ﬁZf ] denotes the preintegration from the odometer measurements at instant 7., expressed

in the by frame; &Zf, /?Ztk and )A/Zf are the preintegration from the IMU measurements at instant ¢,

where

expressed in the by frame; ﬁlgtk denotes the preintegration from the odometer measurements at instant #,
expressed in the by frame; t,, t;11 € [tx, tr+1]; Ot is the sampling interval of the IMU measurements; IéZf

represents the estimated rotation matrix from the b, frame to the b, frame; I?f,’j denotes the estimated
rotation matrix from the o, frame to the b, frame; and b,,, b,, and $,, separately express the estimated
accelerometers bias, gyros bias and scale factor of the odometer.
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Then the continuous-time linearised dynamics of error term of Equation (10) can be written as

(6" ] [ 6ot ]
site| 01 N 0 gh 00 0 0 0 562
s 00 —R*[ap, —ba], R} 00 0 0 0 e
by 00 —[Wp,—-byl, O -I0 0 0 0 by
Obg, 00 0 0 00 0 0 0 0byg,
by, | =100 0 0 00 O 0 0 by,
o 00 —R}*[RG:50,%0,], O 0 0 RRD, 0 =R Rot[80, 90,1, 5
o 00 0 0 00 0 0 0 ‘
%ol 100 0 0 00 0 0 0 050,
spol loo 0 0 00 0 0 0 Sph
565 | | 665
0 000 O 000]. |
R 000 0 000||"a
0 -100 0 o0o00]||"™
0 010 0 000]]"e
+l 0 o007 o o0o00]||"
0 000-RMREOOO[| ™
0 000 0 100[[,”
0 000 O 010 n’;
. o o000 o0 oo07f" "
= Fi6z)" + G, (12)

where F; and G, represent the state transition matrix and noise matrix; (5sz denotes the preintegration
error vector in which the preintegration errors and sensor parameter errors are included; and 66, is the
rotation error, which can be obtained by the following:

R =R (I+[66],) (13)

In Equation (12), the error term of misalignments in position and attitude are modelled as random walk,
whose derivatives are Gaussian, n,, ~ N(0,07 ), ng, ~ N(0,0 ). According to Equation (12), the
discrete form of error term can be formulated as

b _
6Zb,-+l - Fdi+l

620k + Gy (14)

where Fy,,, and G4,,, represent the discrete state transition matrix and noise matrix, respectively. With
the assumption that ¢, and ¢, are two instants, #;, 41, . . . € [t, tx+1]. Then, the transfer equation from
instant ¢, to instant 7;,; can be written as
620k = Fyy, - Fap Fa,620" +
brsi il din 1'd; 0%y, '3
— by
= ka+|6Zbk +& (15)
where & represents the other items for simplicity. Thus, the recursive equation of the state transition
matrix Jp, and covariance matrix Py, can be expressed as
Jb
Py,

=Fa,,J,
= Fa., Py, Fy, +Ga,0G,

i+1 (16)
i+1 i+1
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where Q denotes the covariance matrix of noise, which is given by

(020 0 0 0 0 0 O
0c2 0 0 0 0 0 O
0 0 O-Ii, 0 0 0 0 O
0= 0 0 O oﬁw 0 0 0 O (17
00 0 0 c20 0 O
00 0 0 O 0'52“ 0 0
00 0 0 0 O 0'12,0 0
|00 0 0 0 0 O a'éo
According to Equation (15), the following can be obtained:
Joro =Fap,, - Fa, Fa,
=Fu., - Fa, Fal
=Fap, - Fa FaJb, (18)

In the preintegration method, the reference frame is the IMU frame at instant ¢, which is by. The error
term of preintegration at instant #; is 6z2’;, which means the error relative to itself. Thus, the initial
values of Equation (16) can be set as (Qin et al., 2018)

19)

Thus, the Jacobian matrix Jj,,, and covariance matrix Pj,,, at instant #;4; can be calculated by
combining Equations (16) and (19). The correction equation for preintegration measurements can be
expressed as the following form:

by by
~bi _ Abi J‘sabku Sh Jéabkn 5b
(Ib » + ax + 6bw Wi

(}.’bk .
b,
ﬁbm ﬁbk 1 o ”f“(Sbm +J Poi 1 5bu,
1 (20)

Tt = Fa | Lol b,

2
bi _ b bm Z:H st
nbkl—nbkl+ E1Gby, T 5y 050, Tyt 00

o

where abk ﬁbk " ybk 1 and ﬁZ" are the calculated prelntegratlon while a/bk e ,Bbk e ybk _and ﬁZf ]
by
are the modified preintegration. Here, J "k+1 and J e are the Jacobian matrices of 6b,, and 6b,,,
b 6Bf:k ’;’k
corresponding to 6a/b:+], respectively; J Sb &1 and J &1 denote the Jacobian matrices of 0bg, and
bi

66
0Dy, correspondmg to 6,8b 5 b"k” represents the Jacobian matrix of 6b,,, corresponding to 60bk 5
b
sm, s,k . . . .
and J b‘”, J 6S:’;*' and J 9::+1 are the Jacobian matrices of 6b,,,, ds,, and 665 corresponding to

sk by, Lhe above matrices are a sub-block matrix of J,,,, which can be obtained from J,,, .
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The IMU/odometer measurement model in preintegration form can be expressed as

A by
bist [ by 1 ]
,)/;bk RE: (plv)vw — pr)Vk - leijAtk + ngAtlzc)
bres - ,
IBAbIIL 1 (qz’k) : ® qZkH
b(;m R (v, —Vp, +8"Al)
bak+1 - bak
0 = . ka+l _ ka , ) (21)
ﬁZ: 1 Ry (PZ)M N pz/k + Rlv:k»,lpm’::) ~Pox
0 SZkH - S‘Zc
0 Poz:: - pmk;
by -1 bt
0 2[(‘]@) ® LZOml]xyz

The accelerometer bias, gyroscope bias, scale factor, and misalignments in position and attitude between
the IMU and odometer are assumed to be constant in a short period, thus the differences between
consecutive instants for these terms are zeros.

4. Graph optimisation based on IMU/odometer preintegration

The sensor fusion problem can be represented as a graph model to perform the nonlinear optimisation.
There are two types of nodes, factor nodes and variable nodes. The edge connects the factor nodes and
variable nodes when the factor involves a corresponding variable. A factor describes an error between
the predicted and actual measurements. With an assumption of a Gaussian noise model, a factor can be
written as

F(X) = llz= h(X)II3 (22)

where X is the state; z and 2(X) separately denote the actual measurements and predicted measurements;
and P represents the covariance matrix. The Mahalanobis norm is defined as ||r||%, =rT P~!r (Dellaert
and Kaess, 2017).

To solve the nonlinear least-squares optimisation, the entire graph encoded by all the factors should
be minimised by adjusting the estimates of the state variables. Graph optimisation is equal to finding a
set of states that satisfies all the constraints. This is equivalent to solving the following equation:

X= i (X 23
arg;nm (Uf( ) (23)

where X is the optimal solution sets and f;(X) denotes the ith factor.

The nonlinear optimisation problem in Equation (23) is solved by repeated linearisation within a
nonlinear least-squares solver. Staring from the initial value xo, the solver finds an update A, which can
be formulated as

arg min(J (xo)A — b(x¢)) 24

where J(xg) denotes the Jacobian matrix at the current linearisation point xg, while b(xg) = z — h(xg)
is the residual when the initial value is substituted into the predicted model. After solving Equation
(24), the state variable is updated by x( + A. Then, the iterative process continues until the termination
condition is met.

The graph structure of the proposed method is shown in Figure 3. The circle denotes the variable
node, which is generated every time a new GPS measurement is available. The rectangle represents the
factor node, which is derived from the measurement. The edge can exist between the variable node and
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@State D IMU/Odometer factor |:| GPS factor

Figure 3. Graph structure of the proposed method.

factor node when the factor involves the variable. The IMU/odometer factor constrains two consecutive
states by preintegration. For a GPS measurement, its factor constrains one state since it is observed at
one instant.

The state vector in the proposed method is designed as

X = [XO’x17~"’xn]

w w w by by (25)
Xk = [pbk’vbk»Qbk’bak’bwk’sl)k?puk’ qok]’ k € [0,11]

where X stands for the states set and x; represents the state at instant 74, which includes the position,
velocity, rotation, accelerometer bias, gyroscope bias, scale factor, and misalignments in position and
attitude. Here, n denotes the number of states in the sliding window.

According to Equation (21), the residual of the IMU/odometer preintegration is given by

1
b ~b
R k(pbm —pbA - vbkAtk + = gWAtz) a/bz 1

20(7,) ‘e (ap) "' ®qy ]

A xyz
k w
R (vbk Tvp +8 Aty) — ,Bbk 1
-b
2bi Ale+l Ak
ryo(Z,f , X) = 26
l/O( brsr ) . . ka*-lb_ bw;\ . , . (26)
(kapLVkH - kapb +R kR;,Vk lpoiﬂ _polﬁ) ﬁb:;]
Sokr1 ~ Sox

b1 by
pok:] Poy

20(¢5) " @bl

The residual of the GPS measurements is formulated as

reps (Zaps, X) = 2875 — hPS(X)
=Pl ~Ph, 27)

where z*S stands for the observation information at instant 7 from the GPS receiver; 2" (X) rep-

resents the observation model; and pGPS and p;;k represent the position of the GPS receiver and state,
respectively.

Based on the residual of the IMU/odometer preintegration and GPS, the error function of the proposed
method can be formulated as

k
. 2 b 2
min < llrp = HpXIP + ) llrvo (2 X)1I,, +Z||ers(szs,X)||pG (28)
k—n Dictl k—n

where ||rp — HpX||? is the prior information from marginalisation. The lower and upper limit of
the summation denote the instant #;_, and instant 7z, respectively. Ceres Solver is used for solving
Equation (28).

https://doi.org/10.1017/50373463321000722 Published online by Cambridge University Press


https://doi.org/10.1017/S0373463321000722

604 Shiyu Bai et al.

Table 2. Statistical results in the simulation.

Calibration errors

Filter-based method Proposed method
Parameters Mean value RMSE Mean value RMSE
Scale factor 0-004 0-0005 0-001 0-0001
X-axis misalignment in attitude (deg) 0-561 0-104 0-337 0-033
Z-axis misalignment in attitude (deg) 0-841 0-021 0-352 0-018
X-axis misalignment in position (m) —-0-032 0-007 —-0-020 0-007
Y-axis misalignment in position (m) 0-080 0-009 0-011 0-008

Table 3. Setup of simulation parameters in KITTI datasets.

Simulation parameters Values
Scale factor 1-19
X-axis misalignment in attitude (deg) -0-80
Z-axis misalignment in attitude (deg) 1-00
X-axis misalignment in position (m) 0-95
Y-axis misalignment in position (m) 1-00

5. Experimental results

Dataset and experimental tests are executed to evaluate the performance of the proposed method com-
pared with the Kalman filter based calibration method of Li et al. (2018). The graph optimisation
formulated in this paper is a sliding window graph optimisation in which only past and current mea-
surements are used, thus it can be compared with the Kalman filter under such a condition. Meanwhile,
the positioning accuracy of the IMU and odometer fusion using parameters obtained from the proposed
method is compared with those which employ parameters given by the preintegration models mentioned
by Liu et al. (2019) and Chang et al. (2020).

5.1. Dataset results

Raw data from the KITTI dataset is first implemented to validate the effectiveness of the proposed
calibration method. The KITTI datasets provide the angular rate and acceleration from IMU measure-
ments, and the position and velocity from GPS measurements. The scale factor and misalignments in
attitude and position are manually applied into the raw data to simulate the odometer and misaligned
IMU measurements.

The manoeuvres of the vehicle in the KITTI dataset involves turning, accelerating and decelerating.
According to the observability analysis of Liu et al. (2016), odometer scale factor, x-axis and z-axis
misalignments in attitude, and x-axis and y-axis misalignments in position are observable. Thus, the
estimation results of the above parameters are compared. Monte Carlo simulations are performed 50
times for the simulation, and the mean value and root-mean-square error (RMSE) of 50 simulations
are listed in Table 2. The specific setup of the simulation parameters in one simulation is shown
in Table 3. Figures 4-6 describe the comparisons of estimation results of parameters in one simulation,
the blue dotted line represents the real value which is added into the raw data, the red dot—dash line
denotes the estimation result of filter-based calibration method and the green solid line stands for the
estimation results of the proposed calibration method.
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misalignment in position.
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From Table 2 and Figures 4-6, it could be noticed that the estimation results of the proposed method
present better convergence, which are closer to the true values than the filter-based method.

To further validate the performance of the proposed method, the mean values of the estimation
results after convergence are calculated and applied into the IMU and odometer fusion. Smaller accu-
mulative errors of the IMU and odometer fusion meant more accurate calibration results. The trajectory
comparison is shown in Figure 7. It shows that the trajectory of the IMU and odometer fusion using cal-
ibration parameters from the proposed method is closer to the reference compared with the filter-based
method. Figure 8 shows a comparison of the horizontal position error. The blue dot—dash line denotes
the horizontal position error of the IMU and odometer fusion using calibration results of the filter-based
method, and the red solid line represents the horizontal position error of the IMU and odometer fusion
using calibration results of the proposed method. The latter obtained a higher positioning accuracy,
which also illustrates the proposed method can achieve better calibration performance.
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Figure 9. The trajectory comparison of IMU/odometer fusion using parameters given by traditional
preintegration methods and the proposed method.

The positioning accuracy of the IMU and odometer fusion using parameters given by the preintegra-
tion models of Liu et al. (2019) and Chang et al. (2020) are also compared with the proposed method.
A comparison of the trajectory is given in Figure 9 and the position error is shown in Figure 10. The
blue dotted line denotes the horizontal position error of the IMU and odometer fusion using parame-
ters from the IMU/odometer preintegration 1 mentioned by Liu et al. (2019) and the red dot—dash line
stands for the horizontal position error using parameters from the IMU/odometer preintegration 2 men-
tioned by Chang et al. (2020). In Figure 10, the green solid line signifies the horizontal position error
using parameters from the proposed method. In preintegration 1, the scale factor of the odometer is
not involved in the optimisation process. The scale factor is the main source that affects the positioning
accuracy of the odometer. If the scale factor is not estimated and compensated, the distance calculated
by the odometer is inaccurate. In preintegration 2, misalignments in the attitude and position between
the IMU and odometer are calculated by a Kalman filter and directly substituted into the preintegra-
tion. The calibration accuracy from the filter is lower than that from the graph-optimisation method.
Therefore, we can see that the proposed method achieves better positioning performance.

5.2. Field test results

Field tests are designed to implement further evaluation of the proposed method. The test system
consists of a GPS/micro-electromechanical systems (MEMS) IMU and an odometer, which are carried
on a Baidu autonomous driving development kit (Figure 11). The lever arms between the IMU and
GPS have been compensated in advance. The specifications of the sensors are shown in Tables 4 and 5.
In the tests, the base station service Qianxun Spatial Intelligence is used to provide a continuous RTK
solution with centimetre accuracy. The GPS positioning information is collected at a rate of 1 Hz while
the IMU and odometer raw measurements are logged at a sampling rate of 50 Hz. The trajectory is
shown in Figure 12. In the field experimental tests, the manoeuvres of the vehicle also include turning,
accelerating and decelerating, which guarantees the required parameters are observable.

Figures 13—15 describe the comparisons of the estimation results of parameters, where the blue
dot—dash line denotes the estimation results of the filter-based calibration method and the red solid
line represents the estimation results of the proposed method. It could be noticed that there are larger
fluctuations from 220 s to 240 s in the filter-based calibration method. This is due to the outliers of the
GPS measurements. The Kalman filter estimates the states based on the measurements at the current
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Figure 10. The horizontal position error comparison of IMU/odometer fusion using parameters given
by traditional preintegration methods and the proposed method.

Figure 11. Baidu autonomous driving development kit.

Table 4. IMU sensor specifications.

Parameter Gyro Accelerometer
In-run bias stability 18 deg/h 40 ug
Non-orthogonality 0-05 deg 0-05 deg

Table 5. GPS sensor specifications.

Horizontal positioning accuracy

DGPS 0-4m
RTK 1cm+ 1 ppm
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Figure 12. The trajectory of the experimental tests.
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Figure 13. Comparison of scale factor of odometer.

instant and states at the last instant, which is sensitive to unexpected outliers. The proposed graph-
optimisation-based calibration method takes advantage of the previous information, thus the robustness
of the system is increased.

Due to the lack of reference of parameters in the experimental tests, the positioning performance of
the IMU and odometer fusion is analysed. The estimation results from different methods are applied
into the integrated system. Smaller accumulative errors of the IMU and odometer fusion will result
in more accurate calibration results. The RTK solution serves as a reference trajectory to evaluate the
position error. It can be seen from the above estimation results that the sensor parameters converge to
stable ones at the end and there are little variations. Thus, the mean values of the estimation results after
convergence are calculated and applied into the IMU and odometer fusion.

The comparison of the horizontal position error is given in Figure 16. The blue dot—dash line denotes
the horizontal position error of the IMU and odometer fusion using calibration results of the filter-based
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Figure 17. The horizontal position error comparison of IMU/odometer fusion using parameters given
by the filter-based method and proposed method.

method, and the red solid line represents the horizontal position error of the IMU and odometer fusion
using calibration results of the proposed method. This indicates that the proposed method can achieve
a better calibration performance.

The positioning accuracy of the IMU and odometer fusion using parameters given by preintegration 1
and preintegration 2 are also compared with the proposed method, which is shown in Figure 17. The
blue dotted line denotes the horizontal position error of the IMU and odometer fusion using parameters
from IMU/odometer preintegration 1, the red dot—dash line stands for the horizontal position error
using parameters from IMU/odometer preintegration 2 and the green solid line signifies the horizontal
position error using parameters from the proposed method. The scale factor of the odometer is not
considered in preintegration 1, which results in a large positioning error. In addition, the misalignments
in attitude given by the Kalman filter are directly substituted into the model in preintegration 2, thereby
the positioning performance is also affected. We can see that the performance of the proposed method
is superior to the existing preintegrations.

6. Conclusion

A graph-optimisation-based self-calibration method for the IMU and odometer system using preinte-
gration theory is proposed in this paper. The complete IMU/odometer preintegration model is derived,
which considers the influence of the scale factor of the odometer, and misalignments in attitude and
position between the IMU and odometer. With the aid of GPS measurements, the system parameters
are estimated using a graph-optimisation algorithm. The KITTI dataset and field experimental tests are
carried out to evaluate the proposed method. The results illustrate that the estimation accuracy for cali-
bration is improved compared with the filter-based method. The performance of the IMU and odometer
fusion is also evaluated by taking parameters obtained from different IMU/odometer preintegration
models. This indicates that the proposed model can fully calibrate sensor parameters, thereby improves
the positioning accuracy of the IMU and odometer integrated system.
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