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An integrated GPS/INS does not guarantee localization robustness in outdoor environments, because GPS is
vulnerable to external disturbances. However, a digital elevation model (DEM) contains 3D data on the terrain
over a specified area and hence can provide in-depth localization information during GPS blockage. This paper
proposes federated-filter-based localization using three-dimensional (3D) range registration with a DEM. A no-
reset-feedback method is used and a 3D LIDAR sensor, magnetic compass, and odometer are used to correct
INS errors in GPS blockage. For 3D range registration with DEM, this paper presents a framework based on the
weighted registration scheme of two transformations, pairwise registration and registration with DEM, with
the INS position and attitude information. The transformation is first determined by comparing the results of
two registration methods with the INS position and is then modified to replace the orientation result of 3D
registration with the INS attitude. A multilayered DEM approach using the height of the integrated system is
also used to constrain the search range of DEM into three layers near the current unmanned ground vehicle
(UGV) position when the corresponding point is searched for in the DEM. Experimental results show that
the proposed localization algorithm can greatly enhance the robustness and accuracy of UGV localization in
outdoor environments. C© 2012 Wiley Periodicals, Inc.

1. INTRODUCTION

Localization is one of the most widely researched topics in
the autonomous navigation of UGVs (unmanned ground
vehicles). An INS (inertial navigation system) and a GPS
are commonly utilized for localization in an outdoor envi-
ronment. The INS provides high-rate position, velocity, and
attitude data and has good short-term stability, whereas
the GPS provides position and velocity data and has good
long-term stability. Thus, the fusion of GPS and INS can
increase the localization robustness of the navigation sys-
tem. If the GPS is subject to multipath errors, signal outage,
and jamming, however, the performance of the INS/GPS
integrated system may degrade, and the localization er-
ror may increase drastically. Thus, complementary tech-
niques that support localization in a GPS-challenged envi-
ronment have been studied, such as those based on the use
of odometers (Cui & Xu, 2007, May), embedded magnets
(Yang & Farrell, 2003), LIDAR (light detection and ranging)
(Yoichi, Alexander, Eijiro, Atsushi, & Takashi, 2009), vision
(Kim, Lyou, & Kwak, 2010), vehicle model constraints (Dis-
sanayake, Sukkarieh, Nebot, & Durrant-Whyte, 2001), and

SLAM (Madhavan & Durrant-Whyte, 2005; Taylor, Veth,
Raquet, & Miller, 2011). In a GPS-denied environment, a
three-dimensional (3D) model of a terrain’s surface as DEM
and DSM (digital surface model) is a very useful map for
localization because it contains 3D data on the terrain over
a specified area and hence can provide in-depth localiza-
tion information during GPS blockage. Thus, this paper
proposes a federated-filter-based localization algorithm us-
ing 3D range registration with DEM to overcome the short-
comings of GPS/INS integrated systems. In the four differ-
ent modes of federated-filter techniques (Carlson, 1990), we
use the NR (no-reset) mode because an architecture with an
NR federation filter offers a number of advantages over one
with a centralized Kalman filter: improved failure detection
and correction, improved redundancy management, and
reduced system integration cost.

Extensive research has been carried out on techniques
for the registration of 3D range data for UGV localiza-
tion. Pairwise registration of 3D LADAR (laser radar) data,
which is based on the ICP (iterative closest point) algo-
rithm (Ying, Peng, Du, & Qiao, 2009), has been proposed for
achieving sufficiently reliable registration of LADAR range
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images (Madhavan & Messina, 2003; Mian, Bennamoun, &
Owens, 2006). A hybrid iterative method for registering 3D
LADAR range images obtained from unmanned aerial and
ground vehicles has also been presented (Downs, Madha-
van, & Hong, 2003; Madhavan, Hong, & Messina, 2005).
This method is a combination of a feature-based algorithm
and a point-cloud-based ICP algorithm. In the registration
of 3D range data with an elevation map, a new feature that
represents the part of an object commonly observed from
both the air and the ground is extracted from 3D range
data and used to improve localization performance (Kwon
& Song, 2011; Kwon, Song, & Joo, 2010). A two-step reg-
istration method has been reported to register the range
data with DSM (Park, Choi, Moon, Kim, & Park, 2009). In
this scheme, DSM is utilized to refine the result of a pair-
wise registration method. However, the localization perfor-
mance may be degraded considerably when the registra-
tion error between the range data and DSM increases.

In the 3D range registration with a DEM, this paper
uses the high-quality DEM for which one pixel represents a
0.5 × 0.5 m2 square area, because we are interested in using
the localization algorithm to estimate the UGV position ac-
curately even though GPS is unavailable. If the 3D terrain
model has information different from the range frame’s in
some area, however, the registration error increases, and
consequently, the localization accuracy decreases. In this
area, the application of pairwise registration results instead
of the registration result with DEM can increase the local-
ization accuracy. This paper presents a hybrid registration
scheme based on the weighted registration of two transfor-
mations with the INS position and attitude (roll, pitch, yaw)
information. In this scheme, the transformation is first de-
termined by comparing the result of two registration meth-
ods with the INS position and is then modified to replace
the orientation result of 3D registration with the INS atti-
tude. When 3D LIDAR acquires the range data, the range
frame is first initialized with INS attitude. Then the pair-
wise registration of consecutive range frames is performed
and one of the transformations is derived to estimate the
UGV position. After that, the range frame is first modified
with the transformation of the pairwise registration result
and is then registered with DEM to derive another trans-
formation. After the result of each registration method is
compared with the output of the integrated system, the
transformation of the range frame is initially determined
with some conditions. This algorithm uses the INS attitude
to initialize the registration of range frames. After the 3D
registration process, however, the orientation of the range
frame is changed from that derived from the INS attitude.
Thus, we modify the transformation in each frame to re-
place the orientation result of 3D registration with the INS
attitude. The modified transformation is calculated in each
frame and 3D points are used as a registered range frame.
When the correspondence of the 3D point in the source
frame is searched for in the DEM, the registration process

can be speeded up if the search range of the DEM is re-
stricted to some range instead of the full DEM, because the
3D range data are obtained near the position of the UGV.
Thus, this paper uses a multilayered DEM approach using
the height information of the integrated system. The multi-
layered DEM is created by dividing the original DEM into
multiple layers with unit height from the lowest height of
the DEM, and we select three layers to find the correspon-
dence of the 3D point in the source frame using the height
from the integrated system. The normal constraints at a 3D
point (Rusinkiewicz & Levoy, 2001, 28 May–1 June; Xin &
Pu, 2010, December) are also utilized to enhance the accu-
racy of 3D registration between the source and the desti-
nation surface, and GPS position is used to constraint the
error accumulation problem of 3D range registration in the
GPS-available environments. This registration scheme is
defined as 3D-registration-based localization in this paper.
The experimental results show that the proposed registra-
tion scheme can increase the accuracy of UGV localization
in the registration of 3D range data and the DEM.

The position and attitude of the integrated system are
used to get the transformation in the 3D-registration-based
localization scheme. Thus, it is very important to increase
the accuracy of the integrated system, especially in a GPS-
denied environment. For this purpose, an odometer, which
is a self-contained hardly disturbed velocity sensor that
provides uninterrupted velocity information, and a mag-
netic compass, which indicates the direction of the mag-
netic north of the earth’s magnetosphere, are used because
these sensors can constraint the increase of INS errors in
a short time. Because the proposed integrated localization
system is based on the federated filter, it comprises four LFs
(local filters), which are GPS-aided INS, 3D-registration-
aided INS, magnetic-compass-aided INS, and odometer-
aided INS, and one MF (master filter). In the MF, the error
states of the LFs are considered to be quasi-observables that
can be used to update the global state vector in a fusion pro-
cess The system also includes an FDI (fault detection and
isolation) algorithm (Tariq, Mamoun, & Mohammad, 2010)
for system safety and a upper diagonal (UD) factorization
algorithm (Nakamori, 2008) for numerical stability. The ex-
perimental results show that the robustness and accuracy
of localization in outdoor environments are improved.

The remainder of the paper is organized as follows.
Section 2 presents a system overview. Section 3 describes
the 3D-registration-based localization modeling. Section 4
represents the sensor fusion based on the federated filter.
Section 5 represents the experimental results, and Section 6
includes concluding remarks and future research plans.

2. SYSTEM OVERVIEW

Figure 1 shows a block diagram of the proposed localiza-
tion system, which is based on the federated filter tech-
nique. Federated filtering is usually regarded as a two-stage
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Figure 1. Configuration of federated-filter-based integrated localization system.

data processing technique. In a structure with multiple LFs
and an MF, the LFs function in parallel but independently
of one another, and their solutions are periodically fused
by the MF to yield a global solution. An IMU (Honey-
well HG1700AG56 inertial measurement unit) is the refer-
ence sensor, and a 3D LIDAR (Velodyne HDL-64E S2) sen-
sor, a GPS (NovAtel ProPak-V3-L1L2), a magnetic compass
(Honeywell HMR3500), and an odometer (in-wheel motor)
are the aiding sensors used to bound the INS errors. This
system has four LFs and one MF. χ2 tests are performed
to evaluate the safety parameters of the system. Among
the four different modes available for federated filter tech-
niques, we choose the NR mode because it is highly fault-
tolerant: a fault in one local sensor/LF cannot contaminate
any other LF solution, and the good LF solutions can be
used after the faulty solution has been isolated. Because
these filters are based on the indirect-feedback method, the
global solution of the MF is the INS error states.

Figure 2 shows the UGV platform in this study. It is a
UGV with a 6 × 6 in-wheel motor system, which was devel-
oped by the ADD (Agency for Defense Development), Ko-
rea, for research on autonomous navigation in outdoor en-
vironments. To meet the navigation performance require-
ment and environmental requirements such as vibration,
impact, temperature, and humidity in outdoor environ-
ments, SBCs (1 GB DDR2 1.66-GHz Core Duo single-board
computer:) are used. Data communication between the au-
tonomous navigation components is based on distributed
object-oriented middleware, and time synchronization be-
tween SBCs is done using the system management module,
which receives the synchronizing signal from the TSU (time
sync unit) and broadcasts it into each SBC. In addition to
the sensors used in localization, a CCD/IR camera (FLIR
Tau 320 PointGrey Flea 2), a 2D LADAR (Hokuyo UTM-
30LX SICK LMS-151/LD-MRS), and an FMCW (frequency-
modulated continuous-wave) radar (Continental ARS 300)
are used for autonomous navigation.

Figure 2. UGV platform.

3. 3D-REGISTRATION-BASED LOCALIZATION
MODELING

3.1. Scheme of 3D-Registration-Based Localization

Some of the commonly used 3D surface registration tech-
niques are point-to-point (e.g., the ICP technique), point-
to-plane (Olsson, Kahl, & Oskarsson, 2006, June; Van der
sande, Soudarissanane, & Khoshelham, 2010), and point-to-
projection (Kim, Woo, 2005, June) registration. These tech-
niques estimate the transformation matrix that minimizes
the registration error such that

ε =
∑

i

‖Qi − TPi‖, (1)

where ε is the registration error, and Q and P are points set
on the destination and source surfaces, respectively; T is
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Algorithm 1. 3D-registration-based localization algorithm.

the transformation matrix. By using T , the current position
of UGV can be estimated as

Ln = Tn,0L0 =
(

k=n∏
k=1

Tk,k−1

)
L0, (2)

where Tk,k−1 is the transformation between the (k − 1)th
and kth images, and L0 is the initial position of the UGV.

Algorithm 1 shows the proposed 3D-registration-
based localization scheme. The following steps are in-
volved in the scheme: initial position in global coordinates,
3D range data acquisition, range data filtering and format-
ting, pairwise registration of consecutive range images, reg-
istration of 3D LIDAR data and the DEM, error comparison
to compare the result of each registration method, modi-
fication of the transformation, and localization. In this pa-
per, we utilize the high-quality DEM whose one pixel rep-
resents a 0.5 × 0.5 m2 square area because we are interested
in using the localization algorithm to estimate the UGV po-
sition accurately even though GPS is unavailable.

3.2. Range Data Processing

The Velodyne HDL-64E S2 LIDAR scanner is used for 3D
range data acquisition. This sensor provides the laser line
number (ρ) and the horizontal angle (θ ) for each 3D point
L = (X, Y, Z)T in local (sensor) coordinates, as shown in
Fig. 3. In this paper, we set a 10-Hz frame rate. Thus, the
3D LIDAR sensor acquires maximum 2,083 points per laser
line. Because the 3D range data are initially defined in
the local coordinates, these points are transformed into the
global coordinates by using the INS attitude and GPS posi-
tion as follows:

Ln = LG
n = [RINS|tGPS]LS

n, (3)

where RINS is the rotation matrix derived from the INS at-
titude, tGPS is the translation to the GPS position of the
first range frame, and LS

n and LG
n are the 3D point of the

nth range frame in the local and global coordinates, re-

Figure 3. 3D range data acquisition.

Figure 4. Range image of the 3D LIDAR sensor.

spectively. The sensor is positioned about 2.08 m above the
ground. The range image of the 3D LIDAR sensor is shown
in Fig. 4.

Figure 5 shows the process for range data filtering and
formatting. Because the vertical FOV (field of view) of the
3D LIDAR sensor is in the range +20 ∼ −24.80, numerous
3D points are concentrated in the vicinity of the UGV be-
cause of the short distance between the two laser lines. To
speed up the registration process, some redundant range
data, which include very few geometric features, are re-
moved, as shown in Fig. 5. Then these 3D point clouds are
converted into a formatted range frame for a pairwise reg-
istration process, as follows. Each revolution is quantized
into 1,800 angle numbers by setting the angular resolution
to 0.2 deg, and the angle number of each 3D point is set by
using the equation

If (0.2 × k) ≤ θi ≤ (0.2 × (k + 1))

Then φi = k,

where k = 0, 1, . . . , 1,799 and i = 1, . . . , 2,083; θi and φi are
the horizontal angle and angle number of the ith 3D point,
respectively. Thus, the raw 3D points (= L(θ, ρ))in every
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Figure 5. 3D range data filtering and formatting.

laser line are converted into range image data (= L(φ, ρ))
with a size of 64 × 1,800, where 64 is the number of laser
lines and 1,800 is the angle number.

3.3. 3D-Registration-Based Localization Algorithm

The DEM is a very useful map for localization in GPS-
denied environments. However, this model may include in-
accurate information in some areas of an outdoor environ-
ment, and hence the registration of the 3D range data and
the DEM in these areas may cause an increase of the local-
ization error. Thus, we use a hybrid scheme to derive Tn,n−1
in the registration of 3D LIDAR data and the DEM. This is
based on the weighted registration scheme of two transfor-
mations: pairwise registration of consecutive range frames
and registration between the DEM and the range frame.

The ICP alignment may not work correctly if the ve-
hicle is moving, because the cloud of points is not rigid.
In this paper, however, the frame rate of the range image

is very fast relative to the velocity of the UGV, and con-
sequently, ICP alignment can work correctly. When UGV
moves at about 3 m/s and the frame rate of 3D LIDAR sen-
sor is 10 Hz, for example, UGV moves 0.3 m during 1Hz.
Because the sensing range of 3D LIDAR sensor is set to 20–
120 m and the sensor is positioned about 2.08 m above the
ground, the vertical angle (ϕ) 50 m from the sensor is calcu-
lated as follows:

ϕ = tan−1
(

h

d

)
= tan−1

(
2.08 m

50 m

)
= 2.38213◦,

where the vertical angle is shown in Fig. 6. Because the
interval between laser lines is 0.4254◦ in the 3D LIDAR
sensor, the distance to the next scan line from the sensor
is 60.8815m and the distance difference between two scan
lines is 10.8815 m. Thus, 0.3 m can be neglected because it
is very small relative to 10.8815 m and the difference in dis-
tance between scan lines increases as the distance from the
sensor increases.

Figure 6. Vertical angle of the laser line.
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Algorithm 2. Determination of localization error in pairwise
registration.

Algorithm 2 shows the flow chart for determining the
localization error in the pairwise registration of consecutive
range frames. This scheme is based on the fusion of two
registration methods: the speed of the point-to-projection
registration method and the accuracy of the point-to-plane
registration method. The procedure is as follows; after the
acquisition of the nth range frame by 3D LIDAR, the source
frame is first initialized with Tn−1,0. Then, the source point
Pi is projected onto Ln−1(φ, ρ) by searching for the line and
angle number (φ, ρ)n−1, where Ln−1(φ, ρ) is the frame for-
mat of the (n − 1)th 3D range data. Using the searched-for
(φ, ρ)n−1, the closest point Qi is obtained in the destination

frame. Subsequently, Pi is projected onto the tangent plane
at Qi , and the intersection point Q′

i is determined as the
matching point of the source point. With the matching pair
{P} and {Q′}, the transformation (TP ) is obtained by SVD
(singular value decomposition). Then the localization error
(α) in pairwise registration is calculated as

α =
∥∥∥LP

n − LI
n

∥∥∥, (4)

where LP
n is the UGV position estimated by the pairwise

registration method, and LI
n is the position estimated by the

integrated localization system when 3D LIDAR acquires
the range data.

After pairwise registration, the registration of the 3D
range data and the DEM is processed. When the correspon-
dence of the 3D point in the source frame is searched for
in the DEM, the registration process can be speeded up by
restricting the search range of the DEM to some range in-
stead of the full search of the DEM, because the 3D range
data are obtained near the current position of UGV. Figure 7
shows the multilayered DEM and the determination of the
search layers. We create the multilayered DEM as follows;
first, the original DEM is loaded and the unit height (Zu)
is determined. Then, the original DEM is divided into mul-
tiple layers with Zu from the lowest height of DEM (ZL),
each layer contains 3D data of the terrain over a selected
area, and a k-d tree is initially generated in each layer. With
the created multilayered DEM, we select three layers to find
the correspondence of the 3D point in the source frame as
follows:

If (ZL + (N − 1) × Zu) < Z < (ZL + N × Zu),

→ layer1 = N − 1, layer2 = N, layer3 = N + 1
, (5)

where Z is the estimated height of the UGV in the global
coordinate and N is the layer number. Because the UGV

Figure 7. Multilayered DEM and determination of the search layers.
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Algorithm 3. Determination of localization error during the
registration of 3D LIDAR data and the DEM.

moves on the ground, the height variance is not large over
a short time. However, the results of 3D-registration-based-
localization may cause a large height change because of
3D-registration error, and consequently, the selected layers
of DEM can be inaccurate, with the height information of
3D-registration-based localization. Because these registra-
tion errors are constrained by the FDI algorithm of the in-
tegrated system, however, the height information of the in-
tegrated system is used to restrict the layers of DEM in the
search of the corresponding point.

Algorithm 3 shows the flow chart for determining the
localization error in the registration of the 3D range data
and the DEM. The procedure is as follows: the range frame
is initially modified with the pairwise registration result
(TP ), and the matching point Qi of the source point Pi is
searched for by point-to-point registration in the selected
layers of multilayered DEM. With the matching pair {P }
and {Q}, the transformation (TD) is obtained. Then the lo-
calization error (β) in the registration of the 3D LIDAR data
and the DEM is calculated as follows.

β =
∥∥∥LD

n − LI
n

∥∥∥, (6)

where LD
n is the UGV position estimated by the registration

of the 3D LIDAR data and the DEM.
The transformation of the range frame is finally de-

rived as follows: the transformation is first determined by
comparing the results of two registration methods with the
INS position and is then modified to replace the orientation
result of 3D registration with the INS attitude. Because this
paper uses the high-quality DEM, the final transformation
mainly depends on the registration result with the DEM in
most areas. However, the registration error between the 3D
range data and the DEM increases considerably in a cer-
tain area because of the inaccurate 3D data of the DEM.
In this area, the use of the pairwise registration result in-
stead of the registration result with the DEM increases the
localization accuracy. Thus, we use two conditions to get
the transformation; one is whether the position difference
between LD

n and LI
n is within some range and the other is

the comparison of localization accuracy between LP
n and

LD
n . To compare the accuracy of two registration methods,

we use the output of the integrated system when the 3D LI-
DAR sensor acquires the range data, because it is very accu-
rate in a short time. In the error comparison step, thus, the
transformation of the range frame is initially determined as
follows:

If β ≤ εr , Tn,n−1 = TD

Else Tn,n−1 = σ · TP + τ · TD.

If α > β, σ = 0, τ = 1

Else σ = 1, τ = 0,

where εr is the threshold depending on the accuracy of
the integrated localization system and the DEM. In this
paper, εr is set to 1. The INS attitude is used to initialize
the registration of the range frames. After the 3D registra-
tion process, however, the orientation of the range frame
(red arrow) is changed from that derived from the INS
attitude (green arrow) as shown in Fig. 8(a). Thus, we
modify the transformation in each frame to replace the

Figure 8. Orientation: (a) after the 3D registration; (b) after the modification.
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orientation result of 3D registration with the INS attitude
as shown in Fig. 8(b). The modified transformation is de-
termined as follows:

T ′
n,0 = [R′

n,0|t ′n,0]Tn,0, (7)

R′
n,0 = R−1

n,0, (8)

t ′n,0 = (I − R−1
n,0)[Rn,0|tn,0]L1,C, (9)

where Tn,0(= [Rn,0|tn,0]) is the transformation after the 3D
registration of the range frames, T ′

n,0 is the modified trans-
formation, L1,C is the centroid of the first range frame in
the global coordinates, and [R′

n,0, t
′
n,0] is the rotation ma-

trix and translation vector that replace the orientation result
of 3D registration with the INS attitude, respectively. The
modified transformation is calculated in each frame and 3D
points L′

n are used as a registered range frame,

L′
n = [R′

n,0|t ′n,0]Ln (10)

In the 3D-registration-based localization, we use two
constraints: normal constraint and GPS position constraint.
In the search for the matching pair {P } and {Q} in 3D reg-
istration, the normal vectors of points are commonly used.
In this paper, the normal constraints at a 3D point are also
employed to increase the performance of the registration
between the source and destination surfaces. The normal
of a 3D point in the frame format of 3D range data shown
in Fig. 9 is calculated as follows:

P (ρ, φ) = PV (ρ, φ) ⊗ PH (ρ, φ)
(11)

P̂ (ρ, φ) = P (ρ, φ)
‖P (ρ, φ)‖ ,

where PH and PV are the horizontal and vertical difference
between two adjacent 3D points in the frame format, re-
spectively, ⊗ is the cross product, and P̂ is the normalized
vector. The following normal constraints are employed:

P̂ · n̂GND < ε1
(12)

P̂ (ρ, φ) · Q̂(ρ, φ) > ε2

Figure 9. Normal of a 3D point in the frame format of 3D
range data.

where P̂ and Q̂ are the normalized vectors from the source
and destination surface, respectively, n̂GND is the normal
vector of the ground, and ε1 and ε2 are the thresholds,
which are set to 0.7 and 0.8, respectively. In GPS-available
environments, GPS position can constraint the error ac-
cumulation problem of 3D-registration-based localization.
Thus, the following constraint is applied:

If
∥∥∥L3D

n − LI
n

∥∥∥ ≤ ξ, L3D
n = L3D

n

Else L3D
n = LI

n,

where L3D
n is the UGV position estimated by 3D-

registration-based localization and ξ is the threshold. In this
paper, ξ is set to 5.

4. SENSOR FUSION BASED ON FEDERATED FILTER

4.1. INS Error Modeling

There are two methods for deriving the INS error model:
(1) the phi-angle approach or true-frame approach and (2)
the psi-angle approach or computer approach (Kong, 2000).
In this study, the psi-angle error model has been imple-
mented as the system dynamics model because it is easier
to use for long-term error analysis and filter design for an
integrated navigation system. Thus, the INS error model in
NED (north–east–down) coordinates can be written as

δL̇n = −ωn
en × δLn + δV n (13)

δV̇ n = Cn
b δf b + f n × δψn −

(
2ωn

ie + ωn
en

)
× δV n + δgn

(14)

δψ̇n = −
(
ωn

in × δψn
)

− Cn
b δωb

ib, (15)

where δLn, δV n, and δψnare the position, velocity, and at-
titude error vectors, respectively, and f n is the acceleration
vector. δf b, δωb

ib, Cn
b , ωn

ie, ωn
en, and ωn

in are the accelerome-
ter bias error vector, gyroscope bias error vector, coordinate
transformation matrix from the body coordinate (b) to NED
coordinates (n), earth rate vector, craft rate vector, and the
sum of ωn

ie and ωn
en, respectively. Using Eqs. (13), (14), and

(14), we can represent the system equation as follows:[
ẋn

ẋs

]
=

[
F11 F12

06×9 06×6

] [
xn

xs

]
+

[
ωn

ωs

]
= FINxIN + ωIN,

(16)

where xn(= [δLn δV n δψn]T ) is the navigation error state
vector, xs (= [δf b δωb]T ) is the sensor error state vector, IN
denotes INS, ω is the process noise vector, and F11 and F12
are system matrices (Abdel-Hafez et al., 2008).

4.2. Local Filter Design

As shown in Figure 1, the integrated localization sys-
tem has four local filters: GPS-aided INS (local filter 1),
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Figure 10. Position error due to the output time difference between two systems.

3D-registration-aided INS (local filter 2), odometer-aided
INS (local filter 3), and magnetic-compass-aided INS (lo-
cal filter 4). To apply Kalman filtering in each local filter,
the following system and measurement equations should
be designed:

ẋi (t) = Fi (t)xi (t) + ωi (t) (17)

zi (t) = Hi (t)xi (t) + νi (t), (18)

where Hi (t) is the ith measurement matrix relating the state
vector xi (t) to the measurement vector zi (t), and νi (t) is the
ith measurement noise vector.

In local filter 1, the INS error states are considered the
filter states. Because GPS provides position and velocity in-
formation, z1 is the difference in position and velocity be-
tween GPS and INS in NED coordinates. Thus, the system
and measurement equations can be written as

ẋ1(t) = FIN(t)xIN(t) + ωIN(t) (19)

z1(t) =
[

L̂

V̂

]
INS

−
[

L̂

V̂

]
GPS

= [I6×6 I6×9]x1(t) + ν1(t),

(20)

where the superscript ∧ indicates the presence of the error.
In local filter 2, the INS error states are considered

the filter states. Because 3D-registration-based localization
gives position information, z2 is the difference in posi-
tion between 3D-registration-based localization and INS
in NED coordinates. Thus, the system and measurement
equations can be written as

ẋ2(t) = FIN(t)xIN(t) + ωIN(t) (21)

z2(t) = [L̂]INS − [L̂]3D = [I3×3 I3×12]x2(t) + ν2(t), (22)

In z2, however, the time difference in output between
the INS and 3D-registration-based localization should be

determined accurately. Figure 10 shows the time differ-
ence in output between the two systems. Unlike INS, 3D-
registration-based localization always estimates the time-
delayed position because the UGV position is estimated
at time k after the range registration process during �t

(= k − i), when 3D LIDAR acquires the range data at time i.
This means that the INS data synchronized with L3D,k are
LINS,i . When the UGV is in motion, thus, the distance dur-
ing the delay time (�t) can affect the localization accuracy
of local filter 2; this is because the position error between
the two systems may increase markedly with the UGV ve-
locity as well as the registration process time. To eliminate
the time difference in output between the two systems in
the filtering process, the residual of the Kalman filter at time
k is calculated as

z2(t = k) = [L̂]INS,t=i − [L̂]3D,t=k, (23)

where [L̂]INS,t=i is the INS position at t = i and [L̂]3D,t=k

is the output of 3D-registration-based localization at t = k.
Whereas the sampling rate of the INS is fixed at 100 Hz,
that of 3D-registration-based localization depends on the
process time for the registration of the 3D LIDAR data and
the DEM. Figure 11 shows the process time in UGV navi-
gation computer. The average and maximum process times
are 0.95 and 1.26 s, respectively. This implies that the time
difference in output between 3D-registration-based local-
ization and INS there is on average 0.95 s. This figure also
shows that the sampling rate of 3D-registration-based local-
ization is not fixed, because the 3D range data for register-
ing the source and destination frames vary in each frame.
Thus, the output of measurement system in Kalman filter is
set as follows:

If tk−1,KF < tj,3D ≤ tk,KF, [L̂]3D,KF ≈ [L̂]3D,j ,
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Figure 11. Processing time of 3D-registration-based localiza-
tion.

where KF means Kalman filter, [L̂]3D,j is the output of 3D-
registration-based localization at time j , and [L̂]3D,KF is the
measurement at the filtering time.

In local filter 3, the scale factor error of the odometer
and the INS error states are considered the filter states. Be-
cause the odometer gives velocity information, z3 is the dif-
ference in velocity between the odometer and the INS in
NED coordinates. However, the odometer gives only the x-
direction velocity in the body coordinate, υb

x (t). Therefore,
this velocity is transformed into NED coordinates using Cn

b ,
as follows:

V̂ n
od.

(t) = Ĉn
b V̂ b

od.
(t) = Ĉn

b

[
υ̂b

x (t) 0 0
]T

, (24)

where od. denotes the odometer. Therefore, the system and
measurement equations can be written as

ẋ3(t) =

⎡
⎢⎣

F11 F12 09×1

06×9 06×6 06×1

01×9 01×6 01×1

⎤
⎥⎦

[
xI (t)

δVSF

]
+ ω3(t) (25)

z3(t) = V̂ n
INS − Ĉn

b V̂ b
od.

=

⎡
⎢⎢⎣03×3 I3×3

⎡
⎢⎢⎣

0 V n
D −V n

E

−V n
D 0 V n

N

V n
E −V n

N 0

⎤
⎥⎥⎦ 03×6 −υ̂b

x

⎡
⎢⎣

C11

C21

C31

⎤
⎥⎦

⎤
⎥⎥⎦

x3(t) + ν3(t), (26)

where δVSF is the scale factor error of the odometer, and Cij

is the element of Cn
b .

In local filter 4, the bias error of the magnetic compass
and the INS error states are considered the filter states. Be-
cause the magnetic compass provides heading information,
z4 is the difference in heading between the magnetic com-
pass and the INS. Because the attitude errors of the INS er-

ror model are defined in terms of the rotation vector, δψINS
in Euler angle coordinates is transformed into the rotation
vector by using the relation between the Euler angle error
([δφ δθ δψ]T ) and the rotation vector error ([δα δβ δγ ]T ),
as shown in

⎡
⎢⎣

δϕ

δθ

δψ

⎤
⎥⎦ =

⎡
⎢⎢⎣

− cos ψ

cos θ
− sin ψ

cos θ
0

sin ψ − cos ψ 0

− tan θ cos ψ − tan θ sin ψ −1

⎤
⎥⎥⎦

⎡
⎢⎣

δα

δβ

δγ

⎤
⎥⎦ .

(27)
Therefore, the system and measurement equations can be
written

ẋ4(t) =

⎡
⎢⎣

F11 F12 09×1

06×9 06×6 06×1

01×9 01×6 01×1

⎤
⎥⎦

[
xI (t)

δψB

]
+ ω4(t) (28)

z4(t) = ψ̂INS − ψ̂Compass

= [01×6 − tan θ cos ψ − tan θ sin ψ − 101×7]x4(t) + ν4,

(29)

where δψB is the bias error of the magnetic compass.
In local filters, ωi and νi are assumed to be indepen-

dent, zero-mean white Gaussian sequences with covari-
ances Qi and Ri , respectively. The initial system state xi (t0)
is a Gaussian-distributed random variable with an initial
value xi,0 and covariance Pi,0 and is independent of the
noise. Thus, the implementation of the Kalman filter algo-
rithm can be described as follows:

Initialization:

Pi (t0) = Pi (0), x̂i (t0) = x̂i (0). (30)

Time update:

x̂i (t−k ) = �i (tk, tk−1)x̂i (t+k−1) (31)

Pi (t−k ) = �i (tk, tk−1)Pi (t+k−1)�T
i (tk, tk−1) + Q(tk−1). (32)

Measurement update:

Ki (tk) = Pi (t−k )HT
i (tk)[Hi (tk)Pi (t−k )HT

i (tk) + Ri (tk)]−1 (33)

x̂i (t+k ) = x̂i (t−k ) + Ki (tk)[zi (tk) − Hi (tk)x̂i (t−k )] (34)

Pi (t+k ) = [I − Ki (tk)Hi (tk)]Pi (t−k ), (35)

where �i (= exp(
∫ tk
tk−1

Fi (t)dt)) is the system transition ma-
trix, and K is the Kalman gain; the superscripts “+” and
“−” indicate the a posteriori estimate and a priori estimate,
respectively.

The filter algorithm provides statistical information
that can be used to monitor the convergence and consis-
tency of the filter estimation procedure. For the safety of
the integrated system, thus, the faults in the local filters are
detected by a χ2 in the FDI algorithm, which monitors the
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statistics of the residual, as

ζ (tk) =
k∑

i=k−N+1

υT
i S−1

i υi ∼ χ2
NP (36)

where ζ (tk) is the test statistic, which has a χ2 distri-
bution with N · p degrees of freedom; N and p denote
the window size and the dimensions of the residual, re-
spectively; υ(= z(tk) − H (tk)x̂(t−k )) is a residual; and S(=
H (tk)P (t−k )HT (tk) + R(tk))is the residual covariance. In this
study, N is set to 1 and the 95% confidence level is chosen.
Although the Kalman filter is known to give the optimal es-
timation performance, it is sensitive to the computer round-
off error, and its output may degrade with an increase in
the magnitude of the round-off error. To avoid this prob-
lem, UD factorization, a square-root filtering technique, is
implemented.

4.3. Master Filter Design

In the MF, the LF estimates x̂i (t+k ), Pi (t+k ) are considered to
be quasi-observables that can be used to update the global
state vector in a fusion process. The fusion equations are as
follows:

PM (t+k ) =
[

N∑
i=1

{
AT

i P −1
i (t+k )Ai

}]−1

(37)

x̂M (t+k ) = PM (t+k )

[
N∑

i=1

{
AT

i P −1
i (t+k )x̂i (t+k )

}]
, (38)

where M denotes the MF, and Ai is the matrix relating the
LF state (x̂i ) to the MF state (x̂M ), whose elements are 0 and
1.

To derive the system equation for the MF, all the error
states of the LFs are considered. Thus, the system equation
can be written as follows:

ẋM =

⎡
⎢⎢⎢⎢⎣

F11 F12 09×1 09×1

06×9 06×6 06×1 06×1

01×9 01×6 01×1 01×1

01×9 01×6 01×1 01×1

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎣

xI

δVSF

δψB

⎤
⎥⎦ + ωM. (39)

Therefore, the matrices relating the LF state to the MF
state are derived as follows:

A1 = [I15×15 015×1 015×1]15×17 (40)

A2 = [I15×15 015×1 015×1]15×17 (41)

A3 =
[
I15×15 015×1 015×1

01×15 11×1 01×1

]
16×17

(42)

A4 =
[
I15×15 015×1 015×1

01×15 01×1 11×1

]
16×17

, (43)

where I is the unit matrix.

5. EXPERIMENTS

A series of experiments were performed to evaluate the per-
formance of the proposed localization algorithm. Figure 12
shows the experimental environments. The resolution of
the DEM is 4,352 × 3,994 pixels, and each pixel represents a
0.5 × 0.5 m2 square area. The effect of a layered DEM is first
evaluated on path 1 (yellow line) because of the variance of
the height. Then the performance of 3D-registration-based
localization is studied on both path 2 (blue line) and path
3 (red line), whereas the integrated localization system is
studied on path 2. A DGPS (Navcom SF-2050M differential
GPS) is used as the reference system to analyze the experi-
mental results.

5.1. Experiment on the Effect of a Layered DEM

To evaluate the effect of a layered DEM in 3D-registration-
based localization, two registration methods are compared
on path 1: without a layered DEM and with a layered DEM. In
this experiment, a 3D LIDAR sensor, a magnetic compass,
and an odometer are used as the measurement systems and
the initial position in global coordinates is obtained by the
GPS.

First, the magnetic compass and the odometer are cal-
ibrated while the UGV moves along path 2. Figure 13(a)
shows the velocities of the odometer and the reference;
the RMS (root-mean-square) error and maximum velocity

Figure 12. Experimental environments.
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Figure 13. Calibration results: (a) odometer; (b) magnetic compass.

difference of the odometer are 0.13 and 1.3 m/s, respec-
tively. Figure 13(b) shows the heading of the magnetic com-
pass, reference, and GPS-aided INS. Because the heading of
the reference is unavailable when the UGV is in the steady
state, as shown in this figure, the heading of the magnetic
compass is compared with that of the DGPS-aided INS; the
RMS error and maximum heading difference of the mag-
netic compass are 5.21 and 11.29 deg, respectively. Thus,
the magnetic compass and the odometer are assumed to be
well calibrated.

Figure 14 shows the effect of a layered DEM in 3D-
registration-based localization. As shown in Figure 14(a),
this path is adequate for this experiment because the height
is not flat but has a variance. Figures 14(b) and 14(c) show
the trajectories and the off-track (horizontal) differences,
respectively. In the registration method without a layered
DEM, the RMS error and maximum off-track difference
are 96.060 and 205.978 m, respectively. In the registration
method with a layered DEM, however, the RMS error and
maximum off-track difference are 3.227 and 10.517 m, re-
spectively. The reason 3D-registration-based localization
using a layered DEM is more accurate is that the correspon-
dence of the 3D point is searched for within several lay-
ers of multilayered DEM instead of the whole DEM. Con-
sequently, this experiment shows that the performance of
3D-registration-based localization is much increased with a
layered DEM.

5.2. Experiment on 3D-Registration-Based
Localization

To evaluate the performance of the proposed registration
scheme, we first perform a simulation using the raw data
of the 3D LIDAR sensor on path 3. Two cases are com-

pared; one is the 3D-registration-based localization using
Tn,n−1 = TD (Case 1) and the other is the proposed scheme
(Case 2). Then we evaluate the localization performance ex-
perimentally in path 3 and path 2. In this experiment, a 3D
LIDAR sensor, a magnetic compass, and an odometer are
used as the measurement systems and the initial position
in global coordinates is obtained by the GPS.

The simulation results of the 3D-registration-based lo-
calization are shown in Fig. 15. Figure 15(a) shows that al-
though the trajectories of two cases are identical in most
sections, there exists a large divergence in some trajecto-
ries of Case 1. Figure 15(b) shows the off-track differences
in the two registration methods. In Case 1, the RMS error
and maximum off-track difference are 9.311 and 34.621 m,
respectively. In Case 2, however, the RMS error and max-
imum off-track difference are 3.658 and 13.539 m, respec-
tively. This is because Case 2 determines the transforma-
tion of the range frame by comparing the registration accu-
racy of two transformations in the error comparison step,
whereas Case 1 depends only on the registration result with
DEM. Thus, this simulation shows that the proposed 3D-
registration scheme contributes well to the registration of
the 3D LIDAR data and the DEM.

With the simulation result, the performance of 3D-
registration-based localization is first experimented with on
paths 3 to verify that the experimental result is similar to
the simulation result. Figure 16 shows the trajectory and
off-track difference on path 3. The RMS error and maximum
off-track differences are 4.081 and 10.408 m, respectively.
This figure shows a similar result with the simulation. Al-
though there may be a small change in the experimental
environment because of objects such as CAR, the perfor-
mance is not affected much, because the proposed algo-
rithm reduces the registration error using the multilayered
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Figure 14. Experimental result : (a) height variance; (b) trajectory; (c) off-track difference.

DEM and normal constraints. In Section 4.2, we report that
3D-registration-based localization always estimates a time-
delayed position because of the range registration process.
Because the off-track difference of Figure 16(b) is compared
with the reference, which is the real-time data, it includes
the position error caused by the time difference in output
between the 3D-registration-based localization and the ref-
erence.

After the path 3 experiment, the performance of the
proposed registration scheme is experimented with on path
2. Figure 17 compares the trajectories of two registration
methods. Although the trajectory of Case 1 has large diver-
gence, the divergence is much reduced in Case 2. This is be-
cause of the influence of the pairwise registration result on
the determination of the transformation. Consequently, the
results of these experiments show that the proposed regis-

tration scheme can increase the registration accuracy of the
3D LIDAR data and the DEM to a significant extent.

5.3. Experiment on the Integrated
Localization System

In Sections 5.1 and 5.2, we verified the performance of a
layered DEM and the 3D-registration-based localization. Fi-
nally, the performance of the integrated localization system
is evaluated with the variances of the LFs while the UGV
navigates across the trajectory of path 2.

First, we use the magnetic compass and odometer
as measurement sensors to identify the increase of local-
ization error when the measurement systems with posi-
tion data are unavailable in the integrated localization sys-
tem. Two local filters are operated: odometer-aided INS
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Figure 15. Simulation results: (a) trajectory; (b) off-track difference.

Figure 16. Experimental results: (a) trajectory; (b) off-track difference.

and magnetic-compass-aided INS. Figure 18 shows that
the localization error does not increase rapidly because the
velocity and heading errors of the INS are corrected by
the odometer and the magnetic compass, respectively. The
RMS error and maximum off-track differences are 16.338
and 25.577 m, respectively. This result shows that the ro-
bustness of the conventional GPS-aided INS system can be
increased by fusing the magnetic compass and odometer,
because these two measurement systems can constrain the
divergence of INS errors in GPS-denied environments.

In addition to the magnetic compass and odometer,
the measurement systems with position data are also used
in this experiment. Because this paper proposes an in-
tegrated localization system to overcome the shortcom-

ings of GPS/INS integrated systems in outdoor environ-
ments, DGPS instead of GPS is used as the measurement
system of the local filter 1 to explicitly show the perfor-
mance of the integrated localization system when GPS sig-
nal is blocked. Thus, four local filters are operated: DGPS-
aided INS, 3D-LIDAR-aided INS, odometer-aided INS, and
magnetic-compass-aided INS. The experimental procedure
is as follows: Initially, all measurement sensors are used.
After about 100 s, the DGPS signal is blocked to represent
the situation in which GPS is unavailable. Because the 3D-
LIDAR-based position information corrects the position er-
rors of the INS, however, the fusion of the INS, 3D LIDAR,
magnetic compass, and odometer can help in making the
localization more accurate than the previous experiment,
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Figure 17. Experimental results on path 2: (a) trajectory in Case 1; (b) trajectory in Case 2.

Figure 18. Experimental results: (a) trajectory; (b) off-track difference.

as shown in Fig. 19. Before the GPS signal is blocked, the
output of the integrated localization system is mainly af-
fected by DGPS because the master filter fuses the covari-
ance and state of local filters as Eqs. (37) and (38), and
consequently, the localization error is very small. After the
GPS signal is blocked, however, the localization error in-
creases but become bounded in some range because 3D-
registration-based localization constrains the position er-
rors of INS. In the 3D-registration-based localization, the
RMS error and maximum off-track differences are 4.802 and
11.941 m, respectively. In the integrated localization system,
the RMS error and maximum off-track differences are 3.553
and 8.935 m, respectively. Although the off-track difference
of 3D-registration-based localization includes the position

error caused by the time difference in output between the
3D-registration-based localization and the reference, the in-
tegrated localization system removes it by using the time-
synchronized data in the filtering process. Finally, the ex-
perimental results show that 3D-LIDAR-, odometer-, and
magnetic-compass-aided INS make the localization more
robust and accurate in GPS-denied environments.

6. CONCLUSION AND FUTURE PLANS

This paper has presented a federated-filter-based UGV lo-
calization using 3D range registration with a DEM in out-
door environments. The localization system employs an
IMU, a GPS, a 3D LIDAR, a magnetic compass, and an
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Figure 19. Experimental results: (a) trajectory; (b) off-track difference.

odometer using the RPM of an in-wheel motor. The high-
quality DEM, in which one pixel represents a 0.5 × 0.5 m2

area, is used because we are interested in a localization
algorithm to estimate the UGV position accurately even
though GPS is unavailable.

When the 3D terrain model has different information
from the range frame in some area, the registration error
increases, and consequently, the localization accuracy de-
creases. To cope with the increase of localization error due
to registration error between the range frame and the DEM,
this paper presented the following approaches: a hybrid
registration scheme based on the weighted registration of
two transformations, pairwise registration and registration
with DEM, with the INS position and attitude information,
a multilayered DEM approach using the height information
of the integrated system to constrain the search range of
the DEM into three layers near the UGV position when the
corresponding point is searched for in the DEM, and the
modification of the transformation to replace the orienta-
tion of the 3D registration result with the INS attitude be-
cause the range frame is initialized with the INS attitude.
The experimental results showed that the proposed regis-
tration scheme increased the accuracy of UGV localization
in the registration of 3D range data and the DEM. Because
the proposed integrated localization system corrects INS er-
rors with 3D range registration with DEM, magnetic com-
pass, and odometer even when GPS is unavailable, it can
overcome the shortcomings of the conventional GPS-aided
INS integrated system in outdoor environments and much
enhance the robustness and accuracy of UGV localization.

In this paper, we use the high-quality DEM for UGV lo-
calization in 3D range registration with DEM. If the coarse
DEM is used, however, the registration scheme will be
modified because the weighted registration scheme may

not work as a result of the registration error of the range
frame and DEM. In addition to the DEM, SLAM will
be a powerful method for UGV localization in environ-
ments where GPS is unavailable. Thus, we are studying
SLAM with the following approaches: perception-based
3D SLAM, dynamic scene management, and robustness
through redundancy.
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