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Abstract
Automated maintenance and motion planning for unpaved roads are research areas

of great interest in the field robotics. Constructing such systems necessitates the
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features on unpaved roads degrades the performance of light detection and ranging
(LiDAR)-based mapping. To address this problem, this paper proposes three-
dimensionalized feature-based LiDAR-visual odometry (TFB odometry) for the
online mapping of unpaved road surfaces. TFB odometry introduces a novel
interpolation concept to directly estimate the three-dimensional coordinates of the
image features using LiDAR. Furthermore, LiDAR intensity-weighted motion
estimation is proposed to effectively mitigate the effects of dust, which significantly
impact the performance of LiDAR. Finally, TFB odometry includes pose graph
optimization to efficiently fuse global navigation satellite system data and poses
estimated from motion estimation. Through field experiments on unpaved roads,
TFB odometry demonstrated successful online full mapping and outperformed other
simultaneous localization and mapping methods. Additionally, it demonstrated
remarkable performance in accurately mapping road surface anomalies, even in

dusty regions.

KEYWORDS

LiDAR, online mapping, road surface anomaly, road surface mapping, sensor fusion, SLAM,
unpaved road

1 | INTRODUCTION

to the safety of vehicles and their passengers, and exert a negative
impact on fuel efficiency. Hence, governments and companies spend

Unpaved roads are considered as those that lack surface treatment,
such as asphalt or cement (Saeed et al., 2020). These can be found in
different settings from rural areas and grasslands to mountains,
deserts, mines, underground tunnels, and even on other planets, like,
Mars. Unpaved roads are more vulnerable to damage than that of
paved roads because of their lack of surface treatment, making them

more prone to ruts, potholes, and erosion. These anomalies pose risks

significant resources on the periodic maintenance of unpaved roads
(Burningham & Stankevich, 2005; Saeed et al., 2020).

Mapping unpaved roads can constitute a highly effective
approach for optimizing maintenance schedules and minimizing
costs. Through the implementation of an online mapping system, a
dynamic three-dimensional (3D) map of unpaved roads can be

continuously generated, enabling quantitative assessment of road
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conditions and identification of anomalies. This information can aid
the precise determination of maintenance intervals. Moreover, the
real-time generation of a comprehensive 3D map empowers vehicles
to navigate around obstacles on the road with enhanced situational
awareness. Therefore, this paper presents a novel online mapping
system for unpaved roads, leveraging sensors mounted on a vehicle.

For accurate online mapping, online simultaneous localization and
mapping (SLAM) can be utilized because of its role in estimating an ego
motion and constructing a map. However, unlike general SLAM, which is
designed for structured and object-rich environments, SLAM for unpaved
roads faces specific challenges of mapping object-poor and unstructured
environments. Scan matching, a critical step for light detection and
ranging (LIDAR) SLAM, is typically employed to align consecutive LIDAR
scans. lterative closest point (ICP), generative ICP, and normal distribu-
tions transform are three representative methods for scan matching (Besl
& McKay, 1992; Biber & StraRer, 2003; Segal et al., 2009). However,
these methods have limitations in object-poor and less-structured
environments, when applied to object-poor and less-structured environ-
ments. This problem is mainly due to the minimal differences in structure
observed between consecutive LIDAR scans in such environments. To
address this issue, we propose the use of a camera for image-based
feature extraction, and descriptor-based matching to match each scene.
This approach is more suitable for these types of environments than
LIDAR scan matching, as image-based methods rely primarily on
extracting features from two-dimensional (2D) images by calculating
differences in brightness values around each pixel, rather than relying
heavily on 3D shape information. This method enables the extraction of
features from even poorly structured surfaces and enhances the accuracy
of the generated map.

In addition to the camera, the inclusion of LIiDAR in our approach was
motivated by three crucial factors. First, the utilization of LIDAR aids in
enhancing the accuracy and robustness of SLAM's motion estimation.
This is achieved by directly estimating the 3D position of image features
using the surrounding LIDAR data. Second, LIDAR point cloud data are
highly effective in representing the shape of the road surface through
direct 3D measurements. This advantage stands in contrast to the maps
generated by feature-based visual SLAM methods, where the maps
primarily consist of individual visual feature points. Third, LIDAR intensity,
which is the ratio of the strength of the reflected laser to that of the
emitted laser and is dependent on the material properties of the objects,
can be an effective tool to visualize anomalies, such as ruts and potholes,
which is difficult to detect using other methods.

Dust generated from unpaved roads is another major problem
that can significantly affect the performance of LiDAR. To address
this problem, we propose a novel motion estimation method called
“LiDAR intensity-weighted motion estimation.” This method reduces
the impact of dust on the motion estimation by incorporating LIiDAR
intensity values into the point-to-point matching cost on each scene.

Furthermore, we employed the real-time kinematic global
navigation satellite system (RTK-GNSS) to address drift from the
LiDAR-visual odometry. To smooth the gap between the GNSS
positioning data and the estimated pose, pose graph optimization
(PGO) is applied.

Lastly, to visualize the unevenness of the road surface on the
map, the plane parameters from the ground are extracted using
random sample consensus (RANSAC) plane segmentation (Fischler &
Bolles, 1981). Subsequently, the map is color-coded based on the
distance from the estimated ground plane. This approach provides a
clear and intuitive visualization of surface variations, aiding in the
analysis of road conditions.

This paper is structured as follows. In Section 2, we introduce related
work on inspection systems for road surface and SLAM. In Section 3, we
provide a system overview of the proposed method. In Section 4, we
evaluate the proposed method through field experiments. In Section 5,
we present the conclusions, including future work.

2 | RELATED WORK

2.1 | Road surface inspection system
Conventionally, road surface conditions have been evaluated by
relying on visual inspection of experts (Saeed et al., 2020). Semi-
automatic monitoring approaches have also been used, such as
utilizing unmanned aerial vehicles (UAVs) or vehicles equipped with
Global Positioning System (GPS) and additional sensors. ElI-Wakeel
et al. (2017) proposed a monitoring system that focuses on classifying
road surface anomalies, including manholes, potholes, and transverse
cracks, along with determining their positions, based on the
acceleration changes by a vehicle equipped with a GPS and three-
axis accelerometer. Zhang (2008) proposed a system that calculates
the 3D geometry and classifies the distress of an unpaved road
surface by postprocessed road surface images captured from a UAV
equipped with GPS and an inertial measurement unit (IMU).
However, these methods primarily focus on classifying surface
anomalies without providing quantitative measurements. This limitation
makes it difficult to evaluate the severity of the anomalies, even when
their type and location are identified. To overcome this challenge, the
construction of a road surface map using sensing data becomes
imperative. This approach allows for a quantitative evaluation of the
road surface condition by calculating the area or height of the anomalies
represented on the map. Azevedo et al. (2013) proposed a road surface
mapping system using a stereo camera mounted on a vehicle. In this
method, the road surface position relative to the camera is calculated
using stereo vision, and a road surface map is acquired using image
reprojections and an online-trained road segmentation model. However,
because the map derived from this method is constructed as a 2D grid
map, the 3D information of the unevenness of the road surface could be

lost in this 2D map.
2.2 | 3D mapping
The combination of RTK-GNSS, IMU, and 3D LiDAR is one of the

commonly used methods for 3D mapping (Aldibaja et al., 2022;
Fernandez et al., 2010). However, IMU measurements are prone to
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sensor noise and bias, which can result in inaccuracies and drift in the
orientation of the mapping agent (Ahmad et al., 2013). This, in turn,
can negatively impact the quality of the 3D map (Fernandez
et al,, 2010). To deal with these limitations, SLAM, Visual odometry,
and LiDAR odometry techniques could be employed to construct
3D map.

Zhang and Singh (2014) proposed low-drift and real-time LiDAR
odometry and mapping (LOAM). LOAM leverages edge and planar
features extracted from LiDAR scans, based on the calculated
smoothness value derived from adjacent points on the same scan
line. By using features extracted in a sparse manner, LOAM
simultaneously improves the computational efficiency and accuracy
compared to the ICP-based method (Besl & McKay, 1992;
Rusinkiewicz & Levoy, 2001). Shan et al. (2020) proposed tightly
coupled LiDAR-inertial odometry via smoothing and mapping (LIO-
SAM). LIO-SAM achieved high accuracy and frequency of pose
estimation compared to the LOAM by effectively fusing high-
frequency IMU measurements with LOAM-based mapping using
IMU preintegration (Forster et al., 2016) and pose graph (Kaess
et al,, 2012). Another approach for high-frequency LiDAR-inertial
odometry is features from accelerated segment test (FAST)-LIO2 (Xu
et al., 2022; Xu & Zhang, 2021), which also fuses IMU measurements
with LiDAR odometry but employs a tightly coupled iterated Kalman
filter (Qin et al., 2020). However, these methods are heavily reliant on
3D structures obtained from their LIDAR scans, making them
unsuitable for structure-less environments where we are the primary
focus of this work. Additionally, these methods can be negatively
affected by factors that impact the quality of LIDAR measurements,
such as dust and snow particles in the air. To deal with this problem,
several filter algorithms were proposed to directly remove airborne
particles from point cloud by using point-to-point distance and LiDAR
intensity (Afzalaghaeinaeini et al., 2022; Park et al., 2020). However,
these algorithms involve iterative outlier searching processes using
3D K-D tree (Bentley, 1975), which are time-consuming. As a result,
incorporating these methods into online mapping is not suitable due
to their computational requirements.

Mur-Artal et al. (2015) proposed ORB SLAM, a monocular visual
SLAM method that mainly used oriented features from accelerated
segment test and rotated binary robust independent elementary
features (ORB) (Rublee et al., 2011). ORB SLAM emphasizes high
accuracy, high robustness, and time efficiency while also incorporat-
ing a loop closure technique for drift correction (Mur-Artal
et al, 2015). ORB SLAM2 (Mur-Artal & Tardos, 2017) and ORB
SLAMS3 (Campos et al., 2021) expanded the capabilities of ORB SLAM
to support not only a monocular camera but also stereo, RGB-D
cameras, and monocular-inertial systems. However, the map
obtained from ORB SLAM consists of sparse ORB features, rendering
it unsuitable for mapping anomalies, which are the main focus of this
work. Engelhard et al. (2011) proposed 3D SLAM using an RGB-D
camera, capable of constructing dense 3D map with high accuracy in
online. However, the RGB-D camera is not suitable for outdoor
environments due to its susceptibility to sunlight interference and

limited depth measurement range.

To deal with the limitations of RGB-D SLAM, various LiDAR-
visual odometry methods were proposed because LiDAR offers
superior performance compared to RGB-D cameras in terms of
measurement range and robustness to external lighting conditions.
One closely related concept to the proposed method in this work is
real-time depth-enhanced monocular odometry (DEMO), which
extracts features from the monocular camera image and estimates
their depth using LIDAR (Zhang et al., 2014). The main difference
between DEMO and the proposed method lies in their management
of features. DEMO simultaneously handles both 2D and 3D features,
whereas the proposed method simplifies the optimization process by
managing only 3D features interpolated from LiDAR points. Further-
more, DEMO does not account for LIDAR degeneration caused by
airborne particles, which is a core contribution of this work.

There are also impressive works on LiDAR-visual odometry fused
with IMU (Shan et al., 2021; Zheng et al., 2022). These methods
achieved high accuracy compared to pure visual odometry or LiDAR
odometry approaches and effectively handled environments with
partially containing LIDAR odometry degeneration. However, these
methods were not tested extensively in environments dominated by

LiDAR odometry degeneration.

3 | PROPOSED METHOD

In this section, we propose a novel SLAM system called three-
dimensionalized feature-based LiDAR-visual SLAM (TFB odometry)
for the online mapping of unpaved road surfaces. The system diagram
is depicted in Figure 1. TFB odometry consists of four threads: the
sensor preprocessing thread, the motion estimation thread, the PGO
thread, and the visualization thread. Each thread is executed using
multithreading to enhance the computational efficiency and ensure
online mapping.

In the sensor preprocessing thread, the point cloud data from
LiDAR, grayscale images from the camera, and positioning data of the
GNSS are preprocessed. Following preprocessing, the image features
are extracted using the ORB algorithm (Rublee et al., 2011) and
three-dimensionalized using a novel interpolation concept.

In the motion estimation thread, motion estimation is performed
using point-to-point matching of the features extracted from images.
To mitigate the effect of airborne particles, the matching cost is
weighted using LiDAR intensity. In the PGO thread, PGO is
performed using the poses estimated from the motion estimation
and positions obtained from the GNSS to correct drift and refine the
motion.

In the visualization thread, TFB odometry generates three maps:
the odometry map, which is constructed based on the estimated
poses from the motion estimation thread; the global map, which is
constructed based on the globally optimized poses from the PGO
thread and color-coded with the LiDAR intensity; and the ground
map, which is color-coded with the distances between each map
point and estimated ground on the global map. Although the
odometry map is based on nonglobally optimized poses obtained
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FIGURE 1 System diagram of three-dimensionalized feature-based LiDAR-visual simultaneous localization and mapping (TFB odometry).
3D, three-dimensional; EKF, extended Kalman filter; GNSS, global navigation satellite system; LiDAR, light detection and ranging; ORB, oriented
features from accelerated segment test and rotated binary robust independent elementary features; PGO, pose graph optimization; RANSAC,
random sample consensus. [Color figure can be viewed at wileyonlinelibrary.com]

from frame-to-frame motion estimation only, it is constructed with
high frequency (20Hz in this work). Meanwhile, the global and
ground maps are constructed with low frequency (0.5 Hz in this work)
due to the large computational time of PGO, which allows the

globally optimized and refined poses.

3.1 | Feature extraction and matching

To associate the LiDAR point cloud and the corresponding camera
image, we project the LiDAR point cloud onto a 2D image plane using
the pinhole camera model (Brown, 1992). Subsequently, the 2D
LiDAR point cloud is cropped according to the image region for
region association.

In this paper, we adopted the ORB algorithm as a feature
extractor and descriptor. This algorithm enables real-time perform-
ance and robustness to changes in viewpoint and illumination. Note
that alternatives such as SuperPoint (DeTone et al., 2018) and scale
invariant feature transform (Lowe, 2004) face limitations in real-time
performance, while origin FAST (Rosten & Drummond, 2006) and
Harris corner (Harris & Stephens, 1988) have constraints in handling
significant changes in viewpoint and illumination.

Before the feature extraction, we applied a contrast-limited
adaptive histogram equalization (CLAHE) filter (Reza, 2004) to the
image to mitigate the impact of varying lighting conditions and
enhance the consistency of feature extraction. We also utilized the

feature extractor of ORB SLAM, which partitions the image into a
predetermined number of grids and extracts at least five features
from each grid by adjusting the detector threshold to ensure a
uniform distribution (Mur-Artal et al., 2015).

To obtain 3D coordinates of the ORB features, we propose a
novel interpolation concept. This concept infers the 3D coordinates
of an ORB feature [xs, ¥s, Z;] using the three closest LiDAR points
[x1, y1, 21], [X2, Y2, 2], and [xs, y3, 23] to the ORB feature, as shown in
Figure 2. In the proposed method, the point cloud obtained from
LiDAR is first projected onto the image plane using the pinhole
camera model, and the ORB features are associated with the
projected point cloud in the same frame. Subsequently, the projected
point cloud is stored in a 2D K-D tree (Bentley, 1975), and the three
closest projected points [u, v4], [up, vol, and [us, v3] to the image
feature [us, v;] are determined. Before interpolation, the image feature
conditioned on the distance between the feature and the third
nearest projected point falling below a predetermined threshold was
only employed. After that, we assumed a triangle formed by
[ug, w1, [ug, v2], and [us, v3]. We also placed weights [my, my, m3] at
each vertice, where the sum of the weights is 1. Assuming that the
centroid of the mass of the triangle is located at the feature point, the

weights [mq, m,, m3] are formulated as follows:

my]  [ur up us]us
my|=|vi Vo v3| |V (1)
my| |1 1 1] |1
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FIGURE 2 |lllustration of the proposed interpolation to estimate the 3D coordinates of image features. The blue dots denote LiDAR points,
whereas the green dots denote the ORB features extracted from the image. 2D, two-dimensional; 3D, three-dimensional; LiDAR, light
detection and ranging; ORB, oriented features from accelerated segment test and rotated binary robust independent elementary features.

[Color figure can be viewed at wileyonlinelibrary.com]

Assuming that the centroid of mass of [xi, y1, z, [%, ¥2, 22], and

[X3, y3, 23] is also located at [Xs, Vs, Zs], [Xs, Vs, Zs] is interpolated as follows:

Xs X1 X2 X3 ||mM
Ys| =YL Y2 VY3||m2].
Zs 4 2 Zz|[m3

When the matrix in (1) is not invertible or when the determinant

(2)

value of the matrix is close to O, we formulated an interpolation as

follows:

Xs X1 X2 X3|{1/3
Ys|=|¥1 Y2 Y3|[1/3]. (3)
Zs 4 2 73 1|1/3

Figure 3 shows an example of the original ORB features from an
image of an unpaved road and the corresponding 3D points interpolated
using the proposed concept. Note that our three-dimensionalized features
ensure consistency and robustness through the tight coupling of LIDAR
and image information, both of which are indispensable.

3.2 | LiDAR intensity-weighted motion estimation

The proposed method performs image feature matching between
consecutive frames using the interpolated features and their

descriptors. By leveraging this feature-matching information, the
motion of the mapping agent is estimated. Let x(, i be the 3D
coordinates of the kth matching point in the frame n, and t and R are
the 3 x 1 translation vector and 3 x 3 rotation matrix between frame
n and n + 1, respectively. The motion estimation based on the point-
to-point matching is formulated as follows:

(R, t)* = argmin| 3 |[Xmi = RXnr1i + O |- ()
(R k

However, the LiDAR performance can be significantly affected
by the dust from unpaved roads, leading to a degradation of LiDAR
accuracy and LiDAR-based motion estimation (Goodin et al., 2013;
Ren et al., 2021). Likewise, also in our experiments, dust affected the
LiDAR performance, as shown in Figure 4. In the proposed method,
leveraging the insight that the LiDAR intensity of the dust is lower
than that of the other points (Afzalaghaeinaeini et al.,, 2022), the
LiDAR intensity-weighted motion estimation is proposed for an
accurate estimation of motion even in the presence of dust.

Before conducting the motion estimation, a straightforward
mismatch removal is applied to extract reliable matching points. First,
a similarity score between the two descriptions of the matching
features is computed using the hamming distance. Then, only
keypoints with a higher similarity score than the threshold, Sy,n, are
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FIGURE 3 Two examples of interpolated three-dimensional feature points for each image. (a) and (b) are grayscale images of unpaved roads.
(c) and (d) are LiDAR data of each scene. Green points of (a) and (b) are ORB features. Green points of (c) and (d) are interpolated points by the
proposed method. (a) A grayscale image of the unpaved road in scene 1, (b) a grayscale image of the unpaved road in scene 2, (c) interpolated
feature points in scene 1, and (d) interpolated feature points in scene 2. LIDAR, light detection and ranging; ORB, oriented features from
accelerated segment test and rotated binary robust independent elementary features. [Color figure can be viewed at wileyonlinelibrary.com]

extracted. Second, only keypoints for which the Euclidean distance of
the matching 3D features are less than a threshold, Dinreshold,» are
extracted. Dinreshold i determined as three times the displacement of
the previous interframe motion estimation, assuming that there is no
rapid acceleration or deceleration of the mapping agent.

The LiDAR intensity of the 3D image feature points is also
interpolated using the LiDAR intensity of the three nearest LiDAR
points and the weights [m4, m,, ms]. Leveraging the matching features
filtered with the mismatching removal method, and the correspond-
ing LiDAR intensities Ik and ln+14 of the kth matching, the cost
function f for the LiDAR intensity-weighted motion estimation and
corresponding optimization problem can be formulated as follows:

f(R, t) = 2 [Iminlln by, n+1,0) Xinky = RXrrai) + D], (5)
K
R, t)* = in(f(R, t)).
(R, 1) ar(gr’g)nn( (R, 1) 6)

By multiplying the original cost function by the LiDAR intensity,
the impact of the dust points with low LiDAR intensity is reduced,
while the general points with higher intensity have a larger influence
on the optimization process for motion estimation.

The nonlinear optimization problem (6) is solved with the

Levenberg-Marquardt algorithm (Marquardt, 1963) as follows:

T« T-(J7J+ Adiag(JTJ))"LUTF(T), (7)

where T = [RIt] is an SE(3) transformation matrix that consists of R

and t,J = % is the Jacobian matrix of f, and A is a damping factor.

3.3 | PGO of TFB odometry

To correct the drift errors in motion estimation and smooth the gap
between the GNSS positioning data and the estimated pose, we
employed a maximum a posteriori (MAP) estimation approach. MAP
estimation for TFB odometry could be formulated as follows:

(X0, ..., Xp)* = argmax | P (xo) [T (P (By-1)1xi-1, X)) T (P (&j1x;)) |,
j=0 i=0

(X0, +er Xn) i

(8)

where p(j-1j) denotes the transformation measurements from the
motion estimation between frame j-1 and j, g is the GNSS
positioning measurements in frame j and x; is the estimated pose
in frame j - 1. Assuming that a likelihood P (p(j-1,j)1X;-1, X;) and P (g;lx;)
follows the multivariate Gaussian distribution, the likelihoods and
residual are formulated as follows:
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FIGURE 4 Comparison of normal sensor data on an unpaved road and that disturbed by dust in the air. (a) Grayscale image (normal),
(b) grayscale image (dust), (c) projected LiDAR data (normal), (d) projected LiDAR data (dust), (e) 3D LiDAR point cloud (normal), and (f) 3D LiDAR
point cloud (dust). 2D, two-dimensional; 3D, three-dimensional; LiDAR, light detection and ranging. [Color figure can be viewed at

wileyonlinelibrary.com]

i} 1
P(Pj-1,j)1%j-1, X)) = Ay exp (‘Eep(Xj—L X)) Pj-1)ep(Xj-1, Xj)),

1 1 )
ep(Xj-1, X)) = f, ( P(j=1,) (X/T— 1Xj) )

P(@ix) = Ao exp (- hes (@, x)"Gieg &, X))

eg(g;, X)) = & - x;,

(10)

where P;-1j) and the G; denote 6 x 6 and 3 x 3 fisher information
matrix of each measurement, respectively, X; denotes the SE(3)
transformation matrix of x;, f, is a function that transforms the SE (3)
transformation matrix to the 6 x 1 vector including a translation and
Euler angles, and A; and A, are constants of each multivariate
Gaussian distribution.

To efficiently solve the MAP problem, a PGO is performed
using the pose graph, as shown in Figure 5. To process the GNSS
data, we first transformed the geographic coordinates (latitude,
longitude, and altitude) to a local Cartesian coordinate frame.
Subsequently, the GNSS data were noise-filtered by the EKF-
based method (Moore & Stouch, 2016). Owing to the high
computational cost of the PGO, only keyframes selected from
the entire motion estimation frames are inserted in the pose graph.

The motion estimation keyframe is selected under the following

conditions:

o After the previous keyframe was selected, the duration exceeds
0.255s (4 Hz).

e The displacement or rotation between the current frame and the
previous keyframe exceeds a specific displacement or rotation

from the previous keyframe.

By selectively inserting keyframes based on the specific conditions,
rather than using all the frames, the calculation efficiency of the
optimization is increased, while, during scenes with rapid changes,
the accuracy of calculation is increased by densely inserting
keyframes.

After inserting the keyframes into the pose graph, the MAP
problem of the pose graph is solved at intervals of 0.5 Hz by iSAM2
(Kaess et al., 2012), which achieves good computational efficiency in
large-scale environments using a Bayes tree. After that, using the
optimized keyframe poses and the corresponding point cloud data,
the global map is constructed and visualized. Since the resulting

global map is constructed only using optimized keyframes, the map
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FIGURE 5 Example of a pose graph constructed using the proposed method. X denotes a pose estimated using the frame-to-frame motion
estimation. K denotes a pose optimized by the PGO. G denotes GNSS positioning data. GNSS, global navigation satellite system; PGO, pose
graph optimization. [Color figure can be viewed at wileyonlinelibrary.com]

volume is decreased, and the accuracy is improved, compared to the

odometry map that uses all the frames.

3.4 | Ground plane estimation

In this study, we constructed a ground map color-coded with the
distance between an estimated ground plane and each point of the
global map.

To estimate the ground plane parameters, the point cloud is
filtered using a predefined region of interest to avoid approximating a
nonground plane as a ground plane by removing points other than
around the ground. Subsequently, the plane parameters are extracted
by applying RANSAC (Fischler & Bolles, 1981) plane segmentation
algorithm, which consists of the following three steps repeated for a

predetermined number of iterations, Ninreshold:

(1) Three points X1, Xy, and x3 are randomly extracted from the
keyframe point cloud P, and the plane parameter (n, d;) is

temporarily obtained using X1, Xp, and x3 as follows:

n, = (x3 - xq) % (x2 - xq)
£ 1 (xg - xp) x (x2 - xq) II” (11)
dt =Nt - Xg.

(2) The distance r between the estimated plane and each point p; is

calculated as follows:
r=1lng - pj + dt”! (12)

if the distance r is smaller than a predetermined inlier threshold,
Fniier, the point is inserted in the point cloud, P,.
(3) The arithmetic mean of distance between the estimated plane and

each point in P, E; is calculated as follows:

= (13)
! ZpeP,(l) ’

where Eipreshold denotes the minimum of all E; values before. If E; is
smaller than Einresholds @ NEW Eipreshold IS determined as E), and the

estimated plane parameter (Npjane, dpiane) is replaced with (ny, dy).

Based on the estimated plane parameter of each keyframe, the
points are color-coded according to the distance between the
estimated plane and each point. The resulting ground map can
visualize the height variations on the ground across the mapped area,
with different colors indicating different levels of elevation. This map
can be useful for various applications, such as terrain analysis and road
inspection.
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FIGURE 6 Suite of sensors, including a camera, LiDAR, IMU, and
GNSS, attached to the cabin of a Komatsu HM300 truck for field
experiments. (a) Komatsu, HM300 articulated dump truck and

(b) sensors attachment. GNSS, global navigation satellite system;
IMU, inertial measurement unit; LiDAR, light detection and ranging.
[Color figure can be viewed at wileyonlinelibrary.com]

4 | FIELD EXPERIMENT

The proposed method was evaluated on a Komatsu HM300 truck
outfitted with a Xenolidar Xact solid-state LiDAR, ublox ZED-F9P
RTK-GNSS receiver, ublox ANN-MB-00 GNSS antennae, and
VectorNav VN-200 IMU. LiDAR provides the data at a rate of
20 Hz with an angular resolution of 0.3° x 0.3°, a field of view of
60° x 20°, and a range of up to 50 m. The LiDAR also includes a built-
in camera with a data output rate of 20Hz and a resolution of
1536 x 512. The RTK-GNSS has a data output rate of 10 Hz and can
achieve centimeter-level accuracy. Throughout the field experiments,
the RTK-GNSS status consistently remained at FIX, and the position
covariance remained remarkably low, measuring below 0.5m2. The
IMU was set to a data output rate of 125Hz to collect the
acceleration, angular velocity, and heading information of the truck.
The sensors were mounted on the cabin of the truck, as shown in
Figure 6. The LIDAR was installed at an angle of 13° below the
horizontal to primarily capture the road surface. The proposed
method was executed on a robot operation system (Quigley
et al., 2009) using an Ubuntu Linux computer equipped with an Intel
i9-12900k CPU and 32 GB RAM.

The field experiment was conducted on a sunny day at
noon on unpaved roads with dust occasionally generated during
driving. To evaluate the performance of the proposed method in

WILEY—"

mapping road surface anomalies, we prepared artificial ruts
and a pothole as anomalies on the driving route, as shown in
Figure 7.

In this section, we present the evaluation of the proposed method,
which is divided into four parts. First, we evaluated the localization
accuracy of the proposed method by comparing it to that of other SLAM
methods. Second, we assessed the accuracy of the road surface anomaly
mapping by comparing it with the GNSS/IMU mapping conventionally
used for road surface mapping. In this paper, GNSS/IMU mapping refers
to the mapping process that utilizes the position and orientation derived
from the EKF-based fusion of GNSS and IMU data as described by Moore
and Stouch (2016). Third, we evaluate the mapping ability in dusty
environments by comparing the proposed method with conventional

point-to-point matching and other filter algorithms.

4.1 | Evaluation of the localization accuracy

To evaluate the localization accuracy, we conducted experiments using
five sequences, as shown in Figure 8. In each sequence, we evaluated the
performance of our proposed method by comparing it with that of LOAM
(Zhang & Singh, 2014), LIO-SAM (Shan et al, 2020), FAST-LIO2
(Xu et al, 2022), ORB SLAM2 (the monocular-version) (Mur-Artal &
Tardos, 2017), ORB SLAM3 (the monocular-version and monocular-
inertial version) (Campos et al., 2021), and LVI-SAM (Shan et al., 2021).

For ORB SLAM2 and ORB SLAMBS, we corrected the trajectory
scale using the GNSS trajectory because the monocular camera
SLAM often suffers from the scale problem. For a fair comparison,
the proposed method did not use the RTK-GNSS data fusion to
correct the drift. Instead, we used the RTK-GNSS positioning data as
the ground truth for the evaluation.

We evaluated the methods using the absolute trajectory error
(ATE) and relative trajectory error (RTE) metrics, which were
calculated with respect to the ground truth. The root-mean-square
error of ATE and RTE from frame O to n are defined as follows:

Eate = 12 (I1%; - &), (14)
nFO
1 .
FZ (1% = %;-1) = (& — &-2)11), (15)

where X; is the estimated position in frame j, and §; is the ground
truth position in frame j.

The evaluation results are presented inTable 1. LOAM, LIO-SAM,
and FAST-LIO2 were degraded, and their localization failed in all
sequences because of the inconsistency of the extracted features
and scarcity of the objects on the road surface. Moreover, ORB
SLAM2 faced tracking failures of the ORB features in sequences 2
and 3. Similarly, the monocular version of ORB SLAMS3 experienced
failures in sequences 1, 3, and 4, while the monocular-inertial version
of ORB SLAMBS3 failed in all sequences. LVI-SAM encountered
localization failures in sequences 2, 4, and 5 due to the failure of
its visual SLAM subsystem.
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FIGURE 7 Three types of prepared anomalies on the driving route: big rut, small rut, pothole. (a) Big rut with a height of 0.6 m and wheel
marks with a width if 0.4 m, (b) small rut, and (c) pothole. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 8 GNSS trajectories (blue line) of the tested driving sequences overlaid on the satellite image. (a) Sequence 1, (b) Sequence 2,
(c) Sequence 3, (d) Sequence 4, and (e) Sequence 5. GNSS, global navigation satellite system. [Color figure can be viewed at wileyonlinelibrary.com]

These failures are attributed to the limitations of visual SLAM
in handling rapidly changing lighting conditions in outdoor
environments, leading to inconsistency in the extracted features.
Additionally, the use of triangulation, a common method for
estimating the 3D coordinates of image features, is ineffective in
environments with purely linear motion. In contrast, the proposed
method employed a CLAHE filter to effectively handle changing
lighting conditions and utilized direct matching of 3D points
obtained from LiDAR data for motion estimation. This approach
eliminated the reliance on perspective-n-point pose computation
or triangulation, commonly used in ORB SLAM and other visual
SLAM methods. As a result, the proposed method achieved
successful localization in all sequences, distinguishing it from the
other compared methods. Additionally, the proposed method
demonstrated lower RTE values compared to compared methods
across all sequences.

Furthermore, to evaluate the sufficiency of the features involved
in localization, Figure 9 presents the 3D feature points utilized in
localization. The results indicate that a minimum of 40 features were
utilized in every sequence. These features exhibited a uniform
distribution due to the grid-based feature extraction and were
refined using the proposed mismatch rejection, which considers both
the similarity score between feature descriptions and the Euclidean
distance between matched 3D features. For these reasons, the
participated features in these experiments can be considered
sufficient for 3D localization and mapping.

4.2 | Evaluation on the road surface mapping

To evaluate the performance of the road surface mapping, we
compared the proposed method with the GNSS/IMU mapping used
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TABLE 1 Absolute trajectory error (ATE) and relative trajectory error (RTE) between the ground truth and the trajectory of different
methods (ORB SLAM2, monocular version of ORB SLAM3, LVI-SAM, and proposed method).
ATE (m) RTE (m)
Sequence Length (m) Time (s) Method Maximum RMSE STD Maximum RMSE STD
1 1123.0 219.7 ORB SLAM2 76.26 2440 11.47 40.69 11.76 7.82
ORB SLAM3 N/A N/A N/A N/A N/A N/A
LVI-SAM 65.83 40.09 19.57 18.34 10.46 5.39
Proposed 37.19 26.13 7.20 7.66 4.67 241
2 524.61 88.42 ORB SLAM2 N/A N/A N/A N/A N/A N/A
ORB SLAM3 32.57 23.40 9.78 12.44 2.97 2.49
LVI-SAM N/A N/A N/A N/A N/A N/A
Proposed 16.78 6.99 2.77 5.83 2.77 1.56
3 258.18 39.80 ORB SLAM2 N/A N/A N/A N/A N/A N/A
ORB SLAM3 N/A N/A N/A N/A N/A N/A
LVI-SAM 25.02 19.26 7.14 13.47 7.98 3.39
Proposed 4.11 1.38 0.79 6.98 6.09 0.39
4 665.3 100.0 ORB SLAM2 95.07 24.14 17.61 37.46 11.84 7.61
ORB SLAM3 N/A N/A N/A N/A N/A N/A
LVI-SAM N/A N/A N/A N/A N/A N/A
Proposed 22.22 11.05 4.18 6.86 3.90 1.90
5 1537.2 374.5 ORB SLAM2 56.94 27.51 12.12 53.38 9.86 6.57
ORB SLAM3 115.37 54.34 31.73 92.79 28.48 19.28
LVI-SAM N/A N/A N/A N/A N/A N/A
Proposed 74.17 25.29 12.28 6.06 3.00 1.14

Note: LOAM, LIO-SAM, FAST-LIO2, and ORB SLAM3 (monocular-inertial) failed in all sequences. The bold values indicate the best performance in the

comparison. N/A indicates the failure of SLAM.

Abbreviations: FAST-LIO, fast direct LiDAR-inertial odometry; LiDAR, light detection and ranging; LIO-SAM, LiDAR-inertial odometry via smoothing and

mapping; LOAM, LiDAR odometry and mapping; LVI-SAM, lidar-visual-inertial

odometry via smoothing and mapping; ORB, oriented features from

accelerated segment test and rotated binary robust independent elementary features; RMSE, root-mean-square error; SLAM, simultaneous localization

and mapping; STD, standard deviation.
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FIGURE 9 Three-dimensionalized feature points involved in the motion estimation and mapping after mismatching removal. (a) Sequence 1,
(b) Sequence 2, (c) Sequence 3, (d) Sequence 4, and (e) Sequence 5. [Color figure can be viewed at wileyonlinelibrary.com]

in conventional road surface mapping. The evaluation was carried out
in two approaches. First, we compared the performance of each
method by examining the map of the region containing the road
surface anomalies as shown in Figure 7. Second, we determined the

performance of each method by examining the connectivity of the

mapped ground, because a well-connected ground is crucial for
accurately identifying road anomalies and properly mapping surface
unevenness.

The big rut, small rut, and pothole were mapped in online by each
method. For the big rut, the shape of the rut and width of the truck
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FIGURE 10 Comparison of the mapping performance of the prepared big rut between the proposed method and GNSS/IMU mapping. The
maps shown are color-coded according to the distance between the map point and the estimated ground plane. (a) GNSS/IMU mapping,

top view, (b) proposed, top view, (c) GNSS/IMU mapping, oblique view, and (d) proposed, oblique view. GNSS, global navigation satellite system;
IMU, inertial measurement unit. [Color figure can be viewed at wileyonlinelibrary.com]

traces were described with higher accuracy using the proposed
method than that using the GNSS/IMU mapping, as shown in
Figure 10. For the small rut, which is presented as a yellow-colored
region in the ground map, the proposed method described the
unevenness of the rut with higher accuracy than that of the GNSS/
IMU mapping, as shown in Figure 11. The global map colored
according to the LIiDAR intensity shows the well-connected
presentation of the small rut using the proposed method, whereas
the rut was cut off on the map constructed by the GNSS/IMU
mapping. For the pothole, the region of water in the pothole is
originally shown as a no-data region because the laser beam of the
LiDAR rarely reflects water. As a result, the pothole region is depicted
with the background color of the map. The proposed method
described the pothole with higher accuracy than that of the GNSS/
IMU mapping because fewer points were included as potholes in the
proposed method, as shown in Figure 12. Therefore, all prepared
anomalies were described with higher accuracy using the proposed
method than the GNSS/IMU mapping.

To evaluate the connectivity of the ground on the map, we

proposed a novel evaluation method as follows:

(1) The checkpoints are set at the same intervals on the estimated
trajectory from the obtained map.

(2) At each checkpoint location, aém x 6m x 6m cube is set. Then,
the ground plane is extracted from the point cloud within this
cube using a plane segmentation algorithm.

(3) The average distance between the estimated plane and each
point in the cube is calculated to examine the connectivity of the
mapped ground.

Lower average distances indicate that the points on the map are
closer together on the plane, suggesting their better connectivity.
whereas, if sequential frames of the point cloud are not connected
properly, the points on the map will be further away from the
estimated plane, as depicted in Figure 13.

The evaluation was performed on sequence 5, as shown in
Figure 14. The proposed method obtained lower average distances
than that of the GNSS/IMU mapping, regardless of whether the
GNSS data were used or not in the proposed method. The only
exception was that the values increased rapidly at around the 200th
and 430th checkpoint in the case of the proposed method not using
GNSS. These checkpoints correspond to the areas with a high dust
content, which negatively affects the motion estimation and
increases the mismatch in the generated map.

As a result, excluding the dust region, the average distances
between the estimated plane and each point were less than 0.4 m in
the proposed method, indicating that the proposed method can
sufficiently conduct the mapping anomalies with heights greater
than 0.4 m.

Our method provides a ground map visualized with distance from
the ground and a global map visualized with LIiDAR intensity. As
shown in Figure 10, the ground map can effectively highlight
anomalies with substantial height differences, such as large ruts,
pits, and slopes. On the other hand, the global map is useful for
visualizing anomalies with large differences in material properties,
such as potholes with water and dirt ruts, as shown in Figure 11.

One of the main goals of our mapping approach is to achieve
online execution with several advantages, such as high-speed map

updates, which are crucial for supporting motion planning and online
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FIGURE 11 Comparison of the mapping performance of the prepared small rut using the proposed method and GNSS/IMU mapping. The
maps in (a) and (b) are color-coded according to the distance between each map point and the estimated ground plane. The maps in (c) and (d) are
color-coded based on the LiDAR intensity of each corresponding map point. The green rectangle denotes a region of the small rut on the map.
(@) GNSS/IMU mapping, top view, (b) proposed, top view, (c) GNSS/IMU mapping, top view (intensity), and (d) proposed, top view (intensity).
GNSS, global navigation satellite system; IMU, inertial measurement unit; LiDAR, light detection and ranging. [Color figure can be viewed at
wileyonlinelibrary.com]

FIGURE 12 Comparison of the mapping performance of the prepared pothole using the proposed method and GNSS/IMU mapping. The
maps are color-coded according to the distance between each map point and the estimated ground plane. Green rectangle denotes a pothole
region on the map. (a) GNSS/IMU mapping, top view and (b) Proposed, top view. IMU, inertial measurement unit; GNSS, global navigation
satellite system.
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inspection of road surfaces. To evaluate the performance of the
online execution of our mapping system, we measured the time
consumption of each thread during the execution of sequence 5, as
shown in Figure 15. The thread with the largest time consumption
was the sensor preprocessing thread because the image feature
extraction requires a longer calculation time. Considering the
maximum operational frequency of 20 Hz (50 ms) for the camera
and LiDAR used in our system, none of the threads took longer than
50 ms to execute in one cycle, as shown in Figure 15. Hence, the

proposed method is applicable to the online operation.

4.3 | Evaluation of the mapping ability in dusty
environments

To evaluate the mapping ability in dusty environments, the truck was
driven through a dusty area, and the sensor data were recorded. The
mapping performance of the proposed with and without the LiDAR

intensity-weighted motion estimation was compared. As shown in

FIGURE 13 lllustration of the sequential frames with good and
bad matching. The red and green dots represent the LiDAR points of
former and latter frame, respectively. The red rectangle represents a
6m x 6m x 6m cube on the checkpoint. The blue line represents a
plane estimated using the points in the cube. (a) Good matching
situation of sequential frames (side view) and (b) bad matching
situation of sequential frames (side view). LiDAR, light detection and
ranging. [Color figure can be viewed at wileyonlinelibrary.com]

Figure 16, the map generated without the LiDAR intensity-weighted
method suffered from mismatching and rapid drift in the dusty
region. In contrast, the proposed method, which used the LiDAR
intensity-weighted method, demonstrated proper mapping even in
the presence of dust. These results indicate that the proposed
method has superior mapping capabilities in dusty environments,
demonstrating it as a promising candidate for outdoor applications,
including unpaved roads.

Furthermore, we compared the proposed method with two
state-of-the-art filter algorithms: statistical outlier removal (Rusu &
Cousins, 2011) and low-intensity outlier removal (Park et al., 2020),
which are used to directly remove airborne particles. Each filter
algorithm was applied before executing the baseline method
described in (4). The parameters used for the filters in our experiment
were set to be the same as those described in the work by Park et al.
(2020). The evaluation was conducted on sequence 5, which
represents a scenario of LIDAR degeneration due to dust particles.
As shown in Table 2, the proposed method outperformed both the
baseline and the combination of filtering algorithms and the baseline
in terms of processing time and RTE. This result highlights the
effectiveness of the proposed method and its advantage over
existing approaches in mitigating the impact of dust particles and

improving overall performance.

5 | CONCLUSION

In this paper, we proposed TFB odometry for the online mapping of
unpaved road surfaces. TFB odometry is built upon a novel
interpolation method that directly estimates the 3D coordinates of
image features by utilizing corresponding LiDAR points. These three-

dimensionalized features enable accurate motion estimation even in
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FIGURE 14 Comparison of the average distance D in sequence 5 between the proposed method using GNSS (blue line), the proposed
method not using GNSS (orange line), and GNSS/IMU mapping (green line). The average distance D represents the distance between the
estimated plane and each point within a cube of dimensions 6m x 6m x 6m that is positioned along the estimated trajectory. GNSS, Global
Navigation Satellite System; IMU, Inertial Measurement Unit. [Color figure can be viewed at wileyonlinelibrary.com]
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FIGURE 15 Average time consumption of threads in the proposed method. The red bar indicates the standard deviation. The distinction

between online (green region) and offline (red region) execution is based

on a sensor frequency of 20 Hz. GNSS, Global Navigation Satellite

System; IMU, Inertial Measurement Unit. [Color figure can be viewed at wileyonlinelibrary.com]

(b)

FIGURE 16 Comparison of the mapping performance in a dusty environment between the proposed method with and without the LiDAR
intensity-weighted motion estimation. (a) Baseline, top view, (b) proposed, top view, (c) baseline, side view, and (d) proposed, side view.
LiDAR, light detection and ranging. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 2 Average processing time and relative trajectory error
between the ground truth and the trajectory of different methods in
sequence 5.

Processing time (ms) RTE (m)
Method Filtering Opti. Maximum RMSE
Baseline - 8.12 9.10 5.84
Baseline + SOR 50.4 5.34 8.91 444
Baseline + LIOR 28.6 6.61 8.70 6.56
Proposed - 8.21 6.06 3.00

Note: The bold values indicate the best performance in the comparison.
Abbreviations: Filtering, filtering process; LIOR, low-intensity outlier
removal; Opti., optimization process; RMSE, the root-mean-square error;
RTE, relative trajectory error; SOR, statistical outlier removal.

LiDAR degenerate environments. Furthermore, TFB odometry
incorporates a LiDAR intensity-weighted method, effectively coun-
tering the impact of airborne dust-induced LiDAR degeneracy.
Additionally, to efficiently fuse the GNSS positioning data with
estimated pose, PGO is employed.

Field experiments on an unpaved road surface were conducted
to evaluate the performance of TFB odometry. The experimental
results demonstrated several key advantages of the proposed
method over the compared methods. First, TFB odometry demon-
strated successful full mapping for all tested sequences, whereas the
compared method failed in specific or all sequences due to LiDAR
degradation or visual initialization failure. In addition, the proposed

method exhibited higher accuracy with lower RTE values than that of
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the compared method. Second, TFB odometry outperformed the
GNSS/IMU mapping method in accurately mapping the prepared
anomalies and achieving better connectivity of the mapped road
surface. Third, TFB odometry achieved precise mapping even in dusty
environments compared to filtering-based methods, by employing
the LIiDAR intensity-weighted motion estimation. Lastly, TFB
odometry ensured online mapping with all of its threads having a
cycle time of less than 50 ms.

Nevertheless, certain challenges within TFB odometry still
require attention. One notable limitation pertains to fast rotations,
as the current method solely depends on LiDAR and camera inputs
for motion estimation, without utilizing IMU data. Another limitation
is the accumulated drift, particularly during prolonged localization
processes.

To address these limitations, we plan to integrate IMU data into
our pose graph based on IMU preintegration (Forster et al., 2016) and
introduce loop closure based on bag-of-words (Galvez-Lopez &
Tardos, 2012; Rublee et al., 2011) as our future work.

Lastly, we believe that our proposed mapping system can
function as a dynamic monitoring system for unpaved roads or harsh
environments. Through the dynamic monitoring of road anomalies,
we envision the potential for pinpoint maintenance or automation of

road maintenance.
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