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Abstract

This paper presents a framework for direct visual-LiDAR SLAM that combines the sparse depth measurement of light detection
and ranging (LiDAR) with a monocular camera. The exploitation of the depth measurement between two sensor modalities
has been reported in the literature but mostly by a keyframe-based approach or by using a dense depth map. When the sparsity
becomes severe, the existing methods reveal limitation. The key finding of this paper is that the direct method is more robust
under sparse depth with narrow field of view. The direct exploitation of sparse depth is achieved by implementing a joint
optimization of each measurement under multiple keyframes. To ensure real-time performance, the keyframes of the sliding
window are kept constant through rigorous marginalization. Through cross-validation, loop-closure achieves the robustness
even in large-scale mapping. We intensively evaluated the proposed method using our own portable camera-LiDAR sensor
system as well as the KITTI dataset. For the evaluation, the performance according to the LiDAR of sparsity was simulated by
sampling the laser beam from 64 to 16 and 8. The experiment proves that the presented approach is significantly outperformed

in terms of accuracy and robustness under sparse depth measurements.

Keywords Direct visual SLAM - Camera-LiDAR - Sparse depth

1 Introduction

For the last two decades, simultaneous localization and map-
ping (SLAM) has received steadily increasing attention in
robotics research. It has been advanced by studies using var-
ious sensor systems, from the monocular camera to the dense
RGB-D camera. For the 3D perception of the outdoor field
robotic system, the sensor system that combines LiDAR and
camera has attracted attention as a practical sensor type. This
sensor system reconstructs a 3D spatial structure through
SLAM, which enables various tasks for field robots, such as
path planning, obstacle avoidance and robot manipulation.
However, there is little focus on how to enhance visual SLAM
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by exploiting the relatively sparse depth measurements from
LiDAR.

Most field robotic systems in the literature rely on multi-
ple sensors (e.g., cameras, LiDAR and radar) for navigation
and perception. In particular, the expectation for the com-
mercialization of autonomous vehicles has led to the intro-
duction of new types of LiDAR, such as solid-state LiDAR
with a sparser and narrower field of view (FOV), and the
increase in demand is expected to lead to mass production
of cost-effective LIDAR. The depth measurement of LIDAR
elaborates on visual images in SLAM by eliminating scale
ambiguity and thus enhancing geometric information to the
image. However, when LiDAR provides only sparse mea-
surements, the co-visible volume in the FOV of the two
sensors becomes small, thereby, encumbers the LiDAR mea-
surements association for enhancing visual SLAM.

In recent years, there has been considerable progress in
the field of visual SLAM using a monocular camera. The
classical visual feature-based method has already matured
resulting in a stable visual SLAM method. Recently, direct
methods have been introduced that directly use the intensity
of the image (Forster et al. 2014; Engel et al. 2014, 2017,
Newcombe et al. 2011b; Kerl et al. 2013b; Steinbriicker et al.
2011). These methods showed remarkable motion estima-
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tion performance despite not using the correspondence of
visual features. However, there are some significant chal-
lenges to visual SLAM with the monocular system. As the
camera moves along the optical axis, the pixel position of
the visual feature is almost invariant, which allows estima-
tion of the rotation but estimation of the translational motion
is up to scale. In order to overcome the scale ambiguity of the
monocular system, these methods inevitably require a boot-
strap to initialize the 3D environment (Gauglitz et al. 2012;
Civeraetal. 2008; Forster et al. 2014). Eventually, the quality
of this initialization dominates the scale error with the real
world.

There were approaches to integrate IMU measurements
to overcome the limitations of the monocular system. The
use of the IMU allows metric scale observations but requires
scalable initialization due to lack of depth measurement. In
addition, the motion and environment are weakly observable
or present difficulty in initializing depth information in a
degenerate condition (Yang and Shen 2017; Qin et al. 2018).
Also, a stereo system is used to solve the scale ambiguity of
this monocular vision system. However, precise calibration
is required to estimate precise depth measurement from a
stereo camera. In addition, a configuration with a large base-
line is essential to obtain depth information at long distances
(Sibley et al. 2007) and triangulating the depth of a long dis-
tance requires a sensor configuration of the large baseline.
In stereo cameras, the disparity error affects the estimated
depth, and as the length of the baseline increases, the overlap
between the two cameras decreases and the amount of avail-
able information decreases (Pinggera et al. 2014). The error
of the depth measurement obtained from LiDAR is relatively
small and is not affected by extrinsic calibrating quality as
with a stereo camera. The independent use of a stereo cam-
era or LiDAR to perform metric-level SLAM has attracted a
great deal of attention.

More recent efforts are found from the learning-based
approaches where visual SLAM methods have incorporated
the deep learning-based depth estimation to solve the inherent
issue of the monocular camera (Wang et al. 2017; Tateno et al.
2017; Yang et al. 2018). Although learning-based depth pre-
diction provides dense depth, the error increases as the depth
estimation range increases, and still yields a significant error
in the meter level (Yang et al. 2018; Kuznietsov et al. 2017).
Also, they need a pre-trained model for depth prediction to
deploy them in SLAM applications and additional adjust-
ment is required to use the model directly for camera models
with different intrinsic parameters. These approaches have
only been evaluated in the driving sequence or in the indoor
scenarios, further investigation is needed to see how gener-
alized they are in various environments and platforms (Yang
et al. 2018). For this reason, we aim to combine LiDAR’s
ability to perform highly accurate depth measurements with
motion estimation of direct visual SLAM.
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Fig.1 A sensor system combined with camera and LiDAR for motion
estimation and 3D mapping. a A camera-LiDAR sensor system that
acquires the image and sparse depth measurement. The data acquired
by the sensor is projected onto the image as shown in b. Using this sensor
configuration, the proposed method performs precise pose estimation
and 3D mapping. The points are color-coded with respect to the scene
depth. ¢ Estimated trajectory and 3D reconstruction result

This paper proposes a visual SLAM system! that com-
bines the sparse depth measurement of LiDAR with the
intensity of the camera image and utilizes the direct method
without using visual features. Note that, as shown in Fig. 1,
only sparse depth measurements are available from LiDAR
in a limited area of the imagery. Although these sparse mea-
surements can be associated with visual features, their utility
is diminished by the lack of meaningful features in blurred
images. For this reason, we conclude that the direct method
is effective for handling sparse depth measurements with the
images. In addition, direct SLAM is known to provide more
accurate motion estimation results in low-resolution cameras
(Engel et al. 2017). However, the narrow FOV of sparse 3D
LiDAR remains an issue. It only allows for an association of
depth and image in the partial image region. To overcome this
limitation, we integrate the depth of neighboring frames into
the keyframe and perform motion estimation using multiple
keyframes. We also perform loop detection and correction to
obtain a drift-free result on a large-scale.

This paper proposes a direct visual SLAM method for
a Camera-LiDAR system under sparse depth. The main

1" Code is available at http://github.com/irapkaist/dvl_slam.
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characteristics of the proposed method can be explained as
follows:

e We propose a direct visual SLAM for when the sparse
depth of LiDAR is available within a narrow FOV. Since
the sparse measurement is directly used in the image
domain, it requires no visual features.

e A window-based optimization overcomes the limitation
caused by the sparsity of the LiDAR and different FOV
of heterogeneous sensors.

e In large-scale environments, loop-closing techniques are
used for the global map consistency. We provide a robust
loop constraint by performing cross-validation on loop
candidates.

e The proposed method is thoroughly evaluated through
real experiments using our own sensor system and public
datasets containing various environments.

The rest of this paper is organized as follows. Section 2
discusses research related to visual SLAM from single cam-
era to depth-enabled configuration. Section 3 presents an
overview of the proposed direct visual-LiDAR SLAM. Sec-
tion 4 explains the details of the proposed method. The
experimental results are shown in Sect. 5 and we discuss
the conclusion of this study.

2 Related work
2.1 Feature-based visual SLAM

The visual SLAM is a technique for performing motion esti-
mation and mapping using sequential camera images. There
has been a lot of studies in visual SLAM, most of which con-
centrate on using corner-like visual features such as Scale
Invariant Feature Transform (SIFT), peeded Up Robust Fea-
tures (SURF) and Oriented FAST and Rotated BRIEF (ORB)
(Klein and Murray 2007; Kitt et al. 2010; Strasdat et al. 2011;
Mur-Artal et al. 2015).

Davison et al. (2007) successfully performed extended
Kalman filter (EKF)-based visual SLAM in real-time using
only amonocular camera in aroom-sized environment. How-
ever, these filtering-based approaches are computationally
inefficient because they have to perform operations in consec-
utive frames and accumulate larger linearization errors than
Bundle Adjustment (BA)-based approaches. On the other
hand, keyframe-based approaches construct a map using only
selected frames, and BA optimization accurately perform,
although the computation complexity is somewhat higher.
Parallel Tracking and Mapping (PTAM), proposed by Klein
and Murray (2007), is the most representative keyframe-
based visual SLAM system. It is the first study to divide
the visual SLAM system into parallel threads for camera

tracking and mapping. They have demonstrated successful
performance in a small environment with an aim toward aug-
mented reality application. Mur-Artal et al. (2015) proposed
a more representative feature-based SLAM method called
ORB-SLAM. They added a loop thread to the tracking and
mapping framework to make them more robust and accu-
rate in a large-scale environment. The methods proposed in
Galvez-Lépez and Tardés (2012) and Strasdat et al. (2011)
were used to deal with loop detection and scale drift. How-
ever, the drawback of these feature-based methods it that
they have difficulty finding correspondences when the envi-
ronment is a simple and repeated pattern or is a featureless
condition. Eventually, these environmental conditions result
in the motion estimation failure.

2.2 Direct visual SLAM

Recently, a direct method has been introduced without
requiring the concrete feature correspondence, and still
showing remarkable performance. Instead of using the repro-
jection errors of correspondences, the direct method con-
siders the intensity difference of a pixel as a photometric
error model (Engel et al. 2014, 2017; Forster et al. 2014,
Newcombe et al. 2011b; Pizzoli et al. 2014). However, good
initialization is required for convergence of the optimiza-
tion, and a massive computation using the GPU is needed
to estimate the motion and the full-depth map in real-time
(Newcombe et al. 2011b; Pizzoli et al. 2014). In order to
reduce this computational burden, Forster et al. (2014) and
Engel et al. (2014) proposed semi-dense approaches. They
used a certain number of patches, or only used areas of image
gradient magnitude above a threshold, to reduce computation
complexity, thus ensuring that the direct method runs on the
CPU in real-time. Engel et al. (2017) proposed a state-of-
the-art direct visual odometry method called Direct Sparse
Odometry (DSO). DSO performs window-based optimiza-
tion including all relevant parameters (e.g., camera intrinsics,
motion and inverse depth value). They maintain a constant
number of points and frames to achieve real-time perfor-
mance and low drift without loop-closure. However, the issue
of scale ambiguity remains a challenge like any monocular
SLAM, and the performance is often determined by boot-
strapping to initialize the depth.

2.3 RGB-D SLAM

The RGB-D camera has received great attention in the field
of visual SLAM (Newcombe et al. 2011a; Kerl et al. 2013a, b;
Whelan et al. 2015). These cameras provide not only RGB
images but also dense depth measurement for each pixel
within a limited range. Endres et al. (2014) formulated the
motion estimation problem given the RGB image and depth
information as a 3D feature matching problem. Huang et al.
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(2011) tracked the visual feature associated with depth and
used it for motion estimation. Henry et al. (2012) com-
bined visual feature-based methods with Iterated Closest
Point (ICP). They employed visual features with associated
depth to obtain an initial alignment, and then jointly opti-
mize 2D and 3D alignment errors. Newcombe et al. (2011a)
proposed the KinectFusion algorithm that uses an implicit
surface model of the scene, known as the truncated signed
distance function (TSDF). The dense model of the scene is
adopted for motion estimation with ICP. Also, there are stud-
ies applying the direct method (Steinbriicker et al. 2011; Kerl
et al. 2013a,b). These methods minimize photometric errors
that aim to find the optimal rigid body motion to register
two consecutive RGB-D frames. Whelan et al. (2015) pro-
posed a motion estimation that combined ICP using TSDF
volume with the photometric error. These methods, using
RGB-D cameras as Kinect, require dense depth measure-
ment for visual SLAM. The use of such sensors is limited in
open environments due to limited short depth measurements
(i.e., up to 5 m) in the environments and a triangulation is
often leveraged to overcome these limitations (Concha and
Civera 2017).

2.4 LiDAR-based SLAM

The LiDAR sensor is widely adopted in many computer
vision and robotics studies due to their precise range mea-
surement and the invariance to the perceptual aliasing. The
ICP-based methods mainly selected for LiDAR, which are
classical scan matching methods, have evolved and focused
on dense point cloud data in the latest studies to efficiently
utilize them (Segal et al. 2009; Serafin and Grisetti 2015).
However, such methods fail to perform 3D mapping due to
the sparsity of vertical measurements when providing sparse
measurements from low-cost 3D LiDAR. For example, a 16-
beam 3D LiDAR has 16 rings in the vertical direction and
provides thousands of points per ring. Because of the vertical
sparsity, estimation of pitch motion and the vertical transla-
tion are particularly problematic, causing the failure in the
3D mapping. Zhang and Singh (2017) proposed a motion
estimation method by extracting sharp edges and a planar
surface from LiDAR points. They have achieved significant
accuracy by extending this geometric feature-based motion
estimation method to map-to-scan matching. However, this
method does not guarantee its performance in environments
without geometric features.

Another LiDAR-based SLAM combines sweeping 2D
LiDAR with the inertial measurement unit (IMU) (Bosse
et al. 2012; Park et al. 2018). These sensor systems are
asynchronous and operate at a high rate, and 3D mapping
becomes more challenging with the motion distortion of
LiDAR. Bosse et al. (2012) successfully solved the challenge
by applying a continuous-time trajectory to SLAM. How-
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ever, the continuous-time SLAM suffers from computational
complexity in long-term operation because of a global batch
trajectory optimization. Park et al. (2018) proposed a map-
centric LiDAR fusion method. Surfel-based fusion and map
deformation not only maintain global consistency but also
reduce map noise. By limiting continuous-time trajectory
optimization to local mapping, the method also guarantees
real-time performance.

2.5 Visual-LiDAR SLAM

Lu (2016) proposed a visual-LiDAR slam method called
VELO which is a SLAM method using multiple cameras and
LiDAR. Lu tightly coupled the sparse visual odometry and
the LiDAR scan matching an objective function and achieved
globally consistent 3D mapping, including loop closure. The
method performs frame-to-frame motion estimation by com-
bining ICP constraints from LiDAR and 3D-3D, 3D-2D and
2D-2D visual constraints from consecutive stereo images.
However, to perform both visual feature matching and ICP,
expensive tree-based data structures are required. Moreover,
the performance of this method is not guaranteed because it
does not take into account the motion distortion of LiDAR
points as the sensor moves.

Zhang et al. (2017) proposed a method called Depth
Enhanced Monocular Odometry (DEMO) that handles sparse
depth measurement from LiDAR. DEMO deals with sensor
configuration similar to ours (i.e., a monocular camera with
LiDAR). However, the method associates the visual feature
with depth measurement and uses it to estimate the motion of
the camera. Griter et al. (2018) proposed a combination of a
feature-based visual odometry method and a high-accuracy
depth measurement for precise vehicle motion estimation.
We enabled metric-scale motion estimation by interpolating
tracked visual features with depth measurements and utiliz-
ing a keyframe-based bundle adjustment to improve local
accuracy. However, to associate visual features and depth
measurements, the expensive 64-ray LiDAR has been uti-
lized and its accuracy is not guaranteed when using more
sparse 3D LiDAR. The proposed method is similar to theirs
in that the limitation of the monocular camera is overcome
by combining it with LIDAR; however, our focus is on using
the direct method to handle depth sparsity without using
visual features. We also differ from other methods using
dense depth (Newcombe et al. 2011a; Kerl et al. 2013b;
Steinbriicker et al. 2011; Whelan et al. 2015) by handling
sparse measurements of LiDAR directly on a single cam-
era. These sensor configurations are applicable to most field
robotic systems, but they have not been actively studied
because of the differences between heterogeneous sensors.
To the best of our knowledge, our method is the first method
to apply sparse measurement from LiDAR to the direct
method.
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Fig.2 Block diagram of the direct visual-LiDAR SLAM. The proposed method consists of the front-end for data association and back-end solving

for the global pose-graph optimization including loop constraint

3 Algorithm overview

The proposed method consists of a front-end and a back-
end similar to the general SLAM approaches. The input
of the algorithm is sequential image data and a sequen-
tial LiDAR scan. Given an image with an associated sparse
depth, only the image is used for the tracking process,
so we compensate for the distortion of LiDAR caused by
motion after the initial tracking is done. Then the mod-
ule takes a point sampling strategy for fast and robust
motion estimation. It keeps the complexity of the con-
stant time by reducing the number of points used in the
algorithm. The front-end focuses on accurate motion esti-
mation using windowed optimization and data association
for loop-closing as shown in Fig. 2. LiDAR provides precise
depth measurement of up to 100m. We can only opti-
mize the pose of multiple keyframes because the disparity
error on the image cannot guarantee the accuracy of depth
measurement of the long distance and is computationally
expensive. The associated data received from the front-end
is used for global pose graph optimization in the back-end.
The description of each part of the overall system is as
follows:

Tracking The visual odometry (VO) module performs the
tracking process for fast motion estimation without visual
features. The initial motion is estimated using only a small
number of sampled points, and the sampled points are
directly tracked by the intensity in the image domain. The
tracking occurs at a fast rate without requiring corner-like
feature extraction and matching, unlike indirect methods.
In addition, using only LiDAR-associated points eliminates
a triangulation phase to estimate the depth. This sim-
plicity benefits the various robotics systems with cameras
and LiDAR. Similar to other direct approaches, the image
pyramid and constant motion model are used in this pro-
cess (Forster et al. 2014; Engel et al. 2017; Kerl et al.
2013b).

LiDAR undistortion When initial motion is obtained by
the tracking process and LiDAR scan data is obtained, we
can compensate for that distortion by motion interpolation.
In the case of VLP-16, since scan data can be obtained in
each packet unit, we compensate for distortion of LiDAR
points using interpolated motion based on poses of camera
frames. When undistortion of LiDAR points is performed,
we associate them with the closest camera frame.

Windowed optimization Once the tracking process has
been successfully performed, the current frame is added to
the sliding window followed by optimization to improve
local accuracy within the window. This refinement allows
the motion from the tracking process to maintain the low
drift. The oldest frames exceeding a user-defined number
(Ny) are marginalized. The marginalized keyframe is then
fed into the back-end pose graph.

Place recognition The final component of the front-
end is the place recognition module. This module confirms
whether the position of the marginalized keyframe is revis-
ited and then integrates depth information from adjacent
frames to perform a two-view alignment. This depth integra-
tion solves ambiguity when a large displacement situation
occurs between two candidate frames.

Pose graph optimizer The back-end module optimizes the
global pose graph, including the current motion and the loop
constraints provided by the front-end. We used g2o0 (Kuem-
merle et al. 2011) with an incremental sparse linear algebra
for the online operation of the optimization.

4 Direct visual-LiDAR SLAM
4.1 Notation

A frame F; consists of animage Z; and a pointcloud P; froma
camera-LiDAR sensorsystem. Each point py = (x, y,2) | €
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R3 of P; is observed as a pixel ux = (u,v) € R2 in the
coordinates of the image plane through a projection func-
tion 7w (pi). If the tracking process has been performed, then
each frame has its associated pose as a transformation matrix
Tyi € SE(3) in the world coordinate.

Lie algebra elements £ € R® are used as minimal repre-
sentations for pose optimization on SE(3) throughout this
paper, where the element & = [w, v] appears as both an
angular and linear velocity vector. The lie algebra element is
mapped to SE (3) by exponential mapping, and its inverse is
obtained by log mapping. This relationship is used to update
the pose matrix through the increment obtained by lie alge-
bra: se(3) HSE3) — SE(3).

EMT :=expé)T )

When tracking between frame F; and frame F;, the rel-
ative pose transformation can be denoted by T;; = T jl Ty
and this relationship can be used to transform the coordinates

of the points as follows:
p;=Tpi = [ dl f}Pi 2

where p; is a point on the frame F; and p’ j 1s an observed
point on the frame F;. R;; € SO(3) and t;; € R3 are a
rotation matrix and translational vector.

The widely adopted pinhole camera model is used to
project the transformed point p’ j of frame F; to frame ;.
Let 7 (-) be the projection function onto the image plane:

fo O Cx]

rr(P/j)Z |:0 o6y

3

—_ R

where f, and f, are focal length and ¢, and ¢y are the prin-
cipal points.

4.2 Frame management
4.2.1 Frame generation

The proposed method defines points of LIDAR and the asso-
ciated image as a frame. Given a camera image in the next
sequence, we perform tracking while optimizing the 6-DOF
motion. To associate the data of two sensors as a frame, the
relative position between two sensors must be known. The
camera operates at a high frequency (30Hz), while the 3D
LiDAR operates at a low frequency (10Hz). The proposed
method compensates for the distortion of LiDAR points by
motion based on the poses from camera images obtained in

@ Springer

the tracking process. Given the closest two camera poses Ty
and Ty , the linear interpolated pose T is defined as:

T = Ty exp(Aék k+1) “®

where their timestamps satisfy 7z < T < Tr41. &k kt1 =
log(Tk_lTH 1) is used to interpolate pose 7, with interpo-
lation ratio A = (v — 7¢)/(tk+1 — Tx). Finally, based on
interpolate poses, LiIDAR scan points are compensated and
associated with the nearest camera frame. Our system records
the time at which the laser passes the center of the camera,
and uses the image taken at the closest time to associate
the camera frame and LiDAR. Once the two sensor data are
associated, the 3D points of the LIDAR coordinates are trans-
formed into camera coordinates, allowing an image and 3D
points of input frames to be placed in the camera coordinates.

4.2.2 Keyframe management

The sliding window maintains a fixed number of keyframes
to achieve the constant processing time for the VO module.
The most recent keyframe in the sliding window is tracked by
the current image of the input frame. The strategy of using
a sliding window in the odometry module improves local
accuracy and reduces computational load. When managing
the keyframes of the sliding window, the following two cri-
teria are used:

— When the tracking process is successful, a new keyframe
can be added to the window by checking the ratio of pro-
jectable points. Since the FOV of the camera and the
LiDAR is fixed, the reduction of the projected points
means a loss of information. We prevent this loss of
information by maintaining a certain ratio of projectable
points. Any frame with a ratio less than yxy is immedi-
ately registered in the sliding window.

— The viewpoint change can be resolved through the ratio
of the projectable points, but the influence of the illu-
mination change remains. Even if the viewpoint change
is not detected, we add the keyframe after checking the
brightness change every time using a from (5).

4.2.3 Keyframe marginalization

To alleviate the computational burden of the windowed opti-
mization, our VO module maintains its frames by marginal-
izing the oldest keyframe from the sliding window. After
the tracking process, whenever a new keyframe is added,
marginalization is performed according to the following
strategy:
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Fig. 3 Salient point selection. a The entire LIDAR measurement projected onto the image without selection. b The selected salient points. For

computational efficiency, only salient points are used for motion estimation

— The window maintains at least two keyframes. If the ratio
of visible points exceeds yyr, a new frame is added to the
sliding window.

— Ifthe number of keyframes exceeds the window size (Ny,)
defined by the user, a new keyframe is added and the
oldest keyframe is marginalized.

We use the Schur complement to marginalize the oldest
keyframe. The remaining Hessian blocks can be used by the
optimizer repeatedly when a new keyframe is added. The
marginalized keyframe is excluded from the window, but it
is added as a node of the global pose graph and used in the
mapping phase. Single camera based direct methods optimize
both the points and the poses after the tracking process Engel
et al. (2017). Since the range measurements of LiDAR are
fairly accurate, our method only estimates the poses in the
window for computational efficiency.

4.2.4 Point management

Tracking all points acquired from LiDAR is unnecessary. The
measurements from LiDAR may include points in the low
texture region, where the points are not easily trackable on
images. In addition, since there is less overlapping area than
the dense RGB-D sensor, using a patch of sparse pattern like
pattern 4 in DSO helps to ensure robustness rather than
pixel-wise tracking and the use of these sparse pattern-patch
guarantees sufficient performance while requiring slightly
fewer pixels (Engel et al. 2017). However, such patch-based
tracking requires appropriate management, as the computa-
tional complexity increases with the size of the patch.
Although LiDAR measurements are already sparse, we
use even fewer, but more informative, measurements through
salient point selection to increase computation efficiency. To
sample the salient points, we focus on (i) the spatial distri-
bution of LiDAR data in the spherical coordinate and (i) the
gradient of the image. We divide azimuth and elevation by
two degrees and use them as a spatial bin. Then, the point

with the largest gradient in the image is selected as the salient
point. The points are spatially well-distributed because they
are selected from spatial bins with a constant interval. When
the gradient of the point is too small, such point is excluded
due to their low information. Figure 3 shows an example of
selected salient points. The LiDAR measurements are uni-
formly distributed in the image and are thus more sparse.

4.3 Tracking

The proposed method performs tracking to obtain an initial
guess of the camera pose whenever a new frame is acquired.
Inspired by the sparse direct method (Engel et al. 2017), we
focus on fast and robust motion estimation without handling
visual features.

For ease of notation, the latest keyframe is referred to as the
reference frame F; and the current frame is referred to as the
target frame ;. To estimate relative transformation between
two frames, the points P; in F; are projected into the target
frame F; and the difference of intensity at the patch of the
sparse pattern €2 is defined as a photometric error. Although
these patch-based approaches require more computation than
pixel-wise approaches, they ensure robustness against image
degradation, such as motion blur and noise. In addition, we
used the affine illumination model with parameters a and
b to cope with the changes in illumination (Jin et al. 2001).
Parameters a and b of the affine illumination model in Eq. (9)
are solved in closed form at each iteration by Engel et al.
(2015). The photometric residual is defined as:

r(pi) =2 (Tjipi) — (aZi(w(p;) + b). &)

Finally, the objective function for tracking is defined using
the residuals of the points P; in the frame F; as follows:

agmin 2 3" Y2 o) (r@i)?) (©)

Jt pr€P; i€Q(pr)
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where the function p(-) is a robust weighting function based
on the t-distribution, as shown in Lange et al. (1989).

v+ 1
= 7
p(r) VT ey N

Here, v is the degree of freedom of the t-distribution that
was set to 5 as in Kerl et al. (2013b) and Li and Lee (2016).
1 and o, represent the mean and the standard deviation of
all intensity residuals. To cope with the situation in which
the photometric consistency of two frames is not maintained
due to illumination change caused by auto-exposure, we use
median value as u, and median absolute deviation as o,:

1ty = median ({r;}1"))

oy = 1.4826 median({|r; — pr[}1")) ®)

where r; is the residual value, i is its index and N, is the
number of residuals. This median value is effective in the
situation where the mean is biased by outliers.

To solve this nonlinear objective function of the tracking
process in Eq. (6), the Gauss—Newton method was utilized
while recalculating the weights for each iteration. From the
initial relative pose T;;, the solved increment § € se(3)
updates it incrementally through B operator. For more effi-
cient computation, we employ an inverse compositional
approach. This solves & in the reference frame instead of
solving it in the target frame, and updates T; in the refer-
ence frame. The residual is then rewritten in the following
form:

r(pi) =Zj(@(Tjipi)) — (aZi(w(T(E)pi)) + b). (€))

To find the optimal increment, we evaluate the derivative at
& = 0. Since the inverse compositional approach linearizes
at the same point during the iteration, we can precompute
jacobian, thereby significantly improving the computation
speed. The increment £ is calculated in the target frame using
Eq.(10):

86 = —TWIH 1 )T Wr, (10)

where J is the Jacobian, W is the t-distribution weight matrix
and r is stacked residuals. Once & has been obtained, the
update step is inversely applied as shown below.

le' <—Tj,' exp(—é) (11)

In addition, we leverage a coarse-to-fine scheme and a
constant velocity model to handle local minima and large-
displacement situations.
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Fig.4 Illustration of window-based optimization. The window consists
of NI keyframes, and each keyframe has its image and pointcloud.
Gray dots represent the pointcloud and rectangles represent images. A
point pi in keyframe is projected into all keyframes with covisibility.
A photometric residuals are then calculated between the patch at the
existing point and the other patch at a projected point

4.4 Window-based optimization

This section details the pose refinement through window-
based optimization. If the current frame satisfies the keyframe
creation criteria, a sliding window-based refinement is per-
formed on the multiple keyframes. As in the tracking module,
the photometric error model is adopted. The only differ-
ence is that the error model is applied to multiple frames.
The refinement in the multiple frames overcomes the lack
of information, such as a situation where the measurement
is biased in a single frame. However, this sliding window
based approach requires more computation as the number of
frames increases. To ensure constant computations, we kept
a fixed number of 3 to 10 frames, depending on the sparsity
of the measurement.

Each keyframe (F;) in the window (W ) has its own asso-
ciated points (P;j) and pose (Tj). As shown in Fig. 4, a point
(px) is projected into other keyframes depending on the co-
visibility in the window. This procedure creates a pose-graph
that contains points as latent variables; we want to optimize
the pose parameters & = {Ty, ..., Tny } associated with
those keyframes. Because range measurements from LiDAR
are fairly accurate, we only perform the optimization on the
poses of keyframes. To solve this refinement problem, we
define a photometric error in multiple frames and use the
patch of sparse pattern €2 as in the previous section.

argsmin% X Y ween(rew?) (2

-7:11,'EW.7: kaPi iEQ(pk)
Differing from Eq.(6), the error of point measurement

appears in multiple frames. The t-distribution weight w(-) is
applied for robustness.

4.5 Loop-closure

Although exploiting sliding window technique allows odom-
etry estimation with low drift, it is still an issue that errors
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eventually accumulate deteriorating the consistency of the
trajectory in a large-scale environment. To alleviate this issue,
it is necessary to optimize the entire trajectory by incorpo-
rating loop-closing. To accomplish this task, we use a global
pose-graph. Whenever a revisiting area is found through the
place recognition module, the loop-closing module provides
the constraint to the pose-graph and performs optimization.

4.5.1 Place recognition

The place recognition module provides a data association
for the reobserved area to obtain a consistent map in a large-
scale environment. In our framework, the place recognition
module depends on the DBoW proposed by Gélvez-Lopez
and Tardés (2012). Whenever a new keyframe is provided
by the VO module, the frame is represented as bag-of-words
vector v. Then the keyframe database computes the following
normalized similarity score to find a matching candidate for
the query vector vq:

S(Vc, Vq)

$(Ves V1) (1

N(Ve, Vg) =

where v, is a bag-of-binary words vector of the previously
added keyframe. To calculate the similarity s(v., v4), the
L-score is used as shown below:

Ve \Z

(14)
[Vel |Vq|

s(Ve,vg) =1— =

In this module, we exploit the pre-trained vocabulary from
Mur-Artal et al. (2015). If the score in Eq. (13) is less than
threshold @ = 0.7, we reject the candidate. Otherwise, we
consider the keyframe as a potential matching candidate for
the loop-closing. Finally, we validate the temporal consis-
tency by checking the similarity score between the candidate
and its neighboring keyframes of the current keyframe.

4.5.2 Loop-closing

The place recognition module provides a matching can-
didate for the constraints of the pose-graph. Rather than
performing loop-closing whenever a candidate is found, we
perform cross-validation by comparing the relative pose bidi-
rectionally. Given a new query keyframe F, and a candidate
keyframe F., we can estimate the relative pose from Eq. (6).
By changing the role of the reference frame in that equation,
we can independently compute two relative poses Ty, and
T, . If the difference between these two relative poses is sub-
tle, this cross-validation leads to a strong agreement and the
relative pose is added to the pose-graph as a loop constraint.

[l log (chch)” < € (15)
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Table 1 Parameters for keyframe management
Description KITTI Indoor Outdoor
vkr  Ratio for keyframe creation 0.8 0.8 0.8
tyy  Time for keyframe creation (s) 1.0 1.0 1.0
Ny  Window size (number of frames) 5 7 5

This procedure replaces performing geometric verifi-
cation with random sample consensus (RANSAC) in the
feature-based indirect method. Finally, Dynamic Covariance
Scaling (DCS) is applied to the loop edge to prevent failures
due to unreliable constraints (Agarwal et al. 2013).

5 Experimental evaluations

The proposed method was validated in various environments
where the camera and the LiIDAR can be used simultaneously.
The proposed method was evaluated using both the publicly
available open dataset and our own portable camera-LiDAR
sensor system. A consumer-level laptop with an Intel Core
17-7700HQ and 8 GB RAM was used for all experiments.
The parameters applied for the front-end of the algorithm
are introduced in Table 1.

5.1 Visual odometry evaluation on KITTI

To verify visual odometry performance, the proposed algo-
rithm was applied on the KITTI odometry benchmark dataset
(Geiger et al. 2012) by excluding loop-closure. In the KITTI
dataset, we only used the monochrome image acquired in the
left camera and the pointcloud from LiDAR for validation of
the proposed method. The dataset provides a 1230 x 370
resolution image, and LiDAR has 64 laser beams with an
FOV that is 30° in vertical and 360° in horizontal. The first

Om

Fig.5 From arich LiDAR data (64 laser beam from HDL64-E) in the
original data, we simulate a sparse LIDAR by sampling laser. The points
are color-coded by their depth value
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Fig.6 The sample result of the propose method in the KITTI dataset.
From the left column, the result represents sequence 00, 0/ and 05. The
results represent a comparison 64 ray LiIDAR as well as with simulated

set of experiments focused on evaluating the accuracy of
the proposed visual odometry and verifying the robustness
according to the sparsity of the laser beam. For this purpose,
64 laser beams were equally sampled to 16 and 8 rays, as
shown in Fig. 5. The evaluation contains no loop-closure in
order to compare only the motion estimation performance of
the visual odometry.

The KITTI odometry benchmark provides 11 training sets
with ground truth. Figure 6 shows the sample result from sev-
eral sequences of the training set using the proposed method.
The top row in Fig. 6 represents the estimated trajectory, and
the middle and the bottom show translational and rotational
error with respect to travel distance. The result contains the
results from sequence 00, 01 and 05. Note that sequence 0/
is a highway dataset obtained from a vehicle moving at high
speeds in a dynamic environment. Compared to other results,
the 8 rays have the most deteriorated estimated trajectory
in sequence 0I. Because sequence 0/ is a highway dataset,
repeated patterns in the highly dynamic environment resulted
in alarger error when applying 8 rays. However, the proposed
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16 and 8 ray LiDAR. Top row shows the estimated trajectory in a—c.
The middle shows the translational error according to the path length
in d—f, and g—i of the bottom shows the rotational error

method successfully handled the sparse range measurement
in other test cases.

The quantitative comparison results for all training sets
are shown in Table 2. The table includes the results accord-
ing to the sparsity of the laser beam. The results of DEMO are
directly referred from Zhang et al. (2017). The translational
error is the average of the errors measured by dividing the
entire trajectory into segments of 100 m, 200 m, - - -, 800 m.
The proposed method shows an average translational error
of 0.98% at 64 laser beams presenting better performance
than DEMO. The result of 16 laser beams shows 0.98% sim-
ilar to the results of 64 laser beams. In the case of 8 laser
beams, estimation yielded a meaningful accuracy except for
the highway case (sequence 01).

We present the error analysis according to path length and
vehicle speed, as shown in Fig. 7. In addition, we included the
results from three laser beams of 64, 16 and 8 rays to examine
the sparsity of the LIDAR. Figure 7 presents the translational
error on the top and the rotational error on the bottom. Despite
the length of the accumulated path increases, the translational
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Table 2 Comparison result of KITTI dataset

Seq no. Path len. (m) Environment DEMO (64 ray) Ours (64 ray) Ours (16 ray) Ours (8 ray)
0 3714 Urban 1.05 0.93 0.93 0.95
1 4268 Highway 1.87 1.47 1.09 7.25
2 5075 Urban +country 0.93 1.11 1.26 0.95
3 563 Country 0.99 0.92 0.98 0.94
4 397 Country 1.23 0.67 1.08 1.08
5 2223 Urban 1.04 0.82 0.77 0.77
6 1239 Urban 0.96 0.92 0.75 0.75
7 695 Urban 1.16 1.26 1.30 1.42
8 3225 Urban + country 1.24 1.32 1.30 1.30
9 1717 Urban + country 1.17 0.66 0.72 0.72
10 919 Urban + country 1.14 0.70 0.57 0.57
avg 1.16 0.98 0.98 1.52

The result represent an averaging translational error at each segment length

The bold type indicates the best accuracy
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Fig. 7 Error comparison with respect to the sparsity of LiDAR in the
whole training sequences. The first row shows the translational error
and the second row shows the rotational error. The left column and the
right column show the errors according to path length and vehicle speed

error is steadily bounded as in Fig. 7a, and the rotational error
isreduced in Fig. 7b. The translational error is relatively small
for the entire route because most of the motion in the vehicle
dataset is locally facing forward. The right column shows
the error according to the speed of the vehicle. As in Fig. 7d,
the faster the vehicle drives the smaller the rotational error
becomes. This phenomenon seems to occur due to the nature
of the non-holonomic constrained platform. Nevertheless, if
the measurement is too sparse, such as 8 ray LiDAR, the error
tends to increase according to the vehicle speed in Fig. 7b, d.

5.2 Evaluation on custom-built sensor system

The proposed method was evaluated by using our custom-
built camera-LiDAR sensor system in Fig. la. The sensor

(a) (b)

Fig. 8 Sensor configuration for outdoor experiment. a A camera-
LiDAR sensor on vehicle and b a VRS-GPS that is only used for
validation

system consists of a camera and a 3D LiDAR. The camera
provides an RGB image with a resolution of 800 x 600 run-
ning at the frame rate of 40 Hz with horizontal FOV 90°.
The 3D LiDAR used in the sensor system is equipped with
VLP-16 from Velodyne. The VLP-16 provides a relatively
sparse pointcloud over 16 laser beams, which results in very
small overlapping areas considering the FOV of the camera
and the LiDAR. Note that we performed experiments using
only the LIDAR measurements in the overlapping area.

In order for the proposed method to perform with opti-
mal performance in the sensor system, precise calibration
must be guaranteed between the heterogeneous sensors. We
first performed a calibration to obtain intrinsic parameters
of the camera to project the 3D point. The extrinsic calibra-
tion was then followed to obtain the relative transformation
between the camera and the LiDAR in a conventional man-
ner from Kassir and Peynot (2010). The proposed method
was validated by the sensor system in the outdoor and the
indoor environment, including loop-closure. In the outdoor
experiments, the sensor system was mounted on a car-like
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Fig.9 Comparison of estimated
trajectories from the proposed
method, GPS and ORB-SLAM.
a A parking lot experiment and
b a large-scale campus
experiment. Red and magenta
represent the GPS position, and
blue is the proposed method
using original 16-ray LiDAR.
Green is proposed method from
sampled 8-ray LiDAR. Orange
represents the results of
ORB-SLAM (Color figure
online)

. GP normal
= proposed(16ray)
= proposed(8ray)

| ]—ORB-SLAM
v

vehicle moving in campus areas. On the other hand, the
indoor experiment was conducted in the corridor inside the
campus building, whereas the sensor system was moved by
means of ahandheld. Similar to KITTI evaluation, the param-
eters for the visual front-end are listed in Table 1. For each
experiment, we compared the trajectory using two methods.
One is a proposed method, and the other is a single camera-
based ORB-SLAM. Since the ORB-SLAM used a monocular
camera, we performed the scale compensation using the
alignment errors of the ground truth and the estimated posi-
tion, then compared them (Zhang and Scaramuzza 2018).

argmin > lipg —sRPp—t | (16)
s,R,t

where s, R and t are similarity transformation parameters,
Pg: is ground truth position and p is estimated position. As
the scale is known in the proposed method, it is fixed to
s = 1. However, we could not use the ground truth trajectory
in the indoor experiment; we only reported the result of the
proposed method.

5.2.1 Outdoor experiment

The outdoor experiments are performed using our own
camera-LiDAR sensor system mounted on a car-like vehi-
cle. As shown in Fig. 8, the vehicle was equipped with our
portable sensor system together with an additional virtual ref-
erence station (VRS)-global positioning system (GPS). The
VRS-GPS provides an average error of 20 mm in the fixed
state and up to 1 m in the floating state. In addition, only a
few tens of meters of accuracy is guaranteed in the normal
state. By assuming the VRS-GPS measurements as ground
truth, we computed the position error of the proposed method.
To fairly compare the performance of the proposed method
against other single sensor-based methods, experiments were
conducted on a parking lot surrounded by buildings and cam-
pus as the large-scale environment.

Figure 9 shows the satellite image and the vehicle route
from GPS. In the parking lot experiment, the total travel dis-
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Table 3 Absolute position error between the VRS-GPS and the esti-
mated pose

16-Ray (m) 8-Ray (m) ORB-SLAM (m)
Parking lot 1.09 1.17 1.79
Campus 8.77 11.58 17.42

The proposed method shows better performance than ORB-SLAM in
8-ray and 16-ray results

tance is approximately 0.15 km and contains one loop. The
second experiment was conducted throughout the campus
that is a large-scale environment with a total travel distance
of 3.97 km and incorporating two loops. We compared two
methods against the baseline positions measured by VRS-
GPS.

In the parking lot experiment, we compared the trajec-
tories with the normal state GPS as ground truth. Because
the surrounding buildings are degrading the GPS signal, we
could only detect signals in the normal state. Figure 9a shows
trajectory estimation and its comparison to the ground truth
in the parking lot. Figure 9b represent the comparison result
in the campus experiment. The proposed method is consistent
and accurate in spite of the large-scale environment.

Table 3 shows the absolute position error between the posi-
tion estimated by the two methods and the VRS-GPS. To
simulate the situation of the sparser LIDAR measurement, we
further compared the 16 laser beams of the VLP-16 sampled
into 8 beams. The campus experiment, involved a discontin-
uvous interval of the GPS measurement, and we calculated
the error using only available GPS measurements. The pro-
posed method shows an absolute position error of 1.09m
and 8.77m in the two experiments. In particular, large-scale
campus experiments showed about half of the ORB-SLAM
position errors. Also, when the method was run with 8 laser
beams, the errors were 1.17m and 17.42m.

Our method includes loop-closing and allows consistent
trajectory results on a large-scale. In addition, the method has
pointcloud measurements in all frames, so as to produce a col-
ored pointcloud directly using the estimated trajectory. Fig-
ure 10areveals the pointcloud map obtained from the outdoor
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Fig. 10 3D reconstruction result on the campus experiment. a The pointcloud obtained by performing loop-closing in the entire area of the

experiment. b—e Depict the close-up of the generated pointcloud

experiment. The resulting pointcloud map presents enough
accuracy, even though no additional geometric point match-
ing was performed. Because of the results obtained only with
visual odometry and loop-closing results, further improve-
ment may be possible if point-matching or map merging
algorithms are performed as in Zhang and Singh (2015).

(b)

Fig. 11 Indoor experimental environment. a The floor plan with the
location where the ArUCo marker is installed. The location where the
marker was installed is shown as blue dots. b The corridor environment
with the marker in which the experiment was performed (Color figure
online)

5.2.2 Indoor experiment

The next experiment was performed in an indoor environ-
ment using our camera-LiDAR sensor system. The indoor
environment is a typical GPS-denied environment and
ground-truth is not provided. In order to evaluate the per-
formance of the proposed method in this experiment, we
installed ArUCo markers from Garrido-Jurado et al. (2014)
at four locations as shown in Fig. 11a. Figure 11b shows the
scene in which the markers are installed in the corridor. We
evaluate the performance of the proposed method by compar-
ing the relative poses measured from the markers against their
corresponding estimated poses. We traveled along the loop
three times, resulting in a total path length of 180 m. Since the
absolute position of the markers in the indoor experiment is
not known accurately, we compared the Root Mean Squared
Error (RMSE) of the relative position between the measured
position by the markers and the estimated position by pro-
posed method whenever the markers were re-observed on the
revisit. Single sensor-based methods were only qualitatively
compared because of the failure of the trajectory estimation.

As shown in Fig. 11a, the markers were placed at the
four corners in the corridor (M1 to M4). They are recog-

Table 4 Relative position error between the measured relative pose by
the marker and the relative pose in the estimated trajectory

M1 (m) M2 (m) M3 (m) M4 (m)
Loop 1-2 0.1263 0.0712 0.1074 0.0535
Loop 2-3 0.0655 0.0633 0.2540 0.0668
Loop 3-1 0.1323 0.0770 0.1837 0.0636
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Fig. 12 Comparison of estimated trajectories and 3D reconstruction result on the indoor experiment. Magenta points depict marker position. b The
pointcloud obtained by performing loop closing in the entire area of the experiment. c—f The close-up of the generated pointcloud (Color figure

online)

nized by the camera to measure the relative poses between
the marker and the camera. Table 4 summarizes the relative
positional error between the measured pose by the ArUCo
marker and the estimated pose by the proposed method.
When the marker is viewed too far away from the camera, the
degradation of accuracy is reported (Malbezin et al. 2002).
Hence, we compared the results using the measured pose
when the marker was recognized only at a close distance.
While the planned path provides three revisits, the average
relative error was kept small (0.105 m). This is because the
proposed method includes loop-closing via pose graph opti-
mization, while successfully maintaining the consistency of
the map and reducing the drift of the entire trajectory. In one
case of M3, the reported error is somewhat larger between the
second and third revisit. This is due to the placement of the
M3 marker since the marker is located right around the corner
and is suddenly recognized immediately after the corner dur-
ing the experiment. This leads to the error in marker-based
pose measurement.

Figure 12 represents the comparison of estimated tra-
jectories from each method and 3D reconstruction results.
Figure 12a depicts the trajectory result with the estimated
position of the markers. Whenever a marker is observed in
the image, the position of the marker is measured based on the
estimated pose. Three times of revisits produced a number of
positional estimation of each marker from multiple scenes,
and we plotted the averaged measurement of each marker.
The inferred trajectory from the proposed method is consis-
tent due to the loop constraint during three laps. Figure 12b
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shows the 3D reconstruction results. The reconstructed 3D
pointcloud map may be sparse compared to dense RGB-D
camera cases but may present excellent quality in terms of
global consistency as in Fig. 12c—f. Even though no further
refinement through point matching was followed, the pro-
posed method yielded a consistent pointcloud map of the
environment.

6 Conclusion

In this work, we introduced a direct visual SLAM method
for camera-LiDAR sensor systems where sparse depth is
available. The proposed method presented robust SLAM
results, even if extremely sparse depth measurements (8-
ray) were available in a large-scale environment. Sliding
window-based pose estimation prevents local level drift, and
the appearance-based place recognition module and the pose
graph optimizer maintain consistency at the global level.
The method was evaluated using our own sensor system and
KITTIbenchmark dataset. Our method provided accurate tra-
jectory and pointcloud maps of real-world metrics without
performing point matching at all.

Despite the sensor-wise advantage of direct exploita-
tion of a LiDAR, the displacement between the two sen-
sors may cause occluded points between multiple frames.
As also indicated by Huang and Stachniss (2019), degra-
dation of robustness and accuracy under large occlusion
can be further improved by explicitly handling occlusion.
In the proposed approaches, the point sampling strategy
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and outlier rejection scheme ameliorated this occlusion
effect. Targetting a more cluttered environment, our future
work is at ensuring accuracy and robustness under vari-
ous moving objects and occlusion by incorporating semantic
information.

In future work, we plan to extend our approach to robust
camera-LiDAR SLAM systems for illumination changes
using geometric information from LiDAR. Accuracy can be
further improved by including the extrinsic parameters of the
two sensors in the optimizer.
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