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NALO-VOM: Navigation-Oriented LiDAR-Guided
Monocular Visual Odometry and Mapping
for Unmanned Ground Vehicles

Ziqi Hu", Jing Yuan ¥, Member, IEEE, Yuanxi Gao

Abstract—Monocular visual odometry (VO) is a fundamental
technique for unmanned ground vehicle (UGV) navigation. How-
ever, traditional monocular VO methods always suffer from sparse
environment maps which cannot be directly used for navigation
because of the lack of structural information. In this article, we
propose a navigation-oriented LiDAR-guided monocular visual
odometry and mapping (NALO-VOM) to obtain scale-consistent
camera poses and a semi-dense environment map which is more
suitable for navigation of UGVs. The structure representation
ability of the 3D LiDAR point cloud is learned by a major-plane
prediction network and then transferred into the monocular VO
system in NALO-VOM. As a result, NALO-VOM can construct a
more dense and high-quality map using only a monocular camera.
To be specific, the major-plane prediction network is trained offline
using 3D LiDAR geometric information, which predicts major-
plane mask (MP-Mask) for each frame of the visual image during
the localization. Then, MP-Mask is used for scale optimization
and semi-dense map building. Experiments are performed on the
public dataset and self-collected sequences. The results show the
competitive performance on the localization accuracy and mapping
quality compared with other visual odometry methods.

Index Terms—Navigation-oriented visual odometry, semi-dense
map building, unmanned ground vehicles.

I. INTRODUCTION

ONOCULAR cameras are indispensable for some en-
M vironment perception tasks as cameras can capture tex-
ture information from the environment, and are flexible to be
set up on autonomous vehicles. Therefore, monocular visual
odometry (VO) has attracted increasing attention in the fields of
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automation driving [1], [2]. To be specific, the monocular VO
plays an important role in the visual simultaneous localization
and mapping (vSLAM) by providing an accurate state estimate.
However, the environment map built by the traditional monoc-
ular VO is merely used to assist estimating camera poses [3],
[4], instead of representing the structural information of the
environment. As a result, the environment map built by the
traditional monocular VO is usually too sparse to be used in
UGYV navigation. In order to suit a monocular VO method to
UGV navigation, a navigation-oriented monocular VO should
have three basic characteristics. First, it can provide accurate
state estimate of the UGV. This is a general requirement for
an odometry which can be achieved with a single inertial mea-
surement unit (IMU) and a global positioning system (GPS)
module [5],[6], [7], [8], when visual information is not available.
Second, a environment map can be simultaneously built during
the localization process. Third, a navigation-oriented monocular
VO should build a dense enough map that can be transformed
into a 2D grid map or 2.5D elevation map, which is used for
motion planning and navigation.

In the current monocular VO frameworks, both indirect meth-
ods [9], [10] and direct methods [3], [11] require sufficient
changes on the pixel gradient of map points, resulting in few
map points can be obtained in the texture-less areas (e.g., white
walls and grounds). Moreover, the environment map (or the
feature map) constructed by indirect methods is too sparse to
contain sufficient structural information. In such a situation,
the UGV cannot obtain an available navigation map for motion
planning and decision making. To this end, some monocular
dense SLAM works [12], [13], [14] proposed to integrate a depth
prediction network into the VO or SLAM system. In this way,
pixel-wise depths are estimated and a dense environment map is
constructed. However, the depth prediction network suffers from
high computational complexity and the map accuracy strongly
relies on the network performance in specific environments.
Therefore, these methods are difficult to apply to UGV systems
in other environments whose appearances are largely different
from training datasets.

Inspired by the 3D LiDAR point cloud which can precisely
describe the accessible regions around the UGV, we propose a
navigation-oriented LIDAR-guided monocular visual odometry
and mapping, named NALO-VOM. The geometric structure
representation ability of LiDARSs is learned and transferred to
the monocular VO, such that a navigation-oriented map can
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be built with only a monocular camera. Specifically, a major-
plane prediction network is trained offline with non-artificial
labels produced by camera-LiDAR pairs. Then, the resultant
network is integrated into the monocular VO system to predict a
major-plane mask (MP-Mask) in each image frame. Based on the
visual stereo matching method, different sizes of major-planes
are estimated using MP-Mask to construct a dense and accurate
environment map. Moreover, the ground is extracted from the
major-planes to constrain the trajectory scale. The contributions
of this article can be summarized as follows:
® We propose a navigation-oriented LiDAR-guided monoc-
ular visual odometry system. To our best knowledge, it is
the first time to transfer the structure representation ability
of the 3D LiDAR to monocular visual odometry with the
major-plane prediction network. It is worth noting that the
proposed monocular VO system only uses a monocular
camera to construct a high-quality map that can be used
for motion planning and decision making.
® MP-Mask is estimated from the major-plane prediction net-
work to help achieve dense front-end tracking and extract
the ground plane for constraining the scale drift. To our best
knowledge, it is the first time to incorporate the major-plane
into the monocular VO system to optimize the scale and
build a denser map. As a result, accuracy of the VO and
density of the map can be largely improved.
® We perform experiments to evaluate the proposed method
on the public dataset and real-world outdoor sequences.
The results show superior localization performance com-
pared to state-of-the-art visual VO methods and a denser
map can be obtained which is more convenient for UGV
navigation.

II. RELATED WORK
A. Monocular Visual SLAM

The monocular visual SLAM can be categorized into indirect
and direct methods. The indirect method (feature-based method)
extracts significant features from images to perform data associ-
ation and represent an environment map. In order to ensure the
accuracy of data association, features (e.g. FAST [15], SIFT [16],
SUREF [17], and ORB [18]) should have strong distinctiveness
in the feature space. Therefore, the indirect methods [9], [10]
only build a sparse map, which can’t describe the geometrical
structure of the environment very well. Such a sparse feature-
point map cannot be used for motion planning and navigation
of UGVs. Compared to the indirect method, the direct method
relaxes the feature selection criteria, which directly uses the
pixels with large gradients to estimate depths, and then builds
a denser map. Despite the enhancement of map representation
ability compared to the indirect methods, the existing direct
methods [3], [11] still fail to tackle texture-less areas (e.g.,
walls and grounds), which remains challenging. On the other
hand, both indirect and direct methods suffer from scale drift
in large-scale environments. To solve this problem, Wang et
al. [19] proposed a novel VO system which takes the ground
plane model into consideration as feedback when performing
ground detection to obtain high-accuracy ground geometric
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information. After that, [19] performed scale recovery based on
the ground plane and obtained low-drift results during long-term
localization.

B. Multi-Sensor Fusion SLAM

The LiDAR plays an important role in the mapping process
of multi-sensor fusion SLAM, since the visual map points are
less accurate than those of the LiDAR. Radmanesh et al. [20]
proposed a LiDAR-visual SLAM system to improve localiza-
tion accuracy and mapping performance by fusing LiDAR and
visual information based on an unsupervised object discovery
method. Shao et al. [21] proposed a system that fused stereo
visual and LiDAR information, which improved the localization
performance of the LiDAR under degenerate scenarios with the
assistance of stereo vision. However, the visual information was
only used for localization, which means map building still relies
on LiDARs. Lin et al. [22] proposed a real-time LiDAR-inertial-
visual tightly-coupled SLAM system, using an error-state iter-
ated Kalman filter and modified factor graph optimization to
achieve real-time localization and dense map building. However,
the denseness of the map is mainly contributed by the LiDAR
information. If the LiDAR happens to break down, the camera
cannot construct the environment map solely [20], [21], [23].

C. Monocular Dense vSLAM

Inrecent years, depth prediction networks are adopted in some
monocular dense SLAM systems [24], [25]. They predict a depth
map for the input image. The resultant depth map is used to
construct a dense environment map. Tateno et al. [12] fused the
convolutional neural networks (CNN) for depth estimation [26]
and semantic segmentation network [27] into LSD-SLAM [11]
to build a global dense map and recover monocular scale.
Czarnowski et al. [28] proposed a deep-learning-based SLAM
system in a probabilistic framework. By integrating learned
priors over geometry with classical SLAM formulations, the
system was capable of building a global dense environment
map. Koestler et al. [29] fused the depth map predicted by
a multi-view stereo network (MVSNet) into the global map
using the truncated signed distance function (TSDF) method.
Yokozuka et al. [30] utilized extremely dense feature points to
estimate camera poses and mesh the sparse map points into
the global map using the non-local total generalized variation
(NLTGV) method [31]. Generally, dense mapping requires as
accurate as possible depth prediction on each pixel. However,
for UGV navigation, the scenarios are normally variable and
complex, which is challenging for generalization of the depth
prediction network. And to some extent, existing depth predic-
tion networks cannot meet the accuracy requirement for building
a navigation map. Meanwhile, a large amount of depth ground
truth is required for training, however, in outdoor scenarios,
obtaining such ground truth still remains an issue [32].

III. SYSTEM OVERVIEW

Fig. 1 depicts the overview of the proposed system. The
system is divided into two parts which are offline training
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Fig. 1. Overview of the proposed system.

and online odometry process. During the offline training, a
monocular camera and a 3D LiDAR are running synchronously
to produce non-artificial labels which are used to train the
major-plane prediction network. During the online odometry
process, only the monocular camera is used. The RGB image
and MP-Mask from the major-plane prediction network are fed
to the localization module to perform major-plane recovery.
After major-plane recovery, the ground height is extracted to
constrain the relative scale in scale optimization which then
feeds the optimized pose of the current keyframe to sliding
window optimization. In the end, the scale-consistent camera
poses are estimated as the system outputs. The major-planes
estimated by localization module are fed to the mapping module
to perform map fusion and refinement, which then construct a
navigation-oriented map.

IV. MAJOR-PLANE PREDICTION

The major-plane refers to an area that satisfies three con-
ditions: 1) possessing highly uniform planar curvature every-
where; 2) occupying a big enough area; 3) presenting good
connectivity when projected onto the image plane. Major-planes
contain abundant geometry information of the environment,
especially for most texture-less areas (e.g., ground and white
walls). With this additional information, texture-less areas can
also be used in the tracking and mapping process without the
need for sufficient features. Different from the VO/SLAM sys-
tems that extract planes using depth information provided by
RGB-D sensors [33], [34], [35], extracting major-planes from a
solo RGB image remains unresolved [36], [37], [38]. Since lack
of 3D depth information makes it hard to distinguish between
3D planes at different distances. In contrast, it is easier to extract
major-planes from LiDAR point clouds, since point clouds
contain more structural information. Therefore, we use LiDAR
point clouds to guide major-plane extraction from an image by
embedding point cloud geometry information into a major-plane
prediction network. The network structure proposed in [39] is
adopted in the major-plane prediction network. The training loss
E(g) is defined as
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Fig. 2.

Major-planes extracted from the point cloud map.

where g(; jy = log 8(; ;) —log s(; ;) with the gray scale 5; ;)
and s(; ;) at the location (4, ) on the predicted image and the
label image, respectively. A and w denote the height and width
of the image, respectively. ¢ denotes the number of pixels on the
image and A = 0.7. In fact, E(g) is a sum of the variance and a
weighted squared mean of the error in log space [39].

Noting that, the artificial depth labels used in the depth predic-
tion network [39] are not suitable for the LiDAR structural prior
learning in the major-plane prediction network. Therefore, we
propose a camera-LiDAR pairing self-labeled method to gen-
erate projection labels for the major-plane prediction network
training. The major-plane prediction network is trained offline
using a set of images and point clouds collected by the well-
calibrated camera and 3D LiDAR, respectively. Major-planes
are first extracted from each scan of the point cloud obtained
by the LiDAR. In order to ensure the precision and recall of
major-planes, region-growing segmentation is firstly applied to
the point cloud to find as many as possible plane regions in the
environment. Secondly, each plane region is optimized using the
random sample consensus (RANSAC) method to reject outliers
and improve the accuracy of the plane parameters. Despite that
not all the planes are extracted, the major-planes represent most
texture-less areas (e.g. roads and buildings) of the environment,
as shown in Fig. 2. Moreover, merely estimating major-planes
reduces the difficulty in network training and improves its gen-
eralization performance.

The extracted major-plane point clouds are projected onto
the image plane. The projections are labeled as the positive
pixels p; = [z,y]T which are then assigned with the gray scale
of I(p}) =255 - np! /Mimax, Where Ny, and Nmax are the point
numbers of the point cloud containing p); and the largest point
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Fig. 3.
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LiDAR point cloud is projected onto the image plane, which is then used as the training label after upsampling. (a) The input images, (b) the upsampled

point cloud projected images which are used as the training labels, (c) the prediction results of the network, (d) the refined prediction results which are used as

MP-Mask in NALO-VOM.

cloud, respectively. The remaining pixels except the positive
ones are assigned with the gray scale of 0. However, only a
few pixels can be associated with the projections due to the
sparseness of point clouds, which could make the network
training difficult to converge. To this end, the projected image is
upsampled to make positive pixels denser. In the upsampling
process, the pixels belonging to the same major-plane area
are assigned with the same gray scale value. The upsampled
images are taken as training labels in the major-plane prediction
network training. Note that, during the VO process, the predicted
MP-Mask is refined by removing small regions and normalizing
the pixel values of each major-plane area. To be specific, firstly,
dilation and erosion are applied to the MP-Mask to eliminate
small outlier regions caused by the noises of the major-plane
prediction network. Then, the regions of which the sizes are
smaller than a threshold S,;ea = Smax/n are further removed
as the outlier regions, where sp,.x i the size of the largest
major-plane area, 1 is a constant (7 = 8 in the experiment).
Finally, the pixels within the same region are normalized to the
same gray scale. Fig. 3 shows some samples of input images,
upsampled projected images, prediction results of the network,
and MP-Mask. Note that, the shadows caused by cars and trees
can affect the continuity of the ground plane by affecting the
texture consistency, as shown in Fig. 3(a). On the other hand,
the ground plane can also be affected by the labels of training
data. To be specific, the labels obtained by the 3D LiDAR may
have some flaws, since the 3D LiDAR cannot receive the strong
reflection signal on some spots of the ground caused by some
external factors (e.g., surface material, occlusions, etc.). As a
result, small vacant regions may appear on the corresponding
areas of labels. However, such discontinuity has little effect on
localization performance of NALO-VOM, since the edge and
shape information of the ground plane is not used in relative
scale optimization and dense tracking process.

Note that, although the plane-assisted VO/SLAM systems
have been intensively studied, they only utilize the ground plane
obtained by the depth prediction network as the extra geometric

information to improve the accuracy of localization. Different
from [19], [40], [41], [42], which only used the ground plane,
the major planes in NALO-VOM contain not only the ground
plane, but also some other planes, such as walls and texture-less
areas. Accordingly, the geometrical information used in relative
scale optimization and dense tracking are provided by all sorts
of major planes. The major-plane plays an important role not
only in high-accuracy localization, but also in the semi-dense
mapping process.

V. VISUAL LOCALIZATION AND NAVIGATION-ORIENTED
MAP BUILDING

The major-plane prediction network obtained by offline
LiDAR-guided training is integrated into the monocular VO
system to provide the system with the structure representation
ability of LIDAR. NALO-VOM only takes RGB images as the
inputs (i.e., the system performs as a monocular visual odometry
system). At the frontend, NALO-VOM uses DSO [3] for dense
tracking. Since the monocular VO cannot keep the scale stable,
the ground is extracted using MP-Mask to constrain the relative
scale. Then, the navigation-oriented map is constructed with the
help of MP-Mask.

A. Dense Front-End Tracking

In DSO, the depth map D, is propagated to the reference
frame from older keyframes in a sliding window. However,
D, is sparse, and thus cannot provide a robust estimation
when applying direct image alignment between the reference
and the current frame. TANDEM [29] proposed to incorporate
the TSDF-rendered depth map to utilize more interframe data
association. Compared to TANDEM, we directly add more
pixels with depths d, to the front-end tracking using MP-Mask.
Specifically, pixels of D), on the same plane are back-projected
to generate 3D points, and then they are used to fit the plane
parameter 7 = [, 0|1, where & € R? is the unit normal of
the plane, o € R is the vertical distance from the origin to the
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plane. The newly added depth d, is given by

* =T -1 -1
d,=n" K -p-o -, 2)
where K is the camera intrinsic parameter matrix, and p is the
homogeneous pixel coordinate. Compared with the depth map
directly obtained by DSO, the denser depth map in NALO-VOM
yields more robust and accurate image alignments.

B. Scale Optimization

Scale drift is a common problem for long-term monocular
VO. Scale priors can’t be propagated to the current frame when
a large change of the visual angle occurs, since a large number
of old 3D points cannot be projected onto the current frame.
In order to keep the scale consistent, an assumption is made
that the vertical distance between the camera and the ground is
constant. In the city scenarios, the assumption is valid since most
grounds in the city are locally flat. And for most navigation tasks,
the rigid transformation from the camera coordinate system to
the UGV coordinate system is invariant. By constraining the
distance between the origin of the camera coordinate system
and the local ground to be a constant hg, scale consistency can
be achieved.

Scale refinement is performed after the sliding window op-
timization. The scale constraint p. is imposed on the current
keyframe f. by p. = hg/h., where h. is the ground height
estimated in f.. p. represents the scale ratio between the fixed
scale and the relative scale of f.. The translation ¢}, between
the current frame f. and the reference frame f, is updated by
tt, = pe - ter. Because of the estimation error of h., the sliding
window optimization is applied to update the poses and inverse
depths of keyframes in the window. The loss function is defined
by

w W
L=argmind > " wpl|lL(p) - L@, @

fT-,fty@id r=1 t=1 peNr

m2

Wp = 5
P om? +[[VL(p)I3

“

where &, € se(3) and & € se(3) represent the poses of the
reference frame and target frame (p is observed in a target
frame), respectively. ©;4 is the set of inverse depths of active
pixels (i.e., the pixels with convergent inverse depths) in the
window. W is the length of the sliding window. ;. is the set of
active pixels in the frame f,.. I,. and I, are the pixel values of p
in the frame f,. and f;, respectively, and || - || is the Huber norm.
m is a constant. p’ stands for the projected point position of p
with the inverse depth d,,, given by p’ = 27! - K - P, with

P

X
P, = |y| =R(d,'"K 'p) + ¢, Q)
z

TtT = 9 (6)
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where T, € SE(3) is the transformation matrix of a point from
f r to f t-

The ground is selected from major-planes according to the
direction, distance to the origin, and amount of pixels covered
by the plane. Because the ground plane always occupies a large
portion of the image, the number of pixels representing the
ground in MP-Mask is utilized to rapidly and roughly distinguish
the ground from other surfaces. In cases where the ground plane
contains insufficiant pixels due to occlusions, the current frame
is excluded during the scale optimization process. Without loss
of generality, we assume the x-z plane of the camera frame is
parallel to the ground. The normal vector direction of the ground
needs to be as same as the direction of the y axis of the camera
frame, and the distance from the origin of the camera frame to
the ground needs to be as far as possible. We use the method in
Section V. A to obtain the ground parameters. Then, we fix hg
once the ground parameters converge.

C. Map Reconstruction

The map reconstruction is based on the inverse depth estima-
tion of each tracking point. To be specific, the tracking point p
on the reference frame f; is projected onto the current frame f.
to find the matching point Ppatch = [Um, V)T on the epipolar
line. Then the inverse depth dp, of p can be obtained by

Tp . — Um?
dp — Pc M~Pec (7)
Umzt — Tt

where [7p_, Yp., 2p.]T = KRK!p, [z¢, yt, 2¢]T = Kt, K is
the camera intrinsic parameter matrix, R and t are the rotation
matrix and translation vector from f;. to f., respectively. Since
the noise exists in the estimation of d, the uncertainty range
(dp™, dp™) of dp, is given by
min Tp, — (um + J)»)ch
dmin = : ®)
(um +03)2¢ — @4

dmax — xPc B (Um - J)\)ch , (9)
P (Um — 02)2¢ — Ty

where the uncertainty o; is calculated using the method pro-
posed in [43].

In existing dense SLAM methods, reconstruction of texture-
less areas always requires the pixel-wise depth map predicted
by a deep network [12], [29]. They rely on the precision of the
network which needs a large amount of training data. Unlike
the methods mentioned above, we introduce major-planes into
the map building to fill the voids in the sparse feature map.
Specifically, the pixels in f,, indicated by MP-Mask are selected
evenly and assigned with depths calculated by (2). These pixels
are then back-projected to Cartesian space to generate 3D point
cloud ¥,, = {"my|k = 1,2,..., N}, where "7, represents for
the kth major-plane. The sparse point cloud map generated by
DSO is given by M. M; is built by back-projecting active
pixels to Cartesian space to generate 3D points on each keyframe
using D,,. Due to the sparse characteristic of My, it cannot fully
represent the environment structure. To this end, NALO-VOM
constructs a navigation-oriented map by combining the sparse
map M, and major-planes. "7y, is optimized by aligning to the
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segmented plane "7} 80 ¢ M,, where "D S0 s the nearest
plane to ™7r, in M. The loss function of " Ly, is given by

>

pPE" T

n._DSOT
|["

“Pll2
nNk ?

Ly = (10)

where " Ny, is the point number of "m. Then, the resultant
major-planes are integrated with M to create an environment
map, which is much denser than M. Also, the constructed map
fully represents the environment structure both in the texture-less
areas and the fine-grained areas. It can be transformed into a 2D
grid map or 2.5D elevation map used for UGV navigation.

VI. EXPERIMENTS AND RESULTS

We evaluate the performance of the proposed NALO-VOM
on the public dataset KITTI [44] and self-collected sequences.
The KITTI dataset has 11 sequences that are provided with
ground truth using GPS/IMU localization unit [45]. In this
article, we compare our system with seven state-of-the-art
monocular VO and vSLAM systems, including DSO [3],
ORB-SLAM2 [9], VISO [46], and some other VO methods
which contain ground plane estimation and scale optimiza-
tion [19], [40], [41], and [42]. Loop closure and relocalization
are disabled in ORB-SLAM2 for fairness. The real-world exper-
iments are conducted on self-collected sequences. NALO-VOM
runs on a laptop with an Intel 17-9700 K CPU, and an NVIDIA
RTX 3070 with 8 GB VRAM.

A. Evaluation Metrics

The metrics used to evaluate all seven methods are:

Localization Accuracy: The localization accuracy is evalu-
ated with the metrics §,o; and Oyrqns given by KITTI [45]
representing the error of the rotation and translation of camera
poses, respectively. The estimated trajectory is scaled aligning
to the ground truth because the absolute scale is not available in
the monocular VO.

Mapping Quality: Two metrics are used for evaluating the
mapping quality, including the map similarity and the point
cloud density. Furthermore, the estimated point cloud maps are
transformed into 2D navigation grid maps. And the Hybrid A*
path planning algorithm [47] is performed on the 2D navigation
grid map to verify whether the estimated point cloud map is
suitable for UGV navigation.

. S?nap measures the map similarity between the estimated

map M.s; and the map Mj;q,, built by LiDAR-based
SLAM [48]. S}nap is given by calculating the propor-
tion of the point p € M;4,, which satisfies d(p, Mes) <
Ad(p, Myigar), where d(-) gives the minimal distance be-
tween the point and the map (i.e., the nearest point in the
map) and A is a ratio factor. The bigger Szmp is, the more
similar the distribution of points in M is to thatin Mj;qq,-.

Note that, we compare M. with M;; 44, after alignment

between them, since M, ; does not include absolute scale

information.

® The point cloud densities ¢1, 3 ... o7 measure the number
of points in different objects (i.e., roads, terrains, cars,
buildings, sidewalks, fences, and vegetation in KITTI). ¢
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TABLE I
Rf OF MP-MASK ON THE KITTI DATASET
00 01 02 03 04 05
Ry 8997% 93.74%  90.20%  90.39%  93.36%  97.90%
06 07 08 09 10
Ry 98.64% 93.82% 91.18%  86.05%  93.59%

is given by calculating the point ratio between M., and
the ground truth map M, obtained by the point cloud
segmentation provided by KITTI. My, is built using the
ground truth poses and point cloud provided by KITTI.

¢ In order to further verify the quality of the obtained point
cloud maps, they are transformed into 2D navigation grid
maps. To be specific, the map points are projected down
to the ground plane along with the normal direction of the
ground plane. The grids cells occupied by the projections
are defined as the obstacle cells, and the rest cells are
defined as the accessible space. It is worth noting that,
not all the map points are selected to be projected onto the
ground plane. In the KITTI dataset, the map points with the
vertical distance dheight € [0.1, 3] from the ground plane
are selected. On the one hand, the map points belonging
to the ground are removed, since the ground should not
be considered as the obstacles in UGV navigation. On the
other hand, considering the actual height of the UGV, the
points distributed in the space which is much higher than
the UGV are not considered as the obstacles as well.

B. Major-Plane Prediction Network

For the implementation of the major-plane prediction net-
work, we use ResNet-50 [49] as the encoder part of the major-
plane prediction network, whose parameters are pre-trained on
the ILSVRC dataset [S0]. We use Adam [51] as the optimizer
with 81 = 0.92, 8 = 0.99, and € = 1075. In order to achieve a
convergent optimization, the initial learning rate is set to 1075
and then follows the polynomial decay with power p = 0.9. The
major-plane prediction network is trained on the raw dataset of
KITTI with the input resolution of 352 x 704 on aNVIDIA RTX
A6000 with 48 G memeory for 150 epochs with a batch size of
16. In order to further improve the generalization performance of
the network, data augmentation is applied by randomly rotating
the image and adjusting the contrast and the brightness of the
image.

The major-plane prediction network is tested on the visual
odometry datasets of KITTI which are different from the training
dataset. Since the label images are obtained by the heuristic
self-labeled method (introduced in Section IV), the labeled
values actually don’t have practical meanings, which are only
used to distinguish different major-planes. Considering that one
of the most important functions of the major-plane prediction
network is to detect the ground plane areas, we evaluate the
performance of the network by calculating the frame percentage
R ¢ of which the ground plane area is detected on the MP-Mask
on 11 sequences of the KITTI dataset. Specifically, R is the
ratio of the number of the frames in which the ground plane can
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TABLE II
LOCALIZATION RESULTS OF 8¢7-qns AND 8ot ON THE KITTI DATASET

ORB-SLAM2-noLC [9] DSO [3] VISO-M [46] Song et.al [40] Wagstaff er.al [41] DNet [42] Wang et.al [19] Ours

Seq Len Trans Rot Trans Rot Trans Rot Trans Rot Trans Rot Trans Rot Trans Rot Trans Rot

(m) (%) (deg/m) (%) (deg/m) (%) (deg/m) (%) (deg/m) (%) (deg/m) (%) (deg/m) (%) (deg/m) (%) (deg/m)
00 3724 28.84 0.1982 29.78  0.2023 11.91 0.0209 2.04 0.0048 1.86 - 1.94 - 1.01 0.0014 1.19 0.0028
01 2453 * * 1.79 0.0014 - - - - - - - - - - 111 0.0009
02 5067 2.63 0.0016 5.43 0.0038 3.33 0.0114 1.50 0.0035 227 - 3.07 - 0.93 0.0018 1.91 0.0029
03 560 1.12 0.0020 0.79 0.0021 10.66  0.0197 3.37 0.0021 - - - - 0.52 0.0010 0.82 0.0021
04 393 2.25 0.0018 0.89 0.0021 7.40 0.0093 2.19 0.0028 - - - - 1.16 0.0023 0.85 0.0020
05 2205 8.53 0.0055 7.80 0.0015 12.67  0.0328 1.43 0.0038 1.50 - 3.32 - 1.45 0.0014 1.01 0.0015
06 1232 18.21 0.0074 18.08  0.0019 4.74 0.0157 2.09 0.0081 2.05 - 2.74 - 2.92 0.0027 1.33 0.0019
07 694 9.60 0.0121 7.52 0.0038 - - - - 1.78 - 2.74 - 1.73 0.0023 1.59 0.0036
08 3222 12.39 0.0032 8.36 0.0028 13.94  0.0203 2.37 0.0044 2.05 - 2.72 - 1.18 0.0017 0.90 0.0021
09 1705 16.64 0.0053 9.54 0.0019 4.04 0.0143 1.76 0.0047 1.50 - 3.70 - 1.17 0.0020 1.02 0.0022
10 919 5.07 0.0063 5.49 0.0034 2520  0.0388 2.12 0.0085 3.70 - 5.09 - 0.93 0.0029 0.85 0.0025
Avg 201582  10.53 0.0243 8.68 0.0206  10.43  0.0204 2.10 0.0047 2.09 - 3.17 - 1.25 0.0020 1.14 0.0022
Std 142457 830 0.0580 8.13 0.0575 6.42 0.0092 0.54 0.0021 0.66 0.87 0.65 0.0006 0.33 0.0007

* represents the method fails on this sequence.
The bold values represent the lowest translation error and rotation error, respectively.

be detected using the method in Section V to the total number of
the frames on each sequence. The results are shown in Table I.
It can be seen that the major-plane prediction network achieves
a high Ry on most sequences, which shows the ground plane
can be successfully detected in most frames.

C. Localization Results

Table II gives the quantitative results on all 11 sequences
in the KITTI dataset. NALO-VOM achieves the best perfor-
mance on 8 sequences in terms of the translation error and
3 sequences in terms of the rotation error. The VO system
in [19] implemented a much stricter criterion on filtering the
ground plane according to its norm direction, which leads to
a slightly better performance on the rotation estimation on
5 sequences. On the other hand, [19] extracted local ground
surfaces using the Delaunay Triangulation method, making it
easier to deal with the ground planes which are not strictly flat.
Therefore, [19] obtains a slightly better performance in terms
of the translation error on sequences 00, 02, and 03, where the
scenes contain a lot of slopes. However, [19] didn’t takes the
distance between the camera and the ground plane into account
during estimation of the ground geometric model. In addition,
it also strongly relies on the quantity and location of feature
points during the ground plane detection. When the feature
points cannot satisfy the requirements, the localization accuracy
will be easily affected. In general, NALO-VOM presents much
better performance than [19] in terms of the average translation
error, while it reaches the approximately same level as [19] in
terms of the average rotation error.

It is worth noting that ORB-SLAM?2 performs better than the
proposed method on sequence 02 in terms of rotation estimation,
where the scenes are mainly composed of slope roads on hills,
rather than flat surfaces. In such a situation, the proposed method
cannot fully make use of the advantages of the scale optimization
which is based on the global ground consistency assumption.
On sequences 03 and 04, the vehicle just moves forward along
a straight road, and thus no large change of the view angle of
the camera occurs. As a result, the performance of the rotation
estimation cannot be significantly distinguished between ORB-
SLAM?2 and NALO-VOM.

Sequence 01 is collected in a high-way scenario, on which
ORB-SLAM?2 fails to estimate a valid trajectory due to a large

scale drift. This result is caused by the lack of enough features to
constrain the scale. Since DSO optimizes the photometric error
directly, it has better performance than ORB-SLAM?2. NALO-
VOM further improves localization accuracy by performing
scale optimization based on MP-Mask. The works in [40], [41]
and [42] also optimize the scale, which yields higher localiza-
tion accuracy than ORB-SLAM?2 [9], DSO [3] and VISO [46]
without scale recovery. The method in [40] extracted the ground
plane within a fixed area of the image plane. Therefore, on
sequence 02 which has a clean driving road (i.e., the fixed
area on the image plane always be the true ground plane), this
method obtains slightly better performance than NALO-VOM.
However, it cannot achieve robust and accurate performance in
scenes with dynamic objects like sequences 03, 07, and 08. The
methods in [41] and [42] need to predict depth maps for estimat-
ing the ground plane, which relies on the precision of the depth
prediction network. In addition, both in translation errors and
rotation errors, NALO-VOM achieves the lowest standard vari-
ance, which demonstrates the strong robustness of NALO-VOM.

Fig. 4 shows localization results on six sequences, where
NALO-VOM is compared with ORB-SLAM?2 [9] (without loop
closure), DSO [3], and ground truth provided by KITTI. NALO-
VOM outperforms ORB-SLAM?2 and DSO on all six sequences,
since it maintains a relatively consistent scale. It is worth noting
that NALO-VOM obtains good localization results on sequences
02,08, and 10 (contains a large height variation along the normal
direction of the ground), which proves that the scale optimization
in Section IV is available in the scenarios which don’t contain
a globally consistent ground plane. We would like to point out
that although both roads and sidewalks in the KITTI dataset
belong to the ground area, only roads are involved in the scale
optimization process. In future work, sidewalks could be taken
into account to introduce more ground constraints and further
improve the accuracy of scale optimization.

We test NALO-VOM, DSO and ORB-SLAM?2 on the KITTI
dataset to evaluate the running time and memory consumption.
The frame rate of NALO-VOM is 14 FPS when running on
a desktop with an NVIDIA RTX 3070 with 8 GB VRAM,
which can meet the real-time requirement from a perspective
of semi-dense map building and navigation. The frame rates of
DSO and ORB-SLAM?2 are 19 FPS and 28 FPS, respectively,
which have higher real-time performance because they do not
perform dense tracking and relative scale optimization. We
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Fig. 5. Map similarity Sﬁnap of NALO-VOM compared with that of DSO
under different ratio factor A on seq 07 and 10.

also test the memory consumption of NALO-VOM, DSO and
ORB-SLAM?2 on sequence 04 of the KITTI dataset and the
results are 0.804 GB, 0.544 GB, and 0.597 GB, respectively.
The larger memory consumption of NALO-VOM comes from
the semi-dense mapping strategy, which stores a much denser
point cloud map.

D. Mapping Results

We evaluate the mapping quality on sequences 07 and 10 by
comparing NALO-VOM with DSO [3]. Fig. 5 shows the sim-
ilarity of {Mes; NALO, Miidar} and {Mesi_pso, Miidar} With
different A. DSO cannot recover map points in texture-less areas
like walls. In the contrast, NALO-VOM utilizes the LiDAR-
guided geometry priors to fill the map voids, which makes
Mgt NALO more similar to Mijq,,. Fig. 6 shows the point

Localization trajectories of NALO-VOM, ORB-SLAM?2 and DSO on KITTI sequences.

R ~NALO-VOM I NALO-VOM

4 I pso 12 B pso
10
53 53
2 ’ o 8
4
1
2
¢I ¢2 ¢3 ¢4 ¢5 ¢6 ¢7 ’ d)l 4)2 (bl ¢4 ¢5 ¢6 (/)7
Object Class Object Class
(a) seq 07 (b) seq 10
Fig. 6. Point cloud densities of different objects in NALO-VOM compared

with that in DSO on seq 07 and 10.

cloud densities of objects in the scenes, which are non-ignorable
when building a navigation-oriented map for UGVs. The point
densities of all the listed objects built by NALO-VOM greatly
exceed those built by DSO, as shown in Fig. 6. It is worth
noting that, the point densities of driving-aware objects are
greatly increased, which can facilitate more accurate obstacle
avoidance and motion planning. On the other hand, the denser
description of high-level objects helps achieve a better semantic
understanding of the environment, which further improves the
applicability of the resultant map.

Fig. 7 shows the 2D navigation grid maps generated by
LOAM [48] (a LiDAR-based odometry and mapping method),
NALO-VOM and DSO on sequences 07 and 10, respectively.
It can be seen that the 2D navigation grid map built by NALO-
VOM is much more similar to that by LOAM than that by DSO.
To be specific, the wall is not continuous on the grid map of DSO,
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Fig. 7.
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because of the sparseness of the point cloud in the texture-less
areas. In order to further verify whether these grid maps can be
used for navigation, the hybrid A* path planning algorithm is
performed on the 2D grid maps generated by LOAM, NALO-
VOM, and DSO, respectively. Fig. 8 shows the path planning
results. It can be seen that the hybrid A* algorithm fails to plan
a valid path on the 2D grid map of DSO. Since the walls are
not continuous, the planned path is across the walls which will
cause collisions in the real world. In the contrast, the grid map
built by NALO-VOM can generate a similar path with that by
LOAM. Generally, the point cloud map built by NALO-VOM
can have a good trade-off between accuracy and density, which
makes it more suitable to be used in UGV navigation.

E. Real-World Experiments

In order to verify the applicability of NALO-VOM on different
platforms, the real-world experiments are conducted on two
different platforms. One is a Scout 2.0 UGV equipped with a

Path planning results on the 2D grid maps of (a) LOAM, (b) NALO-VOM, and (c) DSO, respectively, using the hybrid A* algorithm on seq 07.

Realsense D455

Velodyne VLP-16 -j
R )

Fig. 9. (a) The UGV platform (Scout 2.0) used in the real-world experiment,
(b) the corresponding self-collected trajectory overlaid with the satellite map for
visualization.

3D LiDAR (Velodyne VLP-16) and a camera (Realsense D455)
as shown in Fig. 9(a). The other is a Pioneer P3-DX mobile
robot equipped with a 3D LiDAR (Livox MID-70) and a camera
(Kinect V2) as shown in Fig. 10(a). The 3D LiDARs on the two
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Pioneer P3-DX

Fig. 10.  (a) The mobile robot platform (Pioneer P3-DX) used in the real-world
experiment, (b) the corresponding self-collected trajectory overlaid with the
satellite map for visualization.

TABLE III
RELATIVE DRIFT ON SELF-COLLECTED SEQUENCES

DSO ORB-SLAM2  NALO-VOM
Scout 2.0 14.60% 8.01% 0.67 %
Pioneer P3-DX  9.70% 5.66% 1.24%

The bold values represent the lowest relative drift error.

===NALO-VOM
——DSO
—— ORB-SLAM2

Fig. 11.  Estimated trajectories of NALO-VOM, ORB-SLAM?2, and DSO on
the self-collected sequence on the (a) Scout 2.0, (b) Pioneer P3-DX.

platforms are used for obtaining the ground truth map. The RGB
image sequences are acquired by running around two different
buildings where the start point is the same as the end point,
as shown in Figs. 9(b) and 10(b). The full length of the two
trajectories are about 325.2 m and 213.4 m, respectively. Since
the absolute scale is unavailable, the localization accuracy is
measured by the relative drift of the estimated trajectory, i.e., the
ratio of the drift to the total length of the trajectory. NALO-VOM
is compared with DSO and ORB-SLAM?2 (without loop clo-
sure), and the relative drift is shown in Table III. The estimated
trajectories of the two platforms by three monocular visual
odometry algorithms are shown in Figs. 11(a) and 11(b), respec-
tively. Neither DSO nor ORB-SLAM?2 conducts scale recovery,
therefore their trajectories can’t be closed up because of the scale
drift. Compared with DSO and ORB-SLAM?2, NALO-VOM
obtains much more accurate trajectories on different platforms,
which shows great applicability of NALO-VOM on different
experimental platforms.

Figs. 12(a) and 12(b) show the mapping results of DSO and
NALO-VOM. It can be seen that the map built by NALO-VOM
is more similar to the LIDAR map compared to that built by
DSO, which mainly benefits from the more accurate localization
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Fig. 12. Map similarity S}nap of NALO-VOM compared with that of
DSO under different ratio factor A on the self-collected sequence on the
(a) Scout 2.0, (b) Pioneer P3-DX.

Fig. 13.  (a) The sparse point cloud maps of DSO, (b) corresponding semi-
dense point cloud maps of NALO-VOM.

and denser mapping strategy of NALO-VOM. The visualization
results of the obtained point cloud maps are shown in Fig. 13.

It is worth noting that MP-Mask used in this experiment is
obtained by the prediction network trained on the KITTI dataset
in advance. Therefore, the localization result in this experiment
shows a good generalization ability of NALO-VOM.

VII. CONCLUSION

In this article, we have proposed NALO-VOM, a system using
LiDAR priors to assist the monocular VO to build a navigation-
oriented environment map and generate a scale-consistent lo-
calization performance. The geometric structure representation
ability of the LiDAR is extracted by an off-line trained major-
plane prediction network using non-artificial projection labels
and then transferred into the monocular VO with the resultant
MP-Mask. The ground plane is extracted using MP-Mask to
constrain the pose scale at the frontend. Finally, the environment
map is refined using geometry priors provided by MP-Mask,
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where the map voids are filled using major-planes. NALO-VOM
combines traditional stereo-based depth estimation and the deep-
network based method to balance the accuracy and density of the
environment map. The resultant dense point cloud map is more
suitable to generate an accurate navigation map (e.g., 2D grid
map) for motion planning and decision making. Moreover, the
scale consistency of NALO-VOM makes it promising to apply to
UGVs in long-term localization. In future work, the orientation
of the ground normal vector will be more thoroughly considered
and incorporated into the scale optimization process to handle
scenarios with inclined ground surfaces.
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