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Abstract—Place recognition is a core component of Si-
multaneous Localization and Mapping (SLAM) algorithms.
Particularly in visual SLAM systems, previously-visited places
are recognized by measuring the appearance similarity between
images representing these locations. However, such approaches
are sensitive to visual appearance change and also can be com-
putationally expensive. In this paper, we propose an alternative
approach adapting LiDAR descriptors for 3D points obtained
from stereo-visual odometry for place recognition. 3D points are
potentially more reliable than 2D visual cues (e.g., 2D features)
against environmental changes (e.g., variable illumination) and
this may benefit visual SLAM systems in long-term deployment
scenarios. Stereo-visual odometry generates 3D points with an
absolute scale, which enables us to use LiDAR descriptors for
place recognition with high computational efficiency. Through
extensive evaluations on standard benchmark datasets, we
demonstrate the accuracy, efficiency, and robustness of using
3D points for place recognition over 2D methods.

I. INTRODUCTION

Visual SLAM (vSLAM) is an important capability for
field robots, especially where GPS signal reception is weak
or unavailable (e.g., in urban or underwater settings). In these
systems, visual odometry (VO) is used to build a local map
and estimate ego-motion to assist in robot navigation. How-
ever, significant error can accumulate throughout the process,
which causes odometry estimates to diverge from the correct
path. Some form of a “loop closure” approach (e.g., Bag-of-
Words [1] [2]) is required to recognize previously-visited
places and bring non-local constraints into the system to get
a globally consistent map and trajectory. Place recognition
thus enables loop closures and improves VO accuracy.

Classical place recognition methods for vision-based sys-
tems usually rely on 2D images. Each location is represented
by an image taken at that place. To determine the possibility
of two locations being the same place, the similarity of their
corresponding images is evaluated (see Sec. II). However,
visual odometry methods provide additional information us-
able for place recognition purposes. The depth of points (i.e.,
the distance of these points from the camera) on 2D images
can be partially or fully recovered by monocular or multi-
camera visual odometry, respectively. The 3D structure of
the scene can potentially provide important information for
place recognition; however, 2D place recognition methods
ignore this. The 3D structure is more robust than 2D images
in a dynamic environment (e.g., under varying illumination).
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(c) Holywell Street in spring.

(d) Holywell Street in winter.

Fig. 1: Images from the RobotCar dataset in different sea-
sons. Note the significant changes in appearance.

The motivation is also biological, as humans rely strongly
on 3D structures for place recognition [3].

On the other hand, a rich body of literature exists on
place recognition methods using 3D points from LiDAR
(Light Detection and Ranging) sensors. LiDAR sensors scan
the 3D structure of the environment rather than its visual
appearance, making LiDAR-based place recognition more
robust against environmental changes such as appearance and
brightness (see Fig. 1). Another benefit of LiDAR methods
is their high computational efficiency, and our evaluations
demonstrate this when comparing 2D image-based and 3D
LiDAR methods (see Sec. IV).

In this work, we adapt LiDAR place recognition methods,
in particular, LiDAR descriptors, into visual odometry sys-
tems for place recognition purposes. The goal is to enable
accurate and robust place recognition in a computationally
efficient way for a vision-based system in a dynamic environ-
ment. The proposed approach imitates a LiDAR range scan
from 3D points generated by stereo-visual odometry, which
enables us to adapt LiDAR descriptors.

Several challenges must be overcome for applying LiDAR-
based methods to vision-based systems. First, the 3D points
generated by visual odometry are distributed in a frustum due
to the much narrower field-of-view of cameras (excluding
omnidirectional cameras) compared to most LiDAR sensors.
The pose of the frustum changes with the camera, which is
not desirable for place recognition. The second challenge is
how to (and even if it is necessary to) adapt image intensity
information into LiDAR-based methods, as such information
is not available to LiDAR sensors. We address these chal-
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lenges in this work. To the best of our knowledge, this is theSLAM system [15] is tuned to avor features that can
rst approach that uses global LIDAR descriptors for placebe matched across frames to enable BoW. Our proposed
recognition in vSLAM systems. The main contributions ofapproach for place recognition, however, is more elegant for

this work, discussed in Sec. lll, are as follows: direct vSLAM systems if stereo cameras are available.
Adapting global LIDAR descriptors to a vision-based A number of 3D place recognition methods have been
system for place recognition, designed for RGB-D cameras or LiDAR sensors. RGB-D
Achieving high accuracy and robustness against visudapping [18] uses ICP [19] to detect loop closure and
appearance changes, RANSAC [20] to get an initial pose for ICP. For LIiDAR,
Achieving lower computational cost over existing aplace recognition methods can be categorized into local
proaches. descriptors and global descriptoisocal descriptorsuse a

We evaluate the proposed method on the KITTI datasétPsetof the points and describe them in a local neighbor-
[4] and the Oxford RobotCar dataset [5]. We demonstrate ti#0d. Examples are Spin Image [21] and SHOT [22]. Spin
robustness of our method against drastic visual appeararlf&2g€ describes a keypoint by a histogram of points lying
changes across seasons as recorded in the RobotCar datd3e&@ach bin of a vertical cylinder centered at that keypoint.
and show that it achieves higher accuracy and computationafOT creates a sphere around a keypoint and describes that
ef ciency over existing methods. Further performance imkeypoint by the histogram of normal angles in each bin in
provement is achieved by augmenting the LiDAR descriptdhe sphereGlobal methodglescribe thentire setof points.

with image intensity information. These methods can be more computationally ef cient. Recent
development includes NDT [23], M2DP [24], Scan Context
Il. RELATED WORK [25], and DELIGHT [26]. NDT classi es keypoints into line,

In the eld of vYSLAM, ORB-SLAM2 [6] is a recent devel- plane, and sphere classes according to their neighborhoods.
opment that demonstrates high accuracy and computatiomahistogram of these three classes is created to represent the
ef ciency. In ORB-SLAM2, loop closure is detected by point cloud. M2DP projects points onto multiple planes, and
Bag-of-Words (BoW) using ORB features [7]. A vocabularythe histogram of point count in each bin on each projection
tree is used in BoW to speed up feature matching anglane is concatenated to get a signature of the point cloud.
subsequent place queries. However, if the features are higt8gan Context aligns the point cloud to the vertical direction
repetitive €.g, plants), Bow may fail; an example is givenand represents it by the histogram of the maximal height
in Fig. 6. Similarly, LSD-SLAM [8] adopts FAB-MAP [9] of each bin on the horizontal plane. DELIGHT focuses
for place recognition. Other than BoW, Fisher vectors [10bn LiDAR intensity; the scan sphere is divided into 16
and VLAD [11] also focus on 2D features. On the otheparts and the histogram of LIDAR intensity in each part is
hand, global image descriptors are also used to decide tbencatenated to represent the point cloud.
similarity between images for place recognition. GIST [12] is Cieslewski et. al. [27] looked into the possibility of using
one example which encodes spatial layout properties (spatthe 3D points triangulated from Structure-from-Motion or
frequencies) of the scene. It exhibits high accuracy if theSLAM for place recognition. They proposed the NBLD
viewing angle does not signi cantly change. descriptor [27] for the 3D points from a vision-based system.

Recently, researchers adopted deep learning to plagekeypoint is described by its neighborhood points in a
recognition and achieved impressive performaneeg,( vertical cylinder. The point density of each bin in the cylinder
NetVLAD [13] and [14]). NetVLAD trained a convolutional is calculated and compared with neighborhoods to create a
neural network to extract learned features and proposedb@ary descriptor of that keypoint. Ye et. al. [28] extended
generalized VLAD layer to describe the image automaticalyNBLD with a neural network. The vertical cylinder of NBLD
Their accuracy is promising but their computational cost iss created in the same way; however, a neural network
usually high so that they are not widely used in real-timés trained to describe the cylinders, instead of calculating
VSLAM systems. the point density. These are novel approaches in adopting

Neither BoW nor GIST is robust against visual appearangaoint cloud descriptors into vision-based systems for place
change, which is not ideal for long terra.g, from summer recognition.
to winter) vSLAM applications, in addition to being com- In this work, we adapt global LIiDAR descriptors into
putationally expensive. In ORB-SLAM2, place recognitionstereo-visual odometry for robust and ef cient place recogni-
runs in a separate execution thread to achieve real-tinien under visual appearance change. Direct vSLAM systems
performance. Direct vSLAM systems.{, [15], [16]) have can easily adopt the proposed approach for place recognition
become popular in the past decade, which achieve higheithout modifying their point selection strategy.
performance in certain scenarios. Adapting BoW into direct
VSLAM systems is challenging because features are not
selected with the goal of being matched across frames. InSimilar to the idea of [27], our method recognizes places
LSD-SLAM mentioned above, an additional set of featurebased on the 3D points generated by visual odometry. The
are detected and matched separately, which are used spewi&in difference is that the visual odometry in this work is
ically for place recognition, at a higher computational costunning on stereo cameras. Speci cally, we use SO-DSO [29]
In LDSO [17], the point selection strategy of its directas our stereo-visual odometry for its high accuracy and

IIl. METHODOLOGY
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