A Flexible Multi-view Multi-modal Imaging System for Outdoor Scenes

Meng Zhang

Wenxuan Guo
Jianjiang Feng

Bohao Fan
Jie Zhou

Yifan Chen

Department of Automation, BNRist, Tsinghua University, Beijing, China

{zhangm20, gwx22, £bh19, chenyf21}@mails.tsinghua.edu.cn

Abstract

Multi-view imaging systems enable uniform coverage of
3D space and reduce the impact of occlusion, which is ben-
eficial for 3D object detection and tracking accuracy. How-
ever, existing imaging systems built with multi-view cam-
eras or depth sensors are limited by the small applicable
scene and complicated composition. In this paper, we pro-
pose a wireless multi-view multi-modal 3D imaging system
generally applicable to large outdoor scenes, which con-
sists of a master node and several slave nodes. Multi-
ple spatially distributed slave nodes equipped with cameras
and LiDARs are connected to form a wireless sensor net-
work. While providing flexibility and scalability, the system
applies automatic spatio-temporal calibration techniques to
obtain accurate 3D multi-view multi-modal data. This sys-
tem is the first imaging system that integrates mutli-view
RGB cameras and LiDARs in large outdoor scenes among
existing 3D imaging systems. We perform point clouds
based 3D object detection and long-term tracking using the
3D imaging dataset collected by this system. The experi-
mental results show that multi-view point clouds greatly im-
prove 3D object detection and tracking accuracy regardless
of complex and various outdoor environments.

1. Introduction

A 3D dynamic imaging system is fundamental to ob-
serve, understand and interact with the world. In recent
years, a large number of work [3} |6, [12, 13} [14} [19} 21]
has been devoted to indoor 3D imaging systems, and the
data obtained by these systems have made great contribu-
tions to the research work on accurate human pose estima-
tion and mesh generation. If dynamic 3D imaging data of
large-scale outdoor scenes can be obtained, it will be ex-
tremely beneficial to the application scenes such as secu-
rity surveillance, sporting game analysis, and cooperative
vehicle-infrastructure system (CVIS).

However, existing indoor 3D imaging systems are
greatly inapplicable to outdoor large-scale scenes. First,
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Figure 1: 3D imaging data collected by our system at a
crossroad. The multi-view point cloud, which is colored
different shades of blue, is from four different LIDARS. The
points of pedestrians are colored orange and points of cars
are colored yellow. Four slave nodes are presented by the
red rectangular pyramids, RGB images of which are dis-
played at the top.

most of the existing 3D imaging systems apply epipolar
geometry estimation of multiple RGB cameras or utilize
depth cameras to obtain depth data. The depth provided
by epipolar geometry leads to a great absolute error from
a distance, while depth sensors like Microsoft Kinect and
Intel Realsense only provide a measurement range of about
five meters. In addition, RGB cameras and depth sensors
are apt to be disturbed by lighting conditions and adverse
weather in complex and varied outdoor scenes. Apart from
the limitations of RGB cameras and depth sensors, existing
3D imaging systems are restricted by the tangled and fixed
system architecture, as well as the strict electric and net-
work conditions. Most of the sensors are either permanently
attached to the scene’s walls and roof, or to a difficult-to-
move assembly structure. In an ideal indoor environment,
existing systems can easily obtain high-quality 3D imaging
data by utilizing sufficient lighting conditions and a large
number of cables to connect and control the sensors. Unfor-
tunately, the vast majority of large outdoor scenes are dif-



ficult to meet similar conditions. Common outdoor scenes,
such as squares and streets, have a scene size of more than
50 meters. Traditional 3D imaging systems are hard to de-
ploy in outdoor scenes because the ground, wall, electric,
and network conditions vary widely. Furthermore, collect-
ing sufficient data in varied outdoor scenes calls for a sys-
tem that is easy to disassemble and set up.

In this paper, we propose a portable wireless multi-view
multi-modal 3D imaging system against the technical chal-
lenges in large outdoor scenes. We introduce affordable Li-
DAR sensors to build a multi-modal sensor network that
can be used in challenging environments. The point cloud
data, which can be obtained at a distance of 200 meters, is
combined with the rich texture information obtained by the
camera as an additional feature. Aiming at the applications
in complex outdoor scenes, our system is composed of mov-
able slave nodes that are easy to assemble and disassemble.
Furthermore, the 3D imaging system can freely expand or
squeeze the node capacity due to the distributed multi-node
network. We utilize a wireless network to combine each
node for flexibility and design a GPS-based multi-node time
synchronization system to overcome the time error in the
wireless system. To avoid manual calibration among nodes
in a new scene, we propose an automatic spatial calibration
paradigm based on point cloud registration.

Finally, the system is put to the test in several dif-
ferent outdoor scenes to collect 3D imaging data. As
shown in Fig. |I} we built a system including four slave
nodes to collect multi-view point cloud data and im-
ages, which were then annotated with 3D bounding
boxes and track ids. On the collected dataset, we eval-
uated 3D object detection and multi-object tracking
and came up with a promising result. The hardware
design, the code and the collected 3D imaging data,
which includes annotated spatio-temporally aligned
point cloud and images, are publicly available online at:
http://ivg.au.tsinghua.edu.cn/dataset/
THU-MultiLiCa/THU-MultiLiCa.html.

2. Related Work

The 3D imaging and understanding of the scene have re-
ceived increasing attention in the past ten years. A brief
overview of some typical systems follows.

Existing 3D imaging systems mostly relied on cameras
in a small indoor scene [6) (12, 14} [19, 22]. Ionescu et
al. [12]] employed multi-view RGB cameras and a Time-
of-Flight (ToF) depth sensor to collect and publish the Hu-
man3.6M dataset, which contains a large set of 3D human
poses in common activities. However, there is only one low-
resolution depth sensor in the system and the dataset only
focused on the single-person situation. Joo et al. [[14] pro-
posed a modularized massively multiview capture system
with a large number of cameras and depth sensors, named

Panoptic Studio, and performed human skeletal pose esti-
mation and motion tracking. This system utilized 480 VGA
cameras, 31 HD cameras, and 10 Microsoft Kinect depth
sensors to form a sensor network in a structure with a radius
of 5:49 meters and a total height of 4:15 meters. In an ideal
construction environment, all sensors of Panoptic Studio are
connected via a wired network and synchronously triggered
by the master clock. However, massive sensors and com-
plex systems also lead to the difficulty of reproduction, con-
struction and free movement. Chatzitofis et al. [|6]] collected
the Human4D dataset, consisting of 50; 000 multi-view 3D
imaging data in a room equipped with 24 cameras rigidly
placed on the walls and 4 Intel RealSense D415 depth sen-
sors. In this capturing system, four depth sensors were syn-
chronized using the HW-Synced method in order to conduct
related research on multi-view 3D data with high-precision
spatio-temporal alignment. All above 3D imaging systems
have the problems of (1) tangled and fixed system construc-
tion, (2) the limitations of RGB cameras, and (3) scene size
limitation. In contrast, the 3D imaging system proposed in
this paper is flexible for construction and relies on LiDARs
for the accurate depth data at a distance.

Only a few dynamic 3D multi-modal imaging systems
are designed for outdoor environments. Strecha et al. [25]]
set up 25 high-resolution cameras outdoors for dense data
acquisition and reconstruction of static outdoor scenes like
palaces. The ground truth for the reconstruction was the
point cloud data obtained by a LiDAR, which needs scan-
ning for a long time and cannot handle dynamic objects.
Several research groups [[7, 9, 28] employed multi-camera
system for multi-object tracking in outdoor scenes. Chav-
darova et al. [[7] collected and published Wildtrack dataset
using 4 GoPro3 cameras and 3 GoPro4 cameras in a square
with dense pedestrian tracking annotations. In spite of the
flexibility of system, the precision of synchronization ham-
pered the data acquisition that seven sequences was ob-
tained with 50 ms accuracy. Additionally, Wildtrack dataset
used 1398 manual annotated points to calibrate multiple
cameras at a high labor cost, unsuitable for deployment at
many different scenes. Kim et al. [[15]] present a dataset ti-
tled PedX consisting of stereo images and LiDAR data of
pedestrians at a complex urban crossroad. Despite the em-
ployment of stereo LiDARSs on top of a car, PedX only cap-
tured point cloud from a single direction, which means it
can not get the complete shape of targets and is affected
by occlusion. Unlike other outdoor 3D imaging systems,
our system employs multiple spatially distributed LiDARs
to obtain 3D point clouds at a long distance, ensuring that
3D data is complete and accurate. The combination of point
cloud and RGB images provides richer features for 3D vi-
sual analysis of dynamics in large outdoor scenes. Finally,
our automatic spatio-temporal calibration method produces
high-precision multi-modal 3D data while reducing labor
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nodes, which serve as acquisition modules, are wirelessly
connected to the access point. All of the nodes send im-
age data and control signals via robot operating system
(ROS). Despite a stable system connection, the commu-
nication bandwidth is insuf cient to handle the enormous
data stream of point cloud and image between the master
node and slave nodes. As a result, slave nodes preprocess
and send compressed data to the master node, while all raw

Figure 2: The system architecture of our system. Masterpoint cloud data and images are stored locally.

node controls the entire system via a wireless network. Each
modularized slave nOQe utillizes an RGB camera and a Livox3.2' Spatio-temporal Calibration
LiDAR to capture 3D imaging data.
In 3D imaging acquisition, time synchronization is cru-
cial. Due to the outdoor environment, hardware triggering
costs signi cantly, which is crucial for collecting data at petween sensors cannot be done directly using a wired con-

various sites. nection. As for the wireless network, time synchronization
is challenged by the random transmission delays. To ad-
3. Proposed Imaging System dress this problem, we present a synchronization method

i ) ) via software triggering and Pulse-Per-Second (PPS) sig-
We present a dynamic 3D imaging system to capture nais from a global positioning system (GPS). The proposed
multi-view, multi-modal data in large outdoor scenes such ,athod synchronizes the node's system clock using the ac-
as crossroads and squares. The construction of a centralyrate time source from a low-cost GPS module. Accurate
ized system connected by a wired network is dif cult out- ppg gignals and National Marine Electronics Association
doors due to the electric and network conditions. In this (y\EA) sentences generated by GPS modules are utilized
regard, the 3D imaging system proposed in this paper iS, get a very accurate timestamp. The timestamp error be-
designed in a combination of centralized and distributed ,can two separate GPS modules is estimated to less than
structures based on a wireless network for high exibility. one microsecond T17]. To align the start frames of multi-
Further, we apply a spatio-temporal calibration method 10 ) podes, each slave node initiates the ready state but does
handle the synchronization problem for the wireless sys- ot start acquisition after the system is up and running. The
tem. Ateach modularized slave node, an RGB camera and &naster node broadcasts a trigger signal through the wireless
Livox LIDAR provide multi-modal 3D data to scanthe large - pepyork to wake up the slave nodes. Then each slave node
scene from its location. The system captures a dynamic,yits for the rst PPS signal from GPS to acquire the rst

3D multi-view point cloud at 10 FPS with high-precision 3 me of images. The same PPS signal aligns the start time
spatio-temporal alignment so that the point cloud of the ob- ¢ 3 imaging data with a one-microsecond error.

ject is completed from all directions to avoid occlusion as Traditional multi-camera calibration methods typically

muc_:h as possible. In this S.eCt'(.)n’ we mt_roduce the Strucwr_erequire speci ¢ calibration geometry or texture patterns to
design of the system, calibration techniques, and nodes i
details. More technical details about the proposed syste

are available in the supplementary materials.

Mhark corresponding points across multiple views [16, 26],
Myhich are dif cult to apply in large scenes and result in in-
accuracy in spatial calibration across cameras. The spatial
calibration must be performed anew if the multi-camera sys-
tem is relocated. To handle the tedious and repetitive spa-
Our system is constructed in a centralized and distributedtial calibration, we introduce a calibration paradigm based
form [24], which is made up of a master node and several on the synchronized 3D multi-modal data. We used a Le-
slave nodes. The master node is connected to all slave nodeiga BLK360 scanner to collect a static dense point cloud of
in order to monitor and maintain the entire system. A 3D the scene as the world coordinate system. Then, the point
data stream is captured and processed by each slave nodgoud stream from each acquisition node is merged over ten
independently of the others. The architecture of our systemseconds to create a dense point cloud of the scene for each
is depicted in Fid.]2. slave node. We extract the FPFH feature [20] of different
To manage node communication in a vast outdoor en-scales from the point cloud to apply a hierarchical ICP [4]
vironment, we employed an wireless access point which method for registration. The dense point cloud of the scene
can cover a distance of 100 meters while maintaining goodfrom each view is automatically aligned to the Leica point
signal quality and ensuring system connection stability. cloud so as to get the transformation matrices. We calcu-
The master node is a Linux laptop connected to the out-late the intrinsic and extrinsic parameters of cameras using
door wireless access point via a network cable, while slavethe Pinhole camera modél]11]. As the camera and LiDAR

3.1. Structural Design



(a) Crossroad scene. (b) Large plaza scene.

@) (b)

Figure 3: The designed model of slave node. Two parts can
be disassembled and easily screwed together. A camera,
a LiDAR, a Nvidia AGX Xavier and a battery are xedly
attached to the assembly body.

are xed in place on each slave node, the cameras' extrinsic
parameters are only calibrated once at the beginning. Even (c) Multi-person scene at day.| (d) Multi-person scene at night.

after switching to a new scene, all transformation matrices,

intrinsic and extrinsic parameters can be obtained automatFigure 4: Four acquisition scenes of our dataset. (a) is the
ically. By combining LIDAR-LIDAR and LiDAR-camera  crossroad scene with many vehicles and pedestrians. (b) is
calibration, our system can complete the spatial calibrationa square with a size of more than 50 meters. (c) and (d) is

of cameras and LiDARs automatically. the multi-person scene in day and at night. In these scenes,
we acquired ovef0; 000 frames with high-precision syn-
3.3. Portable Node chronization and calibration from four slave nodes of our

The master node of our system can range from a portableSyStem.
laptop to a high-performance workstation depending on the
tasks, and only needs to be wired to the wireless accessnformation. The camera and LiDAR are connected to an
point through a gigabit ethernet cable. All activities, such as Nvidia AGX Xavier machine equipped on the sensor as-
starting and stopping acquisition of a node 50 meters away,sembly. The local node machine participates as a storage
can be immediately nished with the master node. In addi- unit and serves as a computational node. The Nvidia AGX
tion to controlling the system, the master node displays dataXavier machine provides computational ef ciency compa-
for acquisition status monitoring. The sampled compressedrable to RTX 1080, allowing lightweight models to be run
images from each slave node are sent to the master node vi@n the slave node. For both the Nvidia AGX Xavier and
a wireless network to show the current scene. the LIDAR, the slave nodes are powered by a mobile power
To improve the exibility and scalability of our system, supply with a 12V and 24V output. After a full charge,
each slave node is made up of a support and a sensor asseriach slave node may operate continuously for more than
bly. As shown in Fig. 3b, the two parts can be disassembledthree hours. In addition, the GPS module is employed as
and carried separately and easily screwed together at expeithe accurate time source for time synchronization.
iment sites. The support is modi ed based on a high-load-
bearing tripod. As a result, maintaining, moving, and con- 4. Outdoor Scenes 3D Dataset
guring each slave node is a breeze. We built a system of
four slave nodes for evaluation while the 3D imaging sys-
tem can freely expand or squeeze the node capacity due to We captured multi-view multi-modal data in different
the distributed multi-node network. outdoor scenes using our system of 4 slave nodes. Each
All sensors and other devices are xedly placed in the slave node is equipped with a FLIR industrial camera and
assembly body, which is speci cally designed to ensure the a Livox mid100 LiDAR, and acquires a synchronized RGB
robustness of our system. In the front of the assembly, animage data stream and a point cloud data stream at 10 Hz.
RGB camera and a Livox Mid-100 LIDAR are mounted The time synchronization and spatial calibration are applied
in the same horizontal position, with the camera located through the automatic spatio-temporal calibration paradigm
exactly above the LIiDAR. As a result, the elds of view described in Sec. 3.2.
(FOV) of the LiDAR and the camera are comparable. Each  The data acquisition took place in different scenes to
Mid100 LiDAR can continuously scan the scene at 300,000 evaluate the robustness of our system. We annotated the 3D
points per second for a horizontal viewId0 and a verti- bounding boxes and tracking ids of the targets in the scene
cal view of40 toward the front, providing accurate depth using the annotation tool 3D BAT [31]. A total of more

4.1. Overview
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