Symmetry-based monocular 3D vehicle ground-truthing

for traffic analytics

by Trong Thao Tran

A THESIS
SUBMITTED TO THE FACULTY OF GRADUATE STUDIES
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE
DEGREE OF MASTER OF SCIENCE

GRADUATE PROGRAM IN ELECTRICAL ENGINEERING AND COMPUTER SCIENCE
YORK UNIVERSITY
TORONTO, ONTARIO

SEPTEMBER, 2024
© Trong Thao Tran, 2024



Abstract

3D object detection is a critical component of autonomous driving and traffic analytics. Current research
relies on LiDAR-derived ground truth for training and evaluation. However, LiDAR ground truth can be
expensive and usually inaccurate in the far field due to the sparsity of LiDAR returns. Here, assuming a
fully calibrated camera and a 3D terrain model, we explore whether relatively inexpensive RGB imagery
might be used to obtain 3D ground truth, based on the bilateral symmetry of motor vehicles. From manually
annotated symmetry points and tire-ground contact points, a vertical symmetry plane and 3D point cloud
are inferred and used to estimate vehicle location, pose, and dimensions. These dimensional estimates are
then input to a probabilistic model derived from a standard public motor vehicle dataset to form maximum
a posteriori estimates of any remaining dimensions. In evaluations on a public traffic dataset, we find that
this novel symmetry-based approach is much more accurate than LiDAR-based ground-truthing on single

frames and comparable to LIDAR-based methods that propagate information across frames of vehicles.
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Chapter 1

Introduction

1.1 Background

In recent years, substantial investments have been made in autonomous driving with the anticipation that
autonomy can enhance safety and productivity. Autonomous vehicles like cars and robotic vehicles operating
in unconstrained environments need to perceive their surroundings to prevent collisions and plan their
trajectories. Concurrently, there has been a growing interest in tra ¢ analytics at intersections and on
highways, employing both Light Detection and Ranging (LIDAR) and camera images as inputs. The goals
include object tracking, vehicle counting, and speed enforcement. For both autonomous driving and tra c
analytics applications, 3-dimensional (3D) object detection is crucial. The purpose of 3D object detection
is to detect an object's pose, location, and dimensions using sensor data. The training and evaluation of
3D object detection algorithms require 3D ground truth in the form of datasets. Hence, the creation of
3D vehicle ground-truth data receives signi cant attention and investment from companies and research
organizations. One popular 3D object detection dataset is KITTI, which is an acronym for the Karlsruhe
Institute of Technology and Toyota Technological Institute (Geiger et al., 2013). Since the introduction of
this dataset, most state-of-the-art algorithms use LiDAR, RGB imagery, or a combination of both as inputs.
In datasets like KITTI, nuScenes (Caesar et al., 2020), and Waymo (Sun et al., 2019), LiDAR sensors are

mounted atop a vehicle. From time of ight, we obtain a 3D point cloud representing objects.

1.1.1 Limitations of LIDAR-based ground-truthing

Typically, a 3D bounding box supplies ground truth labels for the pose, location, and dimensions of a

corresponding vehicle. The annotation process involves various operations such as locating, rotating, and



Figure 1.1: The 3D bounding box annotation process requires locating, rotating, and scaling operations.
Adapted from Wang et al. (2019).

Figure 1.2: Density of points returned from a Toyota Esquire by di erent LIDAR units tested. Adapted
from Lambert et al. (2020).

scaling (Figure 1.1). However, there are not always enough LIiDAR returns for annotators to do these
operations with accuracy and certainty. The number of LiDAR points returned from an object depends on
its distance to the LiDAR unit. The further an object is from the LiDAR, the fewer returns received from
that object. In Lambert et al. (2020), the authors analyzed ten popular LiDAR units in an indoor test bed
with a target vehicle, a Toyota Esquire, positioned at varying distances up to 200 meters from a LiDAR
unit. Depending on the LiDAR unit tested, the number of returns drops below ten at distances between 15

and 130 meters (Figure 1.2).

1.1.2 Thesis proposal

The sparsity and ambiguity of LIiDAR data in the far eld necessitate inter-frame propagation and veri cation
using monocular imagery, which greatly complicates the ground-truthing process and may not produce
accurate results. In my thesis, | propose an alternative ground-truthing approach that relies solely on

monocular imagery . To develop this idea, | will focus on motor vehicles at tra ¢ intersections. Figure 1.3



Figure 1.3: One of the intersections in the dataset DAIR-V2X (Yu et al., 2022), the primary dataset used
for evaluating our method (see chapter 3)

shows an image of tra ¢ navigating through an intersection from the (Yu et al., 2022) dataset, which is
the primary dataset used for evaluating our method (see chapter 3). The diversity of vehicle poses at such
intersections is crucial for demonstrating the robustness of our 3D ground-truthing algorithm.

In particular, we propose to exploit the bilateral symmetry of motor vehicles, drawing inspiration
from the human visual system's sensitivity to symmetry. Li et al. (2012) explain how humans can perceive
3D shapes from 2D retinal images by merging 2D information with robust prior constraints such as sym-
metry. The methods in Li et al. (2012) computationally demonstrate this for an indoor scene if symmetry

correspondences of bilaterally symmetric furniture are identi ed (Figure 1.4).

1.2 Overview of method

In our proposed method (Figure 1.6), with the images obtained from calibrated cameras, the rst step
involves human annotators identifying a set of symmetry correspondences and tire-ground contact points on
vehicles, using our own annotation software (Figure 1.5).

Symmetry correspondences are pairs of symmetry points that mirror each other: for each pair, one point
is on the left side of a vehicle and the other point is on the right side of a vehicle. There is a single plane
of symmetry in 3D that divides the vehicle into a right half and a left half. We also de ne two extremal
planes: the left extremal plane is the vertical plane that contains the left tire-ground contact points (if

present) and the left extremal symmetry points (if present), and the right extremal plane is the vertical



(a) Estimation of 3D bounding boxes.

(b) 3D point cloud of furniture in the scene.

Figure 1.4: Recovery of 3D objects with bilateral symmetry in Li et al. (2012).

Figure 1.5: The GUI we developed to annotate symmetry point pairs (linked by yellow line segments) and
tire-ground contact points (magenta). An extremal symmetry point pair is highlighted with circle endpoints
(white endpoint on the driver's side, yellow endpoint on the passenger's side) and a text label. They are
aligned vertically with the outer edges of the vehicle's tires and are on the same 3D plane as the magenta

tire-ground contact points.



Figure 1.6: Our symmetry-based 3D vehicle ground-truthing pipeline.



plane that contains the right tire-ground contact points (if present) and the right extremal symmetry points
(if present). Extremal symmetry point pairs are aligned vertically with the outer edges of a vehicle's tires.
The symmetry plane, left extremal plane, and right extremal plane are parallel to each other. The symmetry
plane is equidistant from the extremal planes.

The annotated symmetry point pairs are then used to estimate the orientation of the symmetry plane
based on parallel line segments connecting symmetry point pairs. With a calibrated camera, we can obtain
the horizon line. Assuming vehicles have zero roll, the symmetry lines should converge at a vanishing point
on this horizon line (Figure 1.7a). With a calibrated camera, this vanishing point determines the direction
of the corresponding 3D lines. This 3D direction determines the orientation of a vehicle's symmetry plane.

To locate this symmetry plane, a high-resolution terrain model is crucial. This study uses the LiDAR
data available in the DAIR-V2X (Yu et al., 2022) dataset to construct a terrain model (Figure 1.7b). Other
methods and data sources can also be used (Wilson, 2012). With a high-resolution terrain model, we then
nd the 3D locations of tire-ground contact points by nding the nearest 3D ground points to the rays from
their 2D annotations. As mentioned above, these tire-ground contact points are on the extremal planes and
therefore determine the planes' location. We can then locate the symmetry plane by maintaining an equal
distance constraint (Figure 1.7c).

After fully identifying the algebraic representation of the symmetry plane, we can calculate the 3D
locations of symmetry point pairs based on the constraint that they are at an equal distance from the
symmetry plane, and the 3D lines connecting them are orthogonal to the symmetry plane (Figure 1.7d).
Following the initial algebraic solution, a nonlinear optimization is employed to further re ne these 3D
estimates by minimizing the reprojection errors (Figure 1.7e).

Our method does not require any training and is fully automatic, except for the 2D annotations, which can
be cost-e ective considering the greater expense of 3D LiDAR-based ground-truthing. It is also interpretable,
using bilateral symmetry that is present in most vehicles. The information provided by our ground truth
is also richer. The outputs of our ground-truthing method include the 3D locations of the symmetry point
pairs and tire-ground contact points (Figure 1.7f).

Depending on the pose of the vehicle, not all dimensions of the vehicle may be determined. A joint
Gaussian prior model of vehicle dimensions, based on a vehicle database (Canada, 2023), is employed to
estimate maximum a posteriori estimates of the remaining dimensions, conditioned upon the observed di-
mensions. These dimensions, along with predicted 3D points, can then be used to estimate a 3D bounding
box (Figure 1.7f).

In summary, our main contributions are:



(a) A set of symmetry lines (yellow) in the im-
age can be used to estimate a common van-
ishing point (blue) on the horizon (red). The
intersections (green) may be displaced due to
annotation errors. The vanishing point helps
establish the orientation of the vehicle's sym-
metry plane.

(c) Left extremal plane, symmetry plane, right ex-

tremal plane are in red, green, blue respectively.
3D locations of tire-ground contact points and ex-
tremal symmetry points localize these planes.

(e) Annotated points (red) and reprojected points

(green) after the nonlinear optimization process to

minimize the reprojection errors.

(b) Terrain model from accumulated LiDAR point
clouds localize tire-ground contact points in 3D.

(d) 3D symmetry lines (red) are orthogonal to the
symmetry plane (green). Symmetry point pairs
(yellow) are at an equal distance from the sym-
metry plane. These constraints help nd the 3D
locations of symmetry point pairs.

(f) Visualization of the method's outputs of a
bounding box and predicted 3D locations along
with the 3D LiDAR-based bounding box and
LiDAR points.

Figure 1.7: The overall process of symmetry-based monocular 3D vehicle ground-truthing.



~ Annotation software to annotate symmetry correspondences and tire-ground contact points.

YORK-SYM dataset containing annotations of symmetry correspondences and tire-ground contact
points for over 2000 vehicles from the DAIR-V2X dataset (Yu et al., 2022). To the best of our knowl-
edge, this is the rst attempt at obtaining symmetry annotations for vehicles at tra ¢ intersections,

despite the appearance of many infrastructure sensors-captured tra ¢ datasets.

~ A highly novel, e cient, and e ective LiDAR-free, symmetry-based methodology for acquiring 3D

bounding box ground truth for motor vehicles that requires only a single (calibrated) RGB camera.

1.3 Results

To assess this approach, we recruited novice online workers to annotate over 2,000 vehicles using our custom
annotation tool and evaluated the inferred 3D object positions, poses, and dimensions against LiDAR-based
ground truth. We also compared these results to known vehicle dimensions inferred from con dent make
and model classi cation.

Based on the results in chapter 7, our method predicts critical dimensions, such as overall width and
overall height, more accurately compared to LiDAR-derived bounding boxes on single frames and comparable
to the LiDAR-based method even when their bounding boxes are propagated across frames. LiDAR-derived
bounding boxes without propagation are much less accurate when compared to the ground truth make/model
dimensions. Regarding vehicle orientation, our method produced very low heading angle errors, demonstrat-
ing that symmetry point pairs are a strong constraint that can help predict a vehicle's orientation reliably,
even in the far eld.

However, camera-LiDAR calibration errors in the dataset can a ect the evaluation of our system's perfor-
mance. Thus, securing high-quality, reliable ground truth is critical for further evaluating the accuracy of our
system. Given the signi cant errors in LiDAR-derived ground truth, in addition to evaluating against known
vehicle dimensions inferred from con dent make and model classi cation, we also assessed the consistency
of inferred dimensions over time. We found that our predictions of dimensions were very consistent over
time. Overall, we found that annotators could rapidly and reliably annotate the symmetry points required
for accurate identi cation of 3D vehicle positions, poses, and dimensions, yielding 3D ground truth that

compares favorably to LiDAR-based ground truth, particularly in the far eld.



Chapter 2

Related work

2.1 Ground-truthing for 3D object detection

One of the rst 3D object detection datasets, KITTI (Geiger et al., 2013), continues to be widely used as a
benchmark. Such large-scale datasets require a signi cant amount of time for ground-truthing, resulting in
high costs. The process of 3D ground-truthing involves: selecting a 3D bounding box location, extending the
box to cover the object's point cloud, and then adjusting the orientation of the bounding box. To deal with
LiDAR's far- eld sparsity, annotators often look at corresponding monocular images while locating, scaling,
and rotating 3D boxes, ensuring the image of the 3D bounding box aligns well with the corresponding object
in the 2D image (Wang et al., 2020). This approach is particularly useful for locating distant objects with
sparse LiDAR returns. Figure 2.1 shows a distant vehicle with sparse LiDAR returns. The frustum proposal
generated from the 2D bounding box of that vehicle guides the annotators to locate the correct 3D point
cloud, as the 3D points must be located within this frustum (Wang et al., 2020). Without the information

from an RGB image, localization would be very challenging.

2.1.1 Inter-frame propagation in LiDAR-based ground-truthing

Zimmer et al. (2019) introduced a 3D annotation software, 3D BAT, of which the primary contribution
was a semi-automatic labeling method that used a linear model to propagate objects across adjacent frames
corresponding to the entire track of a moving vehicle. During this process, annotators selected the beginning
and end frames (Figure 2.2a), and then 3D bounding boxes were propagated with small changes to their
location, rotation, and scale (Figure 2.2b). A similar approach was adopted by Wang et al. (2020). However,

this introduces complexity into the ground-truthing process and still depends upon there being su cient



Figure 2.1: The frustum proposal, generated from the 2D bounding box in the RGB image, can help
annotators locate distant objects with higher accuracy than by just examining the point cloud alone. This
is because sparse LIiDAR returns must be contained within this frustum (Wang et al., 2020).
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