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Deep Learning methods typically require large amount of labelled data to gener-
alise to real world examples. Autonomous driving is no exception to this with a very
long tail of scenarios requiring a safe, dependable prediction. Datasets available for
this application are typically captured in a small set of geographical regions which
is insufficient for learning useful predictors which would generalise well in other re-
gions where vehicle types, building styles and natural scenery differ substantially. In
this thesis I explore alternative strategies for training network which understand au-
tonomous driving scenes without the need to spend substantial resources on human
annotation. This will allow data collection from a wider range of environments while
retaining highly accurate understanding of the scene.

Firstly I explore synthetic data with properties matching that of real data can
be used to train a network to understand allo-vehicle relative velocity. Generating
synthetic data means I can simulate cars which move in ways out of distribution
compared to those seen in a finite training set.

Next I delve into whether the use of temporally and/or spatially adjacent image
captures can provide sufficient information to understand relative depth of objects
in a scene. I show as the information required to train is also available at test time
I can carefully select layers of the network to fine tune efficiently without loss of
generalisation. While this kind of network is used to great success to train relative
depth estimation their use in practice is limited owing to their lack of scale which
makes them infeasible for use in downstream tasks. With this in mind I show that
using only the known height of the camera I can achieve outputs with correct scale
without the typical need for additional sensors.

Finally I combine temporal and cross modal information to derive labels for objects
in 3D. I show that by taking 2D object detections I can train a 3D LiDAR detector
without the need for any of the objects 3D parameters and that even with noisy
2D predictions, heavily occluded or truncated in image space, I can derive accurate
detections by ensuring 3D predictions are temporally consistent. Our first approach
to this problem utilises instance segmentation predictions at training and test time
whereas our second solution demonstrates how the ability to detect can be transferred

from the image sensor to LiDAR senor.
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Chapter 1

Introduction

1.1 Motivation

Deep Learning methods present a technique to transform high dimensional data to
compact vector representations which allow us to process data at a much grander
scale than traditional sensor processing methods. This has been demonstrated across
multiple sensing modalities such as images, audio, and text where sensors can capture
large quantities of data quickly in an unstructured manner. For images the use of
Convolutional Neural Networks has radically transformed the range of tasks which
can now be performed with a high level of accuracy. These methods break down
the problem by applying multiple levels of processing with early layers attempting to
describe low level features at the scale of a couple of pixels wide while the later layers
operate on the information derived by the earlier layers. This approach allows each
subsequent step to operate on data progressively more abstract that the previous,
with the learning process modifying weights such that each filter develops the ability
to detect different attributes in the input which are useful for the desired output.
This learning process however requires an increasing amount of data for tasks which
continue to get more and more expensive for humans to annotate. Unlike previous
techniques deep neural networks require a large amount of training data to generalise
well to unseen examples and not overfit the training set. As such datasets constructed
for deep learning methods are typically quite large in scale, as these techniques can
reason about data at a much more complex level than manually engineered methods.
These large scale datasets however require a manual annotation which we train the
network to predict for us. In ImageNet[I1] and other classification tasks, only one
label is needed for each image, however more compelling tasks such as object detection
MS COCOI29] requires 5 values per object (z,y,w,h) location and size as well as a

class label, with many images containing dozens of objects, resulting in much greater



annotation time. Other tasks are also annotated on these datasets such as human
pose, image masks, and image keypoints, again these annotations being costly in
both time and money. Data collection itself however can be relatively simple, for
autonomous driving for example the only requirements would be an array of sensors
(typically a combination of RGB cameras, LIDAR and RADAR) with known relative
transformations yet all existing datasets in this space have only been captured in
small geographical regions and are therefore biased towards vehicles typical of these
regions (manufacturer, type, size, colour) which will undoubtedly result in models that
generalise poorly to scenes in different locations. These datasets also only contain
relatively small numbers of objects when compared to other deep learning tasks. With
these problems in mind the ability to train a deep learning model without the need
for human annotation will allow autonomous driving solutions which can continually
improve their networks understanding as they drive, or even expand an initial training
set with examples unlike those previously seen (an important improvement given the
long tail of scenarios possible in driving). Datasets such as BDD100K[41] show that
dataset collection can be completed in a federated manor, this combined with the
ability to automatically label new captures will allow models trained on the most
diverse imaginable dataset resulting in networks capable of understanding the more
challenging scenes unlikely to be seen in a dataset captured by the small number
of capture vehicles driven for a limited number of hours yet might occur reasonably
often in some areas.

In this thesis I develop methods for training deep networks to operate on unla-
beled data which would allow our methods to operate on a much larger quantity of
data without the need to manually annotate the information we wish to reason about.
To tackle this difficult problem I explore (1) synthetic data, (2) temporal/multi-view
data, and (3) Cross-modal data where information from one sensor is used to as-
sist understanding another sensors data. The applications considered in this thesis
include: relative velocity estimation, monocular depth prediction and 3D Object De-
tection, each representing an important part of reasoning about our surroundings
in 3D. The overarching goal is to develop solutions to these problems without the
need for a human annotator in the loop, allowing larger and more diverse datasets
to be used which will improve the ability of these solutions to generalise to unseen
environments.

Synthetic Data: Owing to practical limitations on capturing data in the real
world many scenarios often observed during driving are not represented. Autonomous

Driving however depends on our vehicle protecting its own passenger and those in the



environment which means that understanding our surroundings in the average case
is not enough as dangerous events happen rarely in the real world. Deep Learning
methods are fantastic at understanding examples in testing which are close to those
seen in training, however like many other machine learning methods test cases far
from the training set can result in predictions difficult to determine beforehand, a
big problem for safety critical applications. With this in mind I use synthetic data in
an abstract space to represent data with similar properties to that seen in real world
examples while also being extendable to have properties rarely seen in real life but
important to develop an understanding of to ensure a dependable prediction is made
in these events.

Temporal /multi-view: many existing methods rely solely on a single sensor capture
and their datasets only train and annotate this information. However in real world
usage sensors stream data continuously across time. The additional data across time
can be leveraged to provide additional information for our initial frame, or to extend
the amount of data which we can learn from. In this thesis I use temporally adjacent
frames from a moving ego vehicle to evaluate the accuracy of monocular depth es-
timates by warping the initial frame to a new viewpoint and comparing the warped
image to the actual image capture at this time/location. I also leverage consistency
across time and views to develop a richer understanding of 3D object location. This
is especially useful when using sparse ranging measurements which at some loca-
tions and times can provide inconclusive data only to have ambiguities cleared up in
subsequent frames.

Cross-modal: some sensing modalities are better studied than others, and each
has it’s own strengths and weaknesses compared to the others. Image tasks for ex-
ample have many more datasets with a wider range of images annotated than Li-
DAR/ranging sensor based tasks owing to the much greater complexity of labeling
data in 3D. With this in mind I explore the possibilities of transforming object infor-
mation across sensing modalities, namely from image space where methods are robust
and trained on diverse data to LIDAR where datasets are typically limited geograph-
ically and in quantity. I feel that this strategy will allow future work to utilise much
larger more diversely collected datasets rather than overfitting to specific geographies

represented in current datasets.



1.2 Tasks

The following section describes the tasks tackled in this thesis, all of which involve
the use of 2D image information to derive information about the 3D world across

time.

1.2.1 Relative Velocity Estimation

Figure 1.1: TUSimple Relative Velocity Estimation dataset]l] example

When navigating an environment with other objects in motion understanding
their motion is a fundamental requirement of planning our future movements. In
we observe three other vehicles and annotations of their relative position
and location. With this information we can estimate the location of these vehicles
in the immediate future. Sensors like RADAR are generally used for such tasks as
they can easily determine velocity of other objects, however the use of cameras for
this task is highly desirable either as a primary sensor, redundancy or to ensure the
RADAR sensor is not damaged and outputting bad data. As velocity broken down is
just distance and time having an accurate concept of an objects distance would give

us the most beneficial derivative of the input sensor data for this task.



1.2.2 Depth Estimation

Figure 1.2: RGB image and a predicted depth map

While capturing an image we take rays of light cast through a lens and hitting a
sensor. This produces an image where each pixel represents the number of photons
captured from illuminated objects in the direction of the ray (potentially with some
transparent intermediate objects modifying the colour along the way). This process
converts the colours present in the pixels frustum to a single point in the image. When
capturing the photons we take a 3D point (or region), cast it’s light through the lens
and count how many reach the sensor, which tells us what colour that region of the
image should be. Given an image with known intrinsic properties it is not however
possible to reverse this operation as the pixel coordinate and intrinsic parameters only
describe the angle at which the photons reached the lens and not the distance of the
object from the camera. For systems that interact with 3D objects this conversion
makes the information 2D image based methods produce far less useful as while we
may be able to determine the direction of an object relative to the ego vehicle we
cannot determine it’s distance. With this in mind much work has been done in using
convolutional neural networks to predict a pixel-wise estimate of depth as shown
in [Figure 1.2 This allows us to utilise cameras in place of LiDAR or other depth
sensors for a lower cost system, or provide a fallback option incase of sensor failure
due to mechanical problems or adverse weather which may effect different sensors
much worse than RGB cameras. Having accurate knowledge of the distance to an

object would allow better velocity estimation and object detection in 3D.



1.2.3 3D Object Detection

Figure 1.3: 3D Object Detection

Object detection in images is well studied with methods such as Mask R-CNN[23],
YOLOI34], and DETR][6] providing reliable 2D object detections for existing large
datasets. In autonomous driving however detection of objects in 3D is far more
important as it allows us to plan our own future movements and rotation gives a strong
prior on which direction we can expect other objects to move. 3D Object Detection
(3DOD) however is much more complex to annotate than 2D object detection. Image
object bounding boxes have 4 degrees of freedom (top, left, width, height) coordinates.
To generate the 3D bounding box annotations and predictions shown in
we need 7 to 9 parameters (X, Y, Z) center, (Length, Width ,Height) size, and (Roll,
Pitch Yaw) rotation parameters, often only Yaw is recorded in autonomous driving
applications). Human annotation in point clouds is error prone as [I5] notes and
extremely time consuming (up to 114 seconds per object as noted in [30]). With
such a high demand on human annotation time it isn’t a surprise that large scale
annotated datasets of 3D objects are less common than 2D object detection which

ultimately decreases our ability to train robust 3DOD systems.



1.3 Contribution Outlines

This section summarises the main contributions of this thesis and outlines the chap-

ters.

1.3.1 Synthetic Data Generation for Relative Velocity Esti-
mation

Relative velocity estimation is a fundamental task for autonomous driving where
decisions need to be made several seconds in advance in anticipation of the future
locations of actors in the environment. This requires analysis of the recent history of
objects to determine their relative velocity compared to the ego vehicle which gives
a strong prior on future locations. While datasets such as TuSimple[I] allow us to
build a model for these tasks it is difficult to truly capture the variance of velocities
possible in real driving in a finite dataset yet we must train a model which can make
reasonable predictions in all cases. In we explore the attributes of this
dataset and leverage some simple insights to develop a dataset of completely artificial
data with realistic properties. The key insight of this work is that a sequence of
bounding boxes is sufficient to adequately describe the relative motion of allo-vehicles.
In contrast to other synthetic datasets such as [12, [17] where the entire scene must
be simulated which greatly limits the amount of data which can be generated, our
simple transformation into an abstract space allows us to create a far broader range
of examples with properties both within the range seen in the real data and also far

exceeding the samples seen during the dataset captured, yet physically plausible.

1.3.2 Diving into the details of Monocular Depth Estimation

To understand velocity we necessarily need an understanding of depth. This however
does not come naturally to monocular vision systems. With these limitations of
cameras in mind we next focus on predicting pixelwise depth. In previous works
[20, 43, 21] a sequence of frames from a single camera have been used to train a
model which jointly learns depth for a single frame and the relative pose change to
another frame in the sequence. This technique has shown some impressive results,
approaching those of methods supervised by LiDAR sensors (by interpolating the
sparse depth maps when LiDAR points are projected into an image captured at the
same time). While deep learning methods utilise strategies such as augmentation,
shuffled mini-batches, Dropout and Batch Norm the parameters learned at the end

of training still perform better on training set examples compared to test samples.



Given that in real world deployments of such methods the temporally adjacent frames
are also present this raises the question of whether we can improve the performance
of our model at test time while not changing the parameters too much and getting
outputs which have overfit the specific frame as the outputs may have degenerated
owing to the prerequisites of such methods being violated. Indeed papers such as
GLNet[8] have shown that such an idea is possible on an individual test time frame,
their method however is far too slow for a real world use, with a single images fine
tuning taking 2 seconds or 40 seconds depending on the exact strategy used. In
we explore which network components influence poor generalisation at test
time and how such parameters can be fine tuned to improve performance while not
overfitting the specific example or taking too long to tune. In this paper we show
even using less time than the quickest strategy used in [8] we still achieve substantially
better performance, and that with fewer update steps we still improve the baseline
substantially. We further demonstrate that while until now these fine tuning steps
have been deployed on a single test time frame with the parameters then reset to the
pre-trained values the best way to utilise this technique is actually to leverage the
similarity of frames in a long sequence and slowly tune parameters. This means that
rather discarding the scene specific knowledge we gained in the previous frames fine
tuning we can perform fewer steps while still improving performance substantially,
making these techniques usable in real time applications.

Despite the excellent performance numbers quoted by existing monocular depth
estimation networks the information learned only tells us the relative depth of one
object in the image compared to another. This manifests in the evaluation where the
frame by frame LiDAR data is needed to correct the scale of the networks output
values. This severely limits the utility of such networks for downstream tasks. In
PackNet[22] the ego velocity is used to calibrate the magnitude of the pose networks
predicted translation vector. This results in the depth networks scale to be calibrated
properly as during the calculation of the image warping the predicted depth map is
converted into a point cloud, transformed by the estimated relative pose and projected
into the camera at the new viewpoint. Having the magnitude of the translation correct
forces the depth values to use the correct scale. We however find in that
the known camera height can also be used to calibrate the depth maps values to the
correct scale. The advantages of this that we don’t require IMU data to train the
model, this can be beneficial as wheel odometry is unreliable and GPS based systems
struggle to get a consistent signal in many areas, and even when they do the data is

often too noisy to use for supervising a network requiring highly precise values. This



work was completed in parallel with [36] who use a similar approach. In [Chapter 4
and [Chapter 5| we use a state of the art architecture [21] and loss functions and focus
on the optimization strategy for to enable quick learning at test time and add a scaling

method which can be utilised without additional test time sensors.

1.3.3 Cross-Modal Knowledge Distillation

A good understanding of depth gives us a much greater ability to determine the rela-
tive position of other objects detected in our image. Even with the past few years of
development monocular self-supervised and supervised depth estimation still strug-
gles to assist vision only estimation of 3D bounding boxes as seen in [27]. With these
limitations in mind we pivot to utilising LiDAR as a source of accurate depth infor-
mation. However compared to images LiDAR is much more challenging to annotate.
Images have been annotated for classification, detection, panoptic segmentation and
inter frame tracking to name but a few tasks. These annotations require no addi-
tional sensor data and therefore datasets can be constructed with images from a wide
variety of sources. LiDAR on the other hand is far less prevalent and much more
diffucult to annotate accurately owing to partial object scans, sparcity at increasing
distances and ambiguous point clouds (see [15] for discussion of LiDAR annotation
difficulties). While some datasets capture both RGB and depth data (NYU[3T],
ScanNet[10], Matterport3D[7]) in those cases the depth information is only used to
evaluate depth estimation from the RGB image. Even recent datasets captured for
autonomous driving specifically focus more on image based tasks. BDD100K [41],
Cityscapes]9] and Nulmages[4] all capture a large number of frames from a variety
of regions and annotate for object detection, panoptic segmentation, lane markings,
and drivable area yet none of these provide any 3D information, arguably far more
important space for scene understanding in autonomous driving. Even more confus-
ingly we find that datasets which use LiDAR and annotate in 3D such as NuScenes[4],
Waymo[35] and KITTI[I9] contain no 2D annotation for 3D objects (NuScenes) or
annotate only a 2D box for each 3D annotated object without any semantic segmen-
tation or tracking across cameras (Waymo and KITTI).

Even the biggest autonomous driving datasets with annotations in 3D contain a
relatively small and non-diverse number of objects compared to image datasets. Fur-
thermore in image based tasks sensors are typically similar enough that a network
which works on one cameras output will also operate with a similar level of accu-
racy to the camera it was captured on (as data is often crowd sourced this attribute

essentially comes for free). Autonomous driving platforms however often use sensor



configurations which vary greatly from one manufacturer to another, LiDAR alone
can come in a wide variety of settings with sometime significant variance in the fre-
quency of sweeps, number of beams (vertical resolution) and accuracy rating at a given
distance meaning that deploying a model trained on one platform to another might
not be as effective for LIDAR data as it is for RGB data. Most proposed hardware
configurations for autonomous driving suggest a combination of RGB cameras and
LiDAR/RADAR sensors. As models trained on images transfer across different RGB
cameras but LiDAR does not it would be advantageous to utilise the image based
predictions to reason about the data captured by the LiDAR sensor. This has mul-
tiple benefits, namely that image based problems are well studied with many mature
methods with highly accurate predictions on a wide variety of data and secondly that
if the image can assist the LIDAR than the specifics of the LiDAR sensor are no longer
as significant as we can re-train our network with the new sensor configuration and
potentially adopt even perform some fine tuning as we explored in monocular depth.
This strategy could also be used to greatly accelerate the creation of new datasets
on novel platforms, or to continually expand an existing dataset to cover new target
objects, geographies or improve performance on existing objects with more training
data. The concept of using the RGB image detections to reduce the search space in
point clouds is explored in where I perform detection in the image space
then determine the precise location by training a network using the LiDAR points
which project into the instance mask. A similar pre-processing is used in
where instead of detecting in the image we only use the image instance segmentation
obtained to construct the loss, meaning our end product can operate only on LiDAR

data at test time.
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1.4 Publications

The work presented in this thesis is as follows:

e (Chapter 3|[Relative Velocity Estimation|
- R. McCraith, L. Neumann, A.Vedaldi
- IEEE Intelligent Vehicles Symposium 2021

e (Chapter 4||Monocular Depth Estimation with self-supervised instance adaption|
- R. McCraith, L. Neumann, A. Zisserman, A.Vedaldi

e (Chapter b||Calibrating self-supervised monocular depth estimation|
- R. McCraith, L. Neumann, A.Vedaldi
- Machine Learning for Autonomous Driving, NeurIPS 2020 Workshop

e (Chapter 6||Lifting 2D Object Locations to 3D by Discounting LiDAR Outliers|
lacross Objects and Views|
- R. McCraith, E. Insafutdinov, L. Neumann, A.Vedaldi
- International Conference on Robotics and Automation (ICRA) 2022

e (Chapter 7||Direct LiDAR-based object detector training from automated 2D)|
detections
- R. McCraith, E. Insafutdinov, L. Neumann, A.Vedaldi

- In review: Machine Learning for Autonomous Driving, NeurIPS 2022 Work-

shop

A note on presentation. This thesis is presented as an integrated thesis where the
publications are reproduced in the format they were submitted for publication at the

respective venues.
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Chapter 2

Literature Review

2.1 Relative Velocity Estimation

2.1.1 Velocity Estimation

Previous works on ego and allo velocity estimation have followed the prevailing trends
of computer vision at the time. Early methods for vehicle object detection from
videos such as [39] relied on SIFT features to estimate ego velocity, performing 3D
scene reconstruction and deriving object motion in images by determining which 3D
points violate epipolar constraints for static objects and grouping collections of such
points with similar motion to create an object bounding box. More recent methods
such as [I4] use a Convolutional Neural Network (CNN) to gather object detections
and compares similarily compares keypoints from one image to the next relying on
violation or epipolar constraints to determine independent motion.

Both of these methods only determine whether the object is in motion and not
its actual velocity, for this we can look to [26], as shown in they pass a
sequence of images through the Median Flow tracker[25] to track the same vehicle
in each frame. This bounding box sequence is then used to crop monocular depth
estimation, and optical flow estimates over the entire image which are then feed into
a fully connected neural network which predicts the velocity. This approach utilises
existing monocular depth estimation [20] and optical flow [24] networks pretrained
on larger datasets, freeze their weights and only train the final small Multi Layer
Perceptron (MLP) on the much smaller TuSimple Dataset[I], allowing them to benefit
from these additional inputs while still not overfitting on a dataset relatively small

for deep learning methods.
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Figure 2.1: Method of [20]

2.1.2 Synthetic Training Data

Synthetic training data ofr autonomous driving has also seen adoption in the age of
deep learning methods as it allows the construction of datasets which more precise
ground truth and in some cases additional information which is not easy to capture in
the wild. In autonomous driving the most commonly used examples of such datasets
include Virtual KITTI [I8] which attempts to make a virtual clone of the KITTI[19]
dataset which allowing the authors to easily produce additional ground truth data
such as optical flow, instance segmentation, or even change the weather to produce
more diverse challenging data. CARLA[I2] provides a simulated environment where
textures of the environment and weather conditions can vary, pedestrians can have
precise ground truth skeleton annotations and various traffic scenarios can be simu-
lated and captured with a wide array of sensors. Parallel Domain[2] provides many of
the same features as CARLA and focuses on higher fidelity rendering, more precise

control, more complex annotations and a longer tail of simulated events.
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2.2 Depth Estimation

2.2.1 Depth Sensors

Three lidar systems A forward facing camera

Radar sensors Self-driving sensors

Figure 2.2: A typical autonomous driving platform has multiple sensors often even of
the same modality with different viewpoints

When capturing images with a monocular camera the depth information is lost
with the only world information retrievable for a given pixel is a ray cast from the
camera optical centre. A solution to this could take the form of a calibrated set of
multiple cameras, this however relies on the ability to get correspondences between
points in each image that represent the same world location and triangulating the
point in 3D. This however is difficult in some cases as often areas have low texture or
non lambertian surfaces may have a very different appearance in each camera making
pixel to pixel matching difficult, thus reducing the number of 3D points retrievable.
These challenges have motivated the development of other sensors focused on captur-
ing the 3D location of points in 3D in the environment. In many applications RGB-D

cameras have become popular, perhaps most famously in the form of the Xbox Kinect,
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the infrared dots projected by these sensors however struggles even in moderately illu-
minated outdoor scenery. RADAR and LiDAR have emerged as the leading sensors in
autonomous driving, with placements of such sensors generally similar to the example
in [Figure 2.2l Each of these however has its own limitations, RADAR for example
has difficulties with reflections and interference from other transmitting sensors, they
also struggle with small or slow moving objects. LiDAR produces a representation of
a scene which is much sparser for further away measurements, involves more damage
prone moving parts, operates at a slower refresh rate than many others (10-15Hz),
and can have significant problems with some weather conditions[3] such as fog which
causes the point cloud generated to essentially be reduced to noise within a couple of

metres of the sensor.

2.2.2 Supervised Depth

Most modern techniques for monocular depth estimation rely on transformation of
LiDAR point clouds to the viewpoint of a camera, then projecting the points into the
image and interpolating the empty pixels using the projection of the LiDAR points.
Eigen et al. [I3] who predict a coarse depth estimate with deeper features and then
refine these measurements by concatenating the coarse predictions to higher level fine
predictions which have retained more precise spatial information. Xie et al. [38] used
skip connections similar to pass higher resolution but earlier features to layers closer
to the high resolution output. DORN [16] removes sub-sampling in the last few layers
to retain spatial information, employees a full image encoder and changes the output
from the typical regression to ordinal regression in a space-increasing discretization

(closer depth values are denser and further away values are sparser).

2.2.3 Self-supervised Depth

A alternative to capturing LiDAR alongside RGB images has been to utilise a se-
quence of images from a moving camera or stereo pair and predict both camera pose
differences and depth in a single frame. The depth is then converted into a point
cloud which is transformed by the estimated/known camera pose change to the other
view. The transformed point cloud is then reprojected into the image at which point
we can construct a warping of the pixels from the original image to the other view-
point. This means the evaluation of the estimated depth and pose can be done in
image space. This approach has been popularised by works such as Monodepth [20]

which warped the image between a stereo pair of cameras and computed a loss using
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pixel intensities, SSIM[37] and a disparity smoothness loss to encourage the dispar-
ities to be locally smooth. SfMLearner[43] which removed the need for stereo pairs
and performed this process along a video sequence by predicting the pose change
between pairs of images rather than depending on the known stereo baseline and
uses an explanability map to predict which areas are less reliable as the underlying
objects are moving which results in a correctly warped image still being incorrect
as some observed objects have moved. Monodepth v2[21] the basis architecture for
[Chapter 4] and |[Chapter 5|is depicted in refines the loss further by warping

forward and backwards and taking only the lower loss which means we only penalise

the pixel if the observed object hasn’t become occluded, auto masks pixel of objects
which haven’t moved between the two frames (similar motion to the ego car) and
multi-scale appearance loss which up-scales to the original resolution to reduce depth
artifacts. In [22] downsampling is replaced by conversion of spatial information to
additional feature channels and back again in the decoder steps. This work also su-
pervised the magnitude of the pose translation prediction to match the ego vehicle
velocity, thus training depth estimates with realistic scale in the network, resulting

in no need for additional depth sensors for scaling at test time.

(a) Depth network (c) Our appearance loss (d) Our full-res multi-scale
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Figure 2.3: Monocular v2[21]
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2.3 3D Object Detection

2.3.1 Supervised

Object detection in 2D images is a well studied problem with many large scale datasets
and a wide array of methods. In robotics applications however 3D Object Detection
(3DOD) is often a more desirable output as it allows planning of future ego motion and
a greater understanding of the spatial relations of objects in a scene. In autonomous
driving platforms a LiDAR sensor is commonly used, often to complement a camera
of collection of cameras. Frustum PointNet [32] takes a 2D image detection and
generates a frustum shown in red in and reduces the LIDAR points to only
those falling within the frustum. They then perform segmentation on the remaining
3D point cloud to further reduce the outlier LIDAR points to only those within the
objects 3D bounding box. Finally they regress the 3D object centre, rotation, and
size. We take the frustum pointnet approach to 3D Object Detection in
where detection is performed on the image and location in 3D is predicted by the
filtered LiDAR points.

Figure 2.4: Frustum PointNet[32]

Frustum PointNet falls into the image first approach to 3D Object Detection, the
other common family of approaches are LiDAR only, a popular direction originating
with the architecture of VoxelNet.

VoxelNet[44] takes the LiDAR point cloud and separates its points into voxels.
A Feature Learning Network shown in then transforms these subsets of
points into feature maps, which are scattered into the voxels original location and
viewed from above to create a Birds Eye View (BEV) feature map, then a Single

Shot Detector is used to perform the object detection. This approach allows the
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unstructured point cloud to be converted into a structured representation and when
the voxel features are converted into an BEV image regions without LiDAR points
can be treated as empty meaning sparse 2D convolutions can be used to save time
in the forward pass compared to 3D convolutions. The network outputs a score of
each location, a regression to the precise location, size and a rotation offset from the

anchors which share the same coordinate in BEV.
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Figure 2.5: VoxelNet [44]

PointPillars[2§] changes out the voxels for Pillars (voxels of infinite height) and

converting the rotation prediction to a classification task across equally spaced bins.
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Figure 2.6: PointPillars[2§]

CenterPoint[40] removes the orientation associated with predicted location with
the output being a heatmap of objectness scores by drawing gaussians on an image and
predicting the scores. This technique allows the network to learn a rotation invariant
representation of the objects. They also accumulate LIDAR point clouds across time
by transforming them to the coordinate frame of the first frame and appending a frame

id to the coordinates input to the network which allows the learning of velocity in
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newer datasets. This velocity estimation is used for tracking by predicting a sequence

of frames and greedily associating objects across predictions.

2.3.2 Weakly Supervised

Annotating Data for 3D Object Detection is very challenging compared to many other
computer vision tasks. In [30] they attempt to reduce the annotation requirements
from the full (X,Y, Z) centre, yaw and (I, w, h) size and instead label just the X, Z
centre in birds eye view for most cars, pre-train a network on this data then fine-tune
on a smaller set of cars with the additional parameters.

Qin et al. [33] generate 3D anchor boxes which they project into the image along
with the LiDAR point cloud. The count of LiDAR points inside the 3D box is
then normalised by distance and if this quantity exceeds a threshold the anchor is
considered an object proposal. The RGB image is then cropped to the projection of
the proposed 3D box. These image crops are then evaluated by a pre-trained teacher
network which can confirm the presence of a car and give a rotation estimate during

training and teaches the student network to perform these tasks at test time.
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Figure 2.7: Weakly Supervised 3D Object Detection from Point Clouds[33]

Koestler et al.[27] uses instance segmentation and monocular depth estimation to
place a deformable car mesh in the candidate location and evaluate its location by
comparing to the image and depthmap. By differentiably rendering the mesh into
the image they can perform small deformations of the mesh to improve its explana-
tion of the instance segmentation it corresponds to without causing a change to the
location prediction. Similar to self-supervised monocular depth estimates they also
utilise information from adjacent frames to improve results. The depthmaps can come
from self-supervsed monocular depth predictions but much greater accuracy can be

achieved by LiDAR supervised depth estimates.
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Zakharov et al. [42] apply a shape differential renderer to a signed distance field
representation together with a normalized coordinate space trained initiaally on a
synthetic dataset. After this synthetic initialization real world images are added
to the training set getting progressively more challenging (based on the curriculum
shown in with increasing training steps, allowing the network gradually
adapt to real world images. This curriculum allows the knowledge gained in the
synthetic pre training step to be retained but also requires knowledge of the difficulty

of the 3D objects, requiring some level of manual annotation.

2D detection
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Figure 2.8: Autolabeling 3D Objects With Differentiable Rendering of SDF Shape
Priors[42]

While these weakly supervised methods perform admirably given the lack of hu-
man annotation in 3D, compared to supervised methods the accuracy of these tech-
niques is significantly worse than supervised methods and as such typically they only
report less strict evaluation metrics to obscure the difference to existing work which
always reports at a stricter threshold. Some of these methods also depend on some
information additional to just a 2D detection, namely [33] teacher network contains
yaw predictions, and [42] uses not only a complex synthetic dataset to pre train but
also uses KITTTI’s object difficulty to first train on easier examples when adapting

the network to real images.
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Part 1

Relative Velocity Estimation
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Chapter 3

Relative Velocity Estimation

This work was presented at [EEE Intelligent Vehicles Symposium 2021 and was a
best paper finalist.
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Real Time Monocular Vehicle Velocity Estimation using Synthetic Data

Robert McCraith!, Lukas Neumann!, Andrea Vedaldi!

Abstract— Vision is one of the primary sensing modalities in
autonomous driving. In this paper we look at the problem of
estimating the velocity of road vehicles from a camera mounted
on a moving car. Contrary to prior methods that train end-to-
end deep networks that estimate the vehicles’ velocity from the
video pixels, we propose a two-step approach where first an
off-the-shelf tracker is used to extract vehicle bounding boxes
and then a small neural network is used to regress the vehicle
velocity from the tracked bounding boxes. Surprisingly, we find
that this still achieves state-of-the-art estimation performance
with the significant benefit of separating perception from
dynamics estimation via a clean, interpretable and verifiable
interface which allows us distill the statistics which are crucial
for velocity estimation. We show that the latter can be used to
easily generate synthetic training data in the space of bounding
boxes and use this to improve the performance of our method
further.

I. INTRODUCTION

Autonomous driving systems rely on a wide array of sen-
sors including LiDARs, radars and cameras. LiDAR sensors
are especially good at estimating the position and velocities
of vehicles and obstacles (0.25m/s at the distance of 15
meters [16], 0.71m/s at a wider range of distances [1]).
However, LiDAR sensors are also very expensive, not reli-
able in adverse weather conditions [19] and easily confused
by exhaust fumes [9]. Depending on a single source of
information in a context such as autonomous driving is also
inherently fragile. Hence, it is natural to develop alternative
sensors either as redundancies or to improve the accuracy and
robustness of sensors like LiDARs. Cameras are a natural
choice as they are very cost effective and in principle suffi-
cient for navigation given that humans drive cars primarily
using their sense of vision. Furthermore, there is a substantial
amount of computer vision research that is directly applicable
to autonomous driving.

In this paper, we aim to predict the velocity of other cars
based only on a video from a standard monocular camera.
Because the vehicle where the camera is mounted on (the
ego-vehicle) is typically moving as well, the velocity estimate
of other vehicles is relative to the velocity of the ego-vehicle.

Our main contribution is to show that, for this problem,
one can separate perception from velocity estimation by first
mapping the visual data to a mid-level representation —
the space of vehicle bounding boxes — with no loss in
performance compared to much more complex estimation ap-
proaches. The velocity estimation problem is then modelled
purely on bounding boxes, which change their position and

Authors are members of the Visual Geometry Group in the Uni-
versity of Oxford, UK. emails: robert, lukas, vedaldi
@robots.ox.ac.uk

size over time, tracking the motion of vehicles on the road
in a simplified view of the data. Using such an approach, our
simple model outperforms the winning model [15] of CVPR
2017 Vehicle Velocity Estimation Challenge [1], which is a
much more complex model that combines tracking with two
different deep networks for monocular depth and optical flow
estimation.

A major advantage of using such a simple intermediate
representation is that it becomes much easier to simulate
training data for the velocity estimator model. Still, we show
that doing so in an effective manner requires to capture
accurately the statistics of real bounding boxes. Our second
contribution is thus to show how such a synthetic dataset
is created, by extracting the necessary data priors from a
small set of real data and using it to generate a much larger
training set in the mid-level feature space. We then show that
training only using this synthetic dataset results in excellent
performance on real test data. In the process, we also distill
the data statistics that are crucial for velocity estimation from
visual data, clarifying in the process what is important and
what information is not for this task.

The ability to easily generate synthetic data is not only
beneficial to improve velocity estimation accuracy at vir-
tually no cost for existing scenarios, but can be also used
to train the model for different driving scenarios, such as
different countries, and to model different driving styles
and various emergency situations (e.g. unexpected breaking)
without the need for laborious real data collection or for
expensive 3D photo-realistic animation in order to cater for
such situations.

Our approach can also be seen as encapsulating percep-
tion, which is often implemented by opaque and difficult-
to-diagnose components such as deep convolutional neural
networks, in a module which has a simple, interpretable,
and testable interface. Decomposing systems in modules that
are individually verifiable and that can be connected in a
predictable manner is essential for autonomous systems to
meet reliability standards such as ISO 26262 [12], [21].
Hence, while end-to-end trainable systems may be conceptu-
ally preferable, decompositions such as the one we propose
may be essential in practice — fortunately, as we show, this
may come with no loss of performance.

The rest of the paper is structured as follows. In sec-
tion II, prior work is discussed. In section III, we introduce
the method, in section IV we discuss the data generation.
The evaluation is presented in section V and the paper is
concluded in section VI.

23



Fig. 1.

II. RELATED WORK

a) Depth and ego-motion estimation: In recent years
numerous approaches to monocular depth and ego-motion
estimation have been explored thanks to the expressive power
of convolutional neural networks. Supervised approaches [4],
[25], [28] depend on pixel-wise depth annotations to be
available for each pixel of the training set, which results
in costly data collection. Unsupervised methods [17], [30]
on the other hand depend heavily on camera intrinsics
and rely on camera motion between successive frames to
produce coarse relative depths, which are difficult to use for
predicting exact distances.

b) Velocity estimation:  Classical vision techniques for
motion detection from a moving camera such as Yamaguchi
et al.[29] first match points in successive frames and then
filter them based on their location and compatibility with the
epipolar geometry. A similar approach is used in Fanani et
al.[5], where candidate objects are first filtered by a CNN
which detects vehicles and then tests based on the epipolar
geometry are used to determine whether these vehicles are
moving or not.

The above approaches aim to only differentiate between
static and moving vehicles with no indication of their ve-
locity. Kampelmiihler et al.[15], the winner of CVPR 2017
Vehicle Velocity Estimation Challenge [1], extends these
approaches to predict the relative velocity of the vehicles
in view of the ego-vehicle. This is achieved by passing
the sequence of images through a depth [7] and flow [11]
estimation network, as well as applying a classical tracking
system [13]. The features extracted from these three sub-
components are then concatenated and fed to a small neural
network which predicts the velocity (see fig. 2 top).

¢) Tracking: Object tracking is a classical computer vi-
sion problem [20]. The multiple instance learning tracker [2]
expresses the problem as a classification task, where de-
tections in previous frames are used as training data for
future frames. MedianFlow [13] uses the forward-backward
error to validate which points are robust predictors of
object movement. The method is further improved in the
TLD tracker [14] by disabling online learning when the
object is occluded and by allowing the algorithm to re-

Sample sequences from the TuSimple dataset at the last frame with their respective bounding box and velocity annotation in Z and X direction.

detect the object once it appears again. More recently, with
the emergence of deep learning, specialized networks have
been trained to explicitly track location of objects in video
sequences [10]. Similarly, Siamese CNNs [3], [26] have been
exploited to build a powerful embedding to discriminate
whether an image patch contains the same object or not,
therefore tracking objects by appearance similarity. For a
systematic evaluation of tracking algorithms, we refer the
reader to the VOT challenge results [18].

d) Synthetic training data:  Synthetic training data have
been successfully applied in various domains of computer
vision, ranging from scene text detection [8] to optical flow
estimation [11]. In the autonomous driving domain, the most
widely used synthetic dataset is Virtual KITTI [6], which
contains 50 photo-realistic videos generated by the Unity
game engine. Thanks to the synthetic source of the data, the
dataset comes with pixel-level annotations for segmentation,
optical flow and depth, which would be virtually impossible
and very expensive to achieve in real data. More recently, the
SYNTHIA [22] and Synscapes [27] artificial driving datasets
have also been introduced.

The main difference to our work is that the above datasets
are based on photo-realistic representation of the world,
whereas our mid-level representation consists of mere bound-
ing boxes, which are significantly easier to generate.

III. METHOD

Our goal is to estimate the velocity of other vehicles
imaged from a camera rigidly mounted on the ego-vehicle
and looking forward. We can model this situation as follows.
The input to the model is a sequence I = (Iy,...,I7) of T
video frames extracted from the camera. We also assume
to have a bounding box by tightly enclosing the vehicle of
interest at the end of the sequence 7. The output of the
model ® is a 2D vector V = ®(I,by) € R? representing
the velocity of the target vehicle at time 7" projected on the
ground plane relative to the ego-vehicle.!

A. Geometry and elementary velocity estimation

Next, we describe in some detail the geometry of the
problem and provide a naive solution based solely on pro-

Estimating the vertical velocity Y is essentially irrelevant for this
application.
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Fig. 2. The state-of-the-art architecture of [15] (top) consists of three different sub-networks and separate models for each of the three distance intervals.
Our architecture (bottom) trained on synthetic data is significantly more straightforward, uses a single model and achieves comparable accuracy.

jecting bounding boxes into 3D world coordinate system.
The physical constraint of the setup results in several sim-
plifications compared to the general imaging scenario. Let
P = (X,Y,Z) € R? be a 3D point expressed in the ego-
vehicle reference frame. We can assume that the camera is
at a fixed height H from the ground looking straight ahead.
Hence, point P projects to the image point p = (u,v),
u=f %, v=Ff % where f is the focal length of the
camera.’

Now assume that the bounding box b = (z,y,w, h) € R*
is given by the image coordinates (u,v) = (x +w/2,y + h)
of the mid point of the bottom edge of the box and by the
box width and height (w, h). To a first approximation, we
can assume that (u,v) is the image of a certain virtual 3D
point P = (X, 0, Z) rigidly attached to the vehicle at ground
level. Hence, since we know the height H of the camera, we
can readily infer the depth or distance Z of the vehicle, and
hence the 3D point, as

x=n )
v

Z =fH 1,
v
If we can track the bounding box b; over time ¢ € [1,7],
then we can use eq. (1) to estimate the coordinates P, =
(X4, 0, Zy) of the 3D point relative to the ego-vehicle and ob-
tain the velocity as the derivative V = (X7, Z7). However,
owing to the varying quality of road surfaces and inclines
or declines along a road this technique provides very poor
estimate of vehicle velocity, especially for vehicles which
are further away (see table II). Indeed, analyzing eq. (1) and
assuming a camera with standard image resolution, we come
to a conclusion that for vehicles in distance d > 20m the
approach requires sub-pixel accuracy of the bounding-box
estimate for a reasonable estimate of 3D position and hence
velocity, which simply is not realistic.

B. Deep learning for velocity estimation

Sophisticated models which combine several streams of
information from image pixels (depth, optical flow) perform
significantly better, so one may be tempted to ascribe the
poor performance of the geometric approach to the fact that
too much information is discarded by looking at bounding

The image coordinates (u,v) are standardized, with (0, 0) correspond-
ing to the view direction, and are in practice related to pixels coordinates via
a non-linear transformation that accounts for the camera intrinsic parameters,
including effects such as radial distortion. We assume that the intrinsic
parameters are known and that their effects has already been removed from
the data.

boxes only. We show that, somewhat surprising, this is not
the case. Instead, we show below that bounding boxes are
sufficient provided that the modelling of dynamics is less
naive.

a) State-of-the art baseline:  Our reference model is the
one of Kampelmiihler ef al. [15]. They propose a complex
network that combines three data streams, all derived from
the video sequence I (see fig. 2 top). One stream applies
a pre-trained monocular depth-estimation network, called
MonoDepth [7], to estimate a 3D depth map from the
video. Another stream applies FlowNet2 [11], a state-of-
the-art optical flow estimation network, to estimate instead
optical flow. The last stream uses an off-the-shelf tracker [13]
to track the bounding box by backward through time, and
thus obtain a simplified representation (by,...,br) of the
vehicle trajectory in the image. The output of the different
streams are concatenated and passed through a multi-layer
perceptron (MLP) to produce the final velocity estimate V' =
®(I,br). In addition to pre-training MonoDepth, FlowNet2,
and the tracker on external data-sources, the MLP, fusing the
information, is trained on an ad-hoc benchmark dataset that
contains vehicle bounding boxes for one frame with their
ground-truth velocities and positions measured via a LIDAR
(section 1V).

Furthermore, three individual models of different-sized
MLPs are used to determine velocity within the different
vehicle distance ranges used in the evaluation. These range
from 3 layers of 40 hidden neurons to 4 layers of 70 hidden
neurons with increasing model size for vehicles further
away [15]. The final velocity prediction is given by averaging
output of 5 model instances, therefore in total 15 distance-
specific models are used at testing time.

b) Our Model:  Similar to [15] we use a fully connected
neural network with 4 hidden layers of 70 neurons each
with CReLUJ[23] activation and Dropout[24] between layers
during training. This allows us to reduce the runtime of
our method significantly as we do not require estimation of
optical flow and depth which allows our runtime to reduce
from 423ms to 10ms and only one model is trained reducing
the inference time further.

c¢) Estimating velocity from bounding boxes: Next,
we describe our architecture to estimate vehicle velocity
(see fig. 2 right). We consider an input video sequence
I =(I1,...,Ir) of T video frames capturing a vehicle at
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Fig. 3. Vehicle statistics. Top left: coordinate of the left edge of the bounding box image location vs the depth Z of the enclosed vehicle. This is

constrained by green lines that represent the pixel coordinates of 3D points 9m left and right of the camera and placed at corresponding depths. Other
plots in order: coordinate y (constraints at [0, 2.5m)]), box height A ([1.3m, 2.5m]) and box width w ([1.5m, 3m]).

time ¢ € [1,7T]. As shown above, in the reference model, the
velocity estimate V' is then obtained as

V =(Lbr) 2

where ® is neural network or a combination of several neural
networks as in [15], taking video sequence I as an input and
a bounding box by in the last frame.

In our paper, we decompose ® into two mappings ¥ and

V = U(Z(Lbr)) 3)

by introducing an intermediate representation b =
(b1, ...,br) representing the vehicle image location at time
t € [1,T] b =E(1,br),V = ¥(b), where E is a off-the-
shelf tracker component [13] and W is the vehicle velocity
estimator we train.

Using the above decomposition, we only require (b, V') as
supervision pairs, and not the (I, V') pairs as in the original
formulation [15], which are extremely expensive to obtain
as it implies capturing and annotating many driving video
sequences.

As before, bounding boxes b are represented as quadruples
(z,y,w,h). The trajectories b are passed to a filter g(b)
that applies temporal Gaussian smoothing to each coordinate
independently. Finally, the output of the filter is flattened to
a 47T'-dimensional vector and fed to a multi-layer perceptron
¥ : R4T 5 R. Hence, the overall model at inference time
can be written as V = W(b) = ¥(vec(g(E(I,br)))).

At training time, assuming the tracker = is fixed, we
however only need to train W, using the pairs (b,V’) by
minimizing the loss ||V — ¥(b)||%. Next we show how the
pairs can be obtained.

IV. LEARNING FROM REAL OR SYNTHETIC DATA

We begin by discussing a real benchmark dataset sufficient
to train our model and then we discuss how we can generate
analogous synthetic data effectively in the space of object
bounding boxes.

A. Real data: TuSimple

While many driving datasets exist in the realm of au-
tonomous driving many focus on single frame tasks such
as object detection in 2D/3D, depth estimation, semantic

segmentation and localisation. The only dataset with nesse-
cary annotations for our task with comparable work come
from TuSimple[1]. The TuSimple dataset was introduced
for the CVPR2017 Autonomous Driving velocity estimation
challenge [1]. It contains 1074 (269) driving sequences with
1442 (375) annotated vehicles in the training (respectively
testing) set, split into three subsets based on the distance
between the ego-vehicle and the observed car (see table I).
The dataset was recorded on a motorway by an standard
camera (image resolution 1280 x 720) mounted on the roof of
the ego-vehicle. Each driving sequence contains 40 frames,
captured at 20fps as seen in fig. 1. LiDAR and radar were
simultaneously used to capture the position and velocity of
nearby vehicles and recorded data were then used to give the
ground truth velocity and 3D position of each vehicle in the
last frame of the sequence. Additionally, a manually created
bounding box (in the image space) is available in the last
frame for each vehicle. Using the notation from section III-B,
the dataset therefore provides 1442 training and 375 testing
triplets (I,bp, V). As shown in fig. 4 the TuSimple dataset
spans a wide range of distances from the camera with a high
bias towards the same lane as is typical in driving imagery.
Velocity in both Z and X is roughly uniformly distributed
around O which is expected in motorway situations.

B. Synthetic data

By distilling the information contained in an image to
bounding boxes b we now have data which is highly-
interpretable and easy to characterise statistically; the latter
can be used to generate synthetic training data, which ideally
will have very similar statistical properties to the real data.
We could also choose to simulate vehicles with speeds not
normally seen in the real world to train a network capable
of understanding such abnormal situations.

Near Medium Far Total
distance [m] | d <20 20<d<45 d>45
Train 166 943 333 1442
Test 29 247 99 375
TABLE 1

THE NUMBER OF ANNOTATED VEHICLES IN THE TUSIMPLE DATASET [1]
AND THEIR SPLIT BASED ON THEIR DISTANCE FROM THE EGO-VEHICLE.
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Fig. 4. Distribution of vehicle instances in the TuSimple dataset.

We use the training subset of the TuSimple dataset
(see section IV) to infer these statistical properties. In fig. 3-
left we plot the bounding box horizontal coordinates = vs
the depth of the enclosed vehicle. There is some obvious
structure in the data; in particular, several lanes to the left
and to the right of the ego-vehicle are clearly visible. The
other plots show the y coordinate as well as the bounding
box width and height. The latter are highly constrained by
the physical sizes of vehicles.

We found learning to be sensitive to the distribution of
vehicles locations and less so of car velocities and sizes. We
thus represent the location distribution empirically (fig. 5)
and sample from TuSimple the first bounding box in each
to obtain its 3D ground point (X,0,Z). This is then re-
projected to the image as explained in section III-A to obtain
the bounding box location (z,y). The box height and width
are obtained indexing with the depth Z polynomial fits to
the TuSimple height/width data (fig. 3). Finally, the track is
simulated by sampling a velocity vector V' from a Gaussian
fit of the TuSimple velocity data (fig. 4) and integrating the
motion (fig. 6).

Note that only the bounding box positions are empirical,
whereas the other parameters are sampled form very simple
distributions. We show that this is sufficient to train models
that achieve excellent performance on real data. This helps
isolating what are the important/sensitive priors (location)
and what are not (size, velocity) for velocity estimation.

V. EVALUATION

We evaluated our approach using two models. For both
models, we used MLP with 4 hidden layers, trained for

150 epochs, using dropout of 0.2 after the Concatenated
ReLU[23] activation function, learning rate with learning rate
6 x 10~* adjusted using exponential decay with decay rate
set to 0.99.

In the first model denoted as MLP-tracker, we initially
processed all video frames by the MedianFlow [13] tracker,
using the bounding box by from the ground truth for tracker
initialization. We then used the resulting sequences b =
(b1,...,br) as the training data for the MLP (see section III-
B). At test time, we followed the same procedure, which is
pre-processing the input video sequence by the tracker, and
then feeding the intermediate representation b into the MLP
to obtain the velocity estimate.

We follow the TuSimple competition protocol, and report
velocity estimation accuracy F, calculated as the average
over the three distance-based subsets (table I):

Encur Emcdium Efur 1 R
e N DL’
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“)
where V; is the ground truth velocity from the LiDAR sensor
and V; is method’s velocity estimate. We also note that
according to the dataset authors, the overall ground-truth
accuracy is at around 0.71m/s, however the accuracy will
almost certainly depend on the distance of the observed car.
Using the above model, we reach the overall velocity esti-
mation error of 1.29, which outperforms the state-of-the-art

3Kampelmiihler e al.also report the error of 1.86 and 1.25 for their
method using only tracking information, however this was not the compe-
tition entry and it is not obvious from the paper how the latter number was
reached and what data were used for training.

Fig. 5. Here we show and example of our synthetic boxes in these cases generated starting at the same location as a real object. The fainter boxes depict
the location of the object in subsequent frames for the velocity written above which may differ from the actual vehicles path in real data
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Fig. 6. Real vs synthetic vehicle sequences. The motion of the bounding box in the video sequence - vehicle motion in real video as captured by the

tracker (blue), and synthetic motion generated by our method (red). In the width and height plot we see some tracking inaccuracy when the blue lines

increase going to the right.

and significantly more complex method of Kampelmiihler et
al.[15]. This experiment also shows, that the intermediate
representation b contains sufficient amount of information
to successfully infer vehicle velocity.

In the second model MLP-synthetic, we instead used the
synthetic training data as the intermediate representation b.
We generated 11536 samples using the generation procedure
described in section IV-B and used them as the training
samples for the MLP. At testing time, we again used the
MedianFlow tracker to get the intermediate representation
b from real video sequences and fed them into the MLP to
obtain vehicle velocity estimates (see fig. 2 bottom). Because
our synthetic boxes are generated without noise inherently
coming from the tracker road surface and other sources, at
test time we apply a Gaussian filter with o 5 in each
coordinate of the bounding box as pre-processing to remove
noise.

The resulting model has the velocity estimation error of
1.28, with the biggest improvement in the Far range (see
table II). Generating more synthetic data for training did
not result in further improvement in accuracy, which we
contribute to the relatively small size of the testing set and
the relative low variance of vehicle speed owing to motorway
driving style.

VI. CONCLUSION

In this paper, we showed how to efficiently predict the
velocity of other vehicles based only on a video from a
standard monocular camera by introducing an intermediate
representation which decouples perception from velocity
estimation. We also showed how priors in real data can
be exploited to generate synthetic data in the intermediate
representation and that such synthetic training data can be
used to build a system capable of processing real-world data
without any loss in accuracy.

The decomposition is advantageous not only in terms of
the ability to easily generate training data with the desired
parameters, but also to model different driving styles or
various emergency situations. Last but not least, it also
ensures each component is individually verifiable, which

‘ Ev ‘ Egear Er}\edium El;\r
Kampelmiihler et al.[15] (Ist) | 1.30 | 0.18  0.66 3.07
Wrona (2nd) 1.50 | 0.25 0.75 35
Liu (3rd) 290 | 0.55 221 5.94
geometric reprojection 8.5 048 150 23.60
Ours (MLP-tracker) 1.29 | 0.18 0.70 2.99
Ours (MLP-synthetic) 1.28 | 0.17 0.72 2.96
LiDAR | 0.71

TABLE II

VEHICLE VELOCITY ESTIMATION ERROR FE;,, ON THE TUSIMPLE
DATASET, INCLUDING THE TOP 3 BEST-PERFORMING METHODS OF THE
CVPR 2017 VEHICLE VELOCITY ESTIMATION CHALLENGE [1]. THE
AVERAGE ACCURACY OF THE LIDAR SENSOR USED FOR GROUND
TRUTH ACQUISITION ADDED FOR REFERENCE. RUNTIME OF
KAMPELMUHLER ef al.[15] 1S 423ms OWING TO THE VARYING AND
COMPLEX INPUTS REQUIRED FOR A FORWARD PASS, OUR METHOD CAN
PERFORM A FORWARD PASS IN 10ms ON THE SAME
HARDWARE(RUNTIME FOR OTHER METHODS ARE NOT PUBLIC).

is essential to meet reliability standards for autonomous
driving.
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Monocular Depth Estimation with Self-supervised
Instance Adaptation

Robert McCraith, Lukas Neumann, Andrew Zisserman, and Andrea Vedaldi *

University of Oxford

Abstract. Recent advances in self-supervised learning have demonstrated that it
is possible to learn accurate monocular depth reconstruction from raw video data,
without using any 3D ground truth for supervision. However, in robotics applica-
tions, multiple views of a scene may or may not be available, depending on the
actions of the robot, switching between monocular and multi-view reconstruction.
To address this mixed setting, we proposed a new approach that extends any off-
the-shelf self-supervised monocular depth reconstruction system to use more than
one image at test time. Our method builds on a standard prior learned to perform
monocular reconstruction, but uses self-supervision at test time to further improve
the reconstruction accuracy when multiple images are available. When used to up-
date the correct components of the model, this approach is highly-effective. On the
standard KITTI benchmark, our self-supervised method consistently outperforms
all the previous methods with an average 25% reduction in absolute error for the
three common setups (monocular, stereo and monocular+stereo), and comes very
close in accuracy when compared to the fully-supervised state-of-the-art methods.

1 Introduction

Using images to reconstruct the 3D geometry of an environment, for example in the form
of a depth map, has important applicators in robotics, autonomous driving, augmented
reality, scene understanding and more [2—6]. Since inferring depth from a single image is

* Authors are with Visual Geometry Group, Dept. of Engineering Science, University of Oxford

{robert, lukas,az,vedaldi}@robots.ox.ac.uk

Input Baseline

Ours Ground truth

Fig. 1. Qualitative samples from the KITTI dataset [1]. Self-supervised instance adaptation during
inference consistently improves depth estimation across different challenging scenarios.



ill-posed, traditional implementations use multiple views, obtained either from a moving
camera or from a multi-camera setup (usually a stereo pair). Yet, as humans, we are
able to navigate an environment or even drive with a single eye [7]. In general, we can
perform monocular depth prediction, estimating depth from a single 2D image.

Monocular depth prediction cannot be obtained via visual geometry alone. Instead,
the problem can only be solved by using a powerful prior on the possible 3D shape and
appearance of objects and scenes. Such a prior must necessarily be learned from data,
which explains why humans are good at this task. However, with modern deep learning
techniques, it is now possible to learn effective 3D priors for use in algorithms. Even
more remarkably, recent self-supervised approaches [3,8—10] have shown that 3D priors
can be learned with no access to 3D ground-truth nor multiple camera setups, using
only videos shot from a single camera. This avoids ad-hoc setups involving additional
modalities such as LiDARs to collect ground-truth 3D data for training.

In this paper, we observe that, since self-supervised monocular depth estimation
learns from the consistency between subsequent video frames [3] with no need for
any external ground-truth signal, the same principle can be exploited during inference
in addition to just during training. We show that, given an existing monocular depth
prediction model and a careful selection of which components to optimize, we can update
certain model parameters (weights) at inference time through standard back-propagation.
Our method can seamlessly be extended to mixed monocular and multi-view depth
estimation. We also show that we can continually update the weights through a sequence
for greater performance.

This idea allows to use the strong monocular depth prediction prior learned by
the model during training to robustly interpret multiple views at test time, improving
individual depth predictions. Furthermore, this refinement process can also be applied
continually during inference, which not only improves the run-time of the method but
also is a form of domain self-adaptation: for example, in a driving scenario, this allows a
network trained on a dataset representative of one location to be deployed in areas which
look different, automatically fine-tuning the model. We want to emphasize, that this does
not imply training on testing data in the usual supervised learning sense, which would
of course be invalid; the reason is that there is no ground truth or additional supervision
involved, but rather we simply perform an additional post-processing step at inference
time for each sample.

We show empirically that our depth estimation method significantly outperforms
all other self-supervised depth estimation baselines, without requiring any re-training,
and very nearly matches the quality of fully-supervised systems. We also significantly
outperform recent methods which observe and aggregate information from numerous
frames at test time.

We also believe this idea could be further extended in several ways. First, application
of our method is optional and can be engaged only when motion is observed, reverting
back to standard monocular depth estimation otherwise. Second, we show that it can
benefit from multiple sensors such as stereo pairs that have also been used for self-
supervision [8]. Third, it can likely be extended to many other scenarios where self-
supervision is applicable, to improve inference or perform self-adaptation at test time.
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2 Previous Work

2.1 Other Sensors

From practical perspective, depth in a scene can be estimated using additional sensors
such as LiDARSs or radars, but these modalities have their own limitations: LiDARs
have problems in certain weather conditions [11], they only produce sparse depth maps
which may not be enough for far-away or small objects and they have lower refresh
rate when compared to many other sensors (10-15Hz [12]). Similarly, radars suffer
from reflections and interference and they struggle to detect small or slowly-moving
objects [13]. Stereo vision systems are very sensitive to precise calibration and could
face problems with misalignment of cameras following even a negligible collision, but
the main drawback is the lack of redundancy — a moving autonomous vehicle or a robot
in urban environment cannot simply stop working if for example one of the cameras
becomes occluded by dirt, as that would be potentially very unsafe. By uniting monocular
and multi-view reconstructions setups in a robust manner, our method can help to address
these challenges.

2.2 Supervised Depth

Owing to the scale ambiguity present when capturing images with a single camera the
prediction of depth from a single image is ill-posed as the same image can result from
scenes at various scales. Early approaches to this problem revolved around the use of
geometry to extract point to point correspondences between images and triangulating
to estimate depth [14, 15]. Through the use of deep learning solutions to this problem
have emerged which utilise additional inputs for supervision typically in the form of
LiDAR, RGB-D cameras and stereo pairs. This allows a model to be trained to exploit
the relationship between colour images and their corresponding depth.

Eigen et al. [16] applied multi-scale networks to refine estimated depth maps from
low spatial resolution to high resolution depth maps independently. Xie et al. [17] used
skip-connections to fuse low resolution information dense layers with higher resolution
information sparse earlier layers to refine predictions further. [18-20] apply multi-layer
deconvolutional networks to recover coarse-to-fine depth while others rely on conditional
random fields to improve fine details [21,22]. DORN [4] introduced space-increasing
discretization to transform depth prediction from a regression problem to one of ordinal
regression, encouraging faster convergence and improving accuracy. Lee et al. [23] utilise
local planar guidance layers at multiple stages in the decoder to improve performance.

2.3 Self-supervised Depth

Even with the use of additional sensors capturing ground truth data is not without
difficulty. LIDAR produces sparse point clouds, using RGB-D cameras in bright environ-
ments results in unstable depth maps and stereo setups require precise calibration and
lose accuracy quickly as distance increases. With these problems in mind there has been
a recent interest in unsupervised methods for depth map prediction. Early works in this
area focused on using stereo images in training such as [17] which proposed prediction

34



of discretized depth for novel view synthesis for VR and 3D video applications, [19]
extended this approach to continuous values and Monodepth [8] added a left-right depth
consistency term to the loss to further improve results. This concept was generalized to
remove the need for stereo pairs and instead predict the pose between two sequential
frames in a video during training as seen in SfMLearner [3].

Unlike the stereo version where a scene is captured from two viewpoints simulta-
neously with a sequence of frames, non-stationary objects can move causing problems
when comparing an image to another warped to have the same viewpoint, resulting
in many methods employing another output mask to discount these regions. Caser et
al. [24,25] explicitly model the 3D motion of objects in the scene, which allows their
method to learn from dynamic scenes with lot of motion. They also employ a certain
test-time refinement step, but unlike our method they to first infer all test images and
then run the refinement of the whole set which makes it very impractical, they use an
ad-hoc heuristics to determine whether to use the refined output or not and they optimize
parameters of the whole network which we found sub-optimal.

In Monodepth V2 [9] this problem is tackled using a per pixel minimum re-projection
loss which aims to exclude pixels that have become occluded frames surrounding the
current frame which would normally results in large error which effects the average
error computed for this location. Yin et al. [26] on the other hand decompose the image
into rigid and non-rigid components using flow or semantic maps to reduce this re-
projection error. GLNet [27] introduce a new loss to capture geometric constraints and
predict camera intrinsics, and they also propose several test-time refinement strategies.
Their approach is however approx. 20 times slower than ours and less accurate (see
table 5), despite using additional loss terms beyond photometric similarity which increase
computation time and complexity - our system only requires a basic calculation of L1
and SSIM error resulting in faster more robust adaption when we only train the encoders
to capture the domain shift of training to real data.

Last but not least, Patil et al. [28] train an LSTM to specifically aggregate informa-
tion across multiple frames - in contrast, our method does not require such additional
components, and is rather able to continuously update its parameters through a video
sequence, achieving higher accuracy at much faster run time.

3 Method

In this section, we describe the architecture of our network and the self-supervised
loss function used in training and in inference. We then show how to update certain
parameters (weights) of a trained model dynamically at run time for each image instance
to optimize depth prediction for each specific image instance individually. This strategy
helps us overcome the issue of poor generalisation to natural augmentations [29, 30]
and is possible owing to the availability of temporally adjacent frames in the case of
monocular training and stereo pairs of images in car setups with such equipment in real
world scenarios.

35



3.1 Self-supervised Depth Estimation

We base our method off of [9] and adopt the network architecture, and loss functions
of this work to focus solely on the test time adaption process. The following describes
the approach taken in [9] which we replicate as our baseline. We formulate the depth
estimation problem as novel view synthesis, where a network ¥ produces two auxiliary
variables — a dense depth map D and a pose estimate 7. Given a pair of input images
(two subsequent frames in a video, left & right images from a stereo camera, etc.), the
auxiliary variables D, T are then used to warp one of the images into another, enforcing
visual consistency between the warped and the other image.

More formally, and assuming two sequential images I* and I**! as an input, the
network ¥ is trained to produce estimates D; and T} to minimize the appearance loss
between the original I* and the synthesized image It = W(I**!, D,, T}, K), where W
is the warping operation [31] and K is the camera intrinsics assumed to be known. We
thus have:

LI T = aBy(I' 1) + Egs (I, 17) (1)
It = W' Dy, Ty, K) 2
Dt,Tt _ W(It7]t+1) (3)

where, for training, the network ¥ is optimized using the loss function eq. (1) using the
standard back-propagation, as the whole system is fully differentiable.

Similarly to [9], the loss function consists of a photometric loss term F,, which is
a combination of L! and SSIM [32,33] loss, and a disparity smoothness loss Egis [8].
The photometric loss F, also incorporates the auto-masking term y;; [9], which reduces
the error when a patch becomes occluded or where a patch is no longer visible due to
camera motion. For our use case this component ensures that when the ego vehicle is
stationary our depth predictions don’t change as the entire image is masked from the
loss term, other works [3, 8] used a predictive mask which could also be used for this
purpose, Monodept V2 [9] however showed this method to be superior.

By(I', ") = Z pi P(15, 1)) )
— SSIM(p,

P(p.) =ﬁ+p)+(1—ﬂ) ol 0

pij = [P(I;, 1) < P, 1)) (©6)

where [-] indicates the Iverson bracket and consistently with the literature we set «« = 1
and 5 = 0.85.

3.2 Instance Adaptation at Inference

We now introduce our main idea. Thanks to the self-supervised formulation, the loss
function eq. (1) does not depend on any ground truth, but only on the observed images,

36



Depth Encoder

Depth Decoder

Image Loss
t+1 Pose Encoder Warping Function
w L

Fig. 2. Monocular depth estimation pipeline [9]. Modules enabled for instance adaptation during
inference marked with yellow background

and can thus be used at fest time to further improve the model by minimizing the same
loss function through standard back-propagation for a defined number of steps. As a
result, we get a depth estimate which is optimized for each specific observation instance
(pair of images) individually.

Note that this does not imply training on testing data in the usual supervised learning
sense, which would of course be invalid; the reason is that there is no ground truth
or additional supervision involved, but rather we simply perform an additional post-
processing step at inference time for each sample. This idea is inspired by 3D human
pose literature [34], where a 3D model is fitted to 2D detections at run time.

Generalizing, we explore two basic scenarios: In the first scenario (instance-wise),
we process each temporarily adjacent pair of images individually without any temporal
consistency between different pairs, always starting from the same model weights
obtained during the training process of the baseline model.

In the second scenario (sequential), we exploit the fact video frames have spatial
and temporal consistency. We start the inference for the first image in a sequence with
the trained weights as in the previous case, but we then keep updating the model weights
through out the whole video. This enables the model to aggregate information across
multiple frames and it should also be faster as we shouldn’t have to make as many
updates for one individual frame as in the previous case. This scenario also better reflects

37



Abs Rel[Sq Rel[RMSE RMSE log[d < 1.25]0 < 1.25°]3 < 1.25°
0.115 | 0.898 |4.728 ] 0.190 | 0.879 | 0961 | 0982
0207 |3.152(8.008| 0272 | 0729 | 0.891 | 0951
0.099 |0.7974513| 0.179 | 0901 | 0963 | 0982
0.156 | 1.572]6.379| 0235 | 0797 | 0932 | 0972
0.115 | 0.905|4.863| 0.193 | 0877 | 0959 | 0.981
0.115 |0.905|4.863| 0.193 | 0.877 | 0.959 | 0.981
0.156 | 1.58 |6463| 0235 | 0795 | 0931 | 0971
0.097 | 0.7884.464 | 0.178 | 0905 | 0964 | 0.982
0.111 [0.895]4.776| 0.19 | 0.884 | 0959 | 0.981
0.151 | 1.443]6.217| 0229 | 0806 | 0936 | 0973
0208 |3.143(8.082| 0273 | 0728 | 0.892 | 0952
0.115 [0.905 | 4.863| 0.193 | 0877 | 0959 | 0.981
0.113 |0912]4.804| 0.191 | 0881 | 0958 | 0.981
0212 |3319]8.183| 0276 | 0725 | 0.887 | 0948
0.154 | 1.561|6.374| 0233 | 0802 | 0932 | 0971
0.199 |2.927|7.811| 0266 | 0741 | 0.898 | 0955

Depth Encoder ‘Deplh Decoder‘ Pose Encoder ‘Pose Decoder‘
baseline [9] (no instance adaptation)

first layer 0.111 | 0.884 | 4.811 | 0.191 0.881 0.959 0.981
‘ first layer 0.115 | 0.905 [ 4.863 | 0.193 0.877 0.959 0.981
last residual block 0.104 | 0.828 | 4.64 | 0.184 0.893 0.962 0.982
| last residual block 0.115 | 0.905 | 4.863 | 0.193 0.877 0.959 0.981
first layer first layer 0.11 |0.878 [ 4.797 0.19 0.883 0.959 0.981
last residual block last residual block 0.103 | 0.821 | 4.622 | 0.183 0.894 0.963 0.982

Table 1. The impact of enabling instance adaption for different network modules on the KITTI
dataset [1]. For every configuration, we ran 10 SGD steps with LR=10"" and BatchNorm updates
disabled.

practical deployment in a moving vehicle, where frames are processed in a stream as
they are captured, rather than independently in an undefined order.

3.3 Components and Parameterization

Note that the method of section 3.2 can also be interpreted as learning more information
from a single image pair, or a single video sequence. An obvious concern is whether this
might lead to over-fitting and poor performance. We found empirically that this is indeed
the case — our method works well, but only provided that the adaptation is limited to
the correct subset of model parameters (see table 1).

Concretely, consider the current state-of-the-art monocular depth estimation pipeline [9],
shown in Figure 2. This model comprises four sub-networks: a depth encoder, a pose
encoder, a depth decoder and a pose decoder. When minimizing eq. (1), we can optimize
all sub-networks. However, the depth and pose decoders can also be interpreted as
parameterization of depth and pose, expressing them as a function of corresponding
codes computed by the encoders. We find that updating the encoders while keeping the
decoders fixed works the best because the system can adapt to the visual appearance
of the novel image, whilst keeping the prior knowledge about different object types
static in the decoders. This and several other modelling choices are thoroughly assessed
in section 4.3.

4 Experiments

After discussing the experimental data (section 4.1), we first optimize and ablate the
various component of our approach (section 4.3), followed by a thorough evaluation of
the the instance- and sequential-wise scenarios (sections 4.4 and 4.5).
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4.1 Data

We evaluate our method using the standard KITTI 2015 Stereo dataset [1]. Consistently
with the literature [8,9, 24, 35], we use the data split of Eigen et al. [16], where for
monocular setup we follow the pre-processing of Zhou et al. [3], which removes station-
ary scenes which would otherwise prove problematic for image warping based methods.
This results in 39810 images with temporally adjacent frames for training, 4424 for
validation and 697 for testing. In stereo and mixed monocular stereo set up, we use
the full Eigen dataset, again consistently with the prior work. For monocular case, the
method output is rescaled using the per-image median ground truth scaling as in [3,9];
for the stereo case, absolute depth can be inferred directly using the camera baseline as a
scaling factor.

4.2 Maetrics

We follow the evaluation of previous works [8,9, 16] and compute the following metrics:

e ly—y”|
Abs Relative: il ZyED e

ly—y*1°
yeD y*

Residual Mean Squared Error: \/ﬁ ZyED lly — y*||2

Square Relative: I%\ >

Residual Mean Squared Error log \/ﬁ > yep llogy —logy*||?

Threshold: % of y; where max (4 y—) =0 < threshold

Yy yi

where y is the ground truth depth from LiDAR and y* is our networks prediction for
the same pixels the LiDAR point projects to in the input image. These are computed by
scaling the predicted depth map to have the same median depth as the LiDAR points
which project into the image, making the outputs of this network difficult to use for many
downstream tasks, a problem addressed in the following chapter.

4.3 Optimal Configuration and Ablation

In order to find the optimal setting for our method, we validate which model components
to adapt (section 4.3), how fast (section 4.3) and for how long (section 4.3). We also
compare our method to a simple baseline in which depth and pose are optimized directly
(section 4.3), which can also be interpreted as a special case of our approach.

Components As noted in section 3.3, the success of our method depends strongly
on which parts of the model are optimized. This is assessed in table 1. As seen in
the second row, simply updating all network parameters at inference time makes the
accuracy significantly worse than the baseline (first line). We therefore systematically
evaluate which sections of the network can have their weights updated without causing
divergence. As described in section 3.3, our network can be split into four modules: two
encoders based on a ResNet-18 [36] architecture and two decoders — one which takes
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Learning Rate[Abs Rel[Sq Rel[RMSE[RMSE log[§ < 1.25[§ < 1.25%[5 < 1.25%
baseline | 0.115 [0.905[4.863| 0.193 | 0.877 | 0.959 0.981
107° 0.115 [0.905 | 4.863 | 0.193 | 0.877 | 0.959 0.981
1074 0.114 [0.904 | 4.861 | 0.193 | 0.878 | 0.959 0.981
1073 0.113 |0.897 |4.842| 0.192 | 0.879 0.96 0.981
1072 0.107 [0.852|4.719| 0.186 | 0.889 | 0.961 0.981
1071 0.097 |0.774 | 4455 | 0.178 | 0.904 | 0964 | 0.982

1 0.279 |2.763 | 8.577| 0.384 | 0.563 0.78 0.894
10 0.451 |5.596 (12.153| 0.591 | 0314 0.57 0.768

Table 2. Instance adaptation learning rate ablation

skip connections from the depth encoder to generate a depth prediction and the pose
decoder. We also disable updates of all Batch Normalization [37] layers, as we found
that updating BatchNorm parameters during inference also causes divergence. We first
evaluate each segment separately, then all possible combinations and finally subsections
of the most successful network sub-components (see table 1). We conclude that if only
weights of the pose and the depth encoders are updated at inference, the depth estimation
accuracy improves the most.

Learning Rate At training time, the model is trained with Adam [38] with learning rate
1074, consistently with [9]. Adam however requires warm-up iterations, so at inference
time we use vanilla SGD and therefore choosing the correct learning rate to update
model parameters is an important consideration, as too low rate results in little to no
change, but too high learning rate results in quick divergence. In table 2 we explore a
range of reasonable learning rates by taking 10 updates steps and observing the overall
accuracy, and we conclude that the learning rate of 0.1 is the best as it results in the most
significant improvement in results.

Number of Optimization Steps The next natural question is how long we can update
network parameters to improve performance while being time-efficient and not causing
divergence. Table 3 shows that with learning rate 0.1 we can see that even a low number
of steps allows us to still benefit and therefore taking 50 steps results in a good balance
between time efficiency and performance improvement.
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Steps |Abs Rel[Sq Rel|RMSE|RMSE log|§ < 1.25[6 < 1.25%[6 < 1.25%|Seconds per Image
Initial| 0.115 |0.905|4.863 | 0.193 0.877 0.959 0.981 0.022

5 0.102 | 0.806 | 4.566 | 0.182 0.897 0.962 0.982 0.2

10 | 0.097 |0.788 | 4.464 | 0.178 0.905 0.964 0.982 0.544

25 | 0.091 [0.752 14331 | 0.174 0911 0.964 0.982 1.21

50 | 0.089 |0.742 |4.263 | 0.172 0.913 0.964 0.982 1.855

75 | 0.088 [0.735]4.226| 0.171 0.914 0.965 0.982 3.551

100 | 0.086 |0.723 | 4.22 0.17 0.916 0.965 0.982 4.626

150 | 0.089 |0.759|4.219| 0.174 0.91 0.962 0.98 6.943

200 | 0.09 |0.786 | 4.241 0.176 0.908 0.961 0.98 9.355

Table 3. Number of optimization steps ablation

Input

—
\ S S o

Fig. 3. More qualitative samples from the KITTI dataset [1]. From top to bottom: monocular input
image, the baseline state-of-the-art method [9], our method and the interpolated LiDAR ground
truth.

Baseline

Ours

LiDAR

Learning Rate| Abs Rel|Sq Rel|[RMSE|RMSE log|§ < 1.25[6 < 1.25%|6 < 1.25%
10-* 0.115 | 0.885|4.705 0.19 0.879 0.961 0.982
1072 0.115 | 0.885|4.705| 0.19 0.879 0.961 0.982

1 0.115 [0.884 | 4.7 0.19 0.879 0.961 0.982
10 0.114 | 0.878 | 4.677 | 0.189 0.88 0.962 0.982

Table 4. Ablation: direct depth optimization

Direct Optimization Instead of optimizing the weights of the network, we can also
consider a “naive” approach by optimizing the networks outputs directly. Namely, we
take the depth map and pose outputs and optimise them by taking the loss function eq. (1)
and using the gradients to update the depth map and the pose estimate directly. As we
show in table 4, this naive approach does not improve the baseline. Optimizing only the
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Method Train || Abs Rel|Sq Rel RMSE|RMSE log|d < 1.25 § < 1.25%]§ < 1.25°

Eigen [16] D || 0203 |[1.548]6.307| 0.282 | 0.702 | 0.890 | 0.890
Liu [22] D || 0201 |1.584|6471| 0273 | 0.680 | 0.898 | 0.967
Klodt [39] D*M || 0.166 |1.490|5.998| — 0778 | 0919 | 0.966
AdaDepth [40] D* || 0.167 |1.257|5.578| 0237 | 0771 | 0922 | 0971
Kuznietsov [20] DS || 0.113 |0.741 |4.621| 0.189 | 0.862 | 0960 | 0.986
DVSO [41] D*S || 0.097 |0.734 |4.442| 0.187 | 0.888 | 0958 | 0.980
SVSM FT [42] DS || 0.094 |0.626 |4.252| 0.177 | 0.891 | 0965 | 0.984
Guo [43] DS || 0.096 |0.641|4.095| 0.168 | 0.892 | 0.967 | 0.986

DORN [4]
Zhou [3]

Yang [44]
Mahjourian [45]
GeoNet [26]F

0.072 | 0.307 | 2.727 | 0.120 0.932 0.984 0.994
0.183 | 1.595|6.709 | 0.270 0.734 0.902 0.959
0.182 | 1.481|6.501 | 0.267 0.725 0.906 0.963
0.163 | 1.240 | 6.220| 0.250 0.762 0.916 0.968
0.149 | 1.060 | 5.567 | 0.226 0.796 0.935 0.975

DDVO [46] 0.151 | 1.257 | 5.583 | 0.228 0.810 0.936 0.974
DF-Net [47] 0.150 | 1.124 | 5.507 | 0.223 0.806 0.933 0.973
LEGO [48] 0.162 | 1.3526.276 | 0.252 — — —

Ranjan [49] 0.148 | 1.149 | 5.464 | 0.226 0.815 0.935 0.973
EPC++ [35] 0.141 | 1.029 |5.350 | 0.216 0.816 0.941 0.976

D

M

M

M

M

M

M

M

M

M
Struct2depth (M)’ [24] M || 0141 |1.026|5291| 0215 | 0816 | 0945 | 0979
Monodepth V2 [9] M || 0.115 [0.903 |4.863| 0.193 | 0877 | 0959 | 0.981
Monodepth V2 [9] (1024 x 320) | M || 0.115 |0.882|4.701| 0.190 | 0.879 | 0961 | 0.982
Patil et al. [28] M | 0111 [0821| 465 | 0187 | 0.883 | 0961 | 0.982
GLNet [27] M | 0135 | 1.07 |5230| 0210 | 0.841 | 0948 | 0.980
ours M || 0.089 [0.747 |4275| 0173 | 0912 | 0964 | 0.982
ours (1024 x320) M || 0.089 |0.756|4.228| 0.170 | 0917 | 0967 | 0.983
Garg [19]F S |[0.152 | 1.226|5.849| 0246 | 0.784 | 0.921 0.967
Monodepth R50 [8]+ S || 0133 | 1.142|5.533| 0230 | 0.830 | 0936 | 0.970
StrAT [50] S || 0.128 | 1.019|5403| 0227 | 0.827 | 0935 | 0.971
3Net (R50) [51] S || 0.129 |0.996 |5.281| 0223 | 0.831 | 0939 | 0.974
3Net (VGG) [51] S || 0.119 | 1.201 |5.888 | 0.208 | 0.844 | 0.941 0.978
SuperDepth+pp [52] (1024x382)| S || 0.112 |0.875[4.958 | 0.207 | 0.852 | 0947 | 0.977
Monodepth V2 [9] S || 0.109 |0.8734.960| 0209 | 0.864 | 0948 | 0.975
Monodepth V2 [9] (1024 x 320) | S || 0.107 | 0.849 | 4764 | 0.201 | 0.874 | 0953 | 0.977

S

S

S

D3VO [53] 0.099 {0.763 | 4485 | 0.185 | 0.885 | 0.958 | 0979
ours 0.076 | 0.691 | 4.264 | 0.182 0.916 0.958 0.976
ours (1024 x320) 0.075 | 0.683 | 4.186 | 0.179 0.918 0.960 0.978
UnDeepVO [54] MS || 0.183 |1.730 | 6.57 0.268 — — -

Zhan FulINYU [55] D*MS|| 0.135 | 1.132|5.585| 0.229 0.820 0.933 0.971
EPC++ [35] MS || 0.128 |0.935|5.011 | 0.209 0.831 0.945 0.979
Monodepth V2 [9] MS || 0.106 |0.818 |4.750 | 0.196 0.874 0.957 0.979
Monodepth V2 [9] (1024 x 320) | MS || 0.106 |0.806 | 4.630 | 0.193 0.876 0.958 0.980
ours MS || 0.074 | 0.636 | 4.082 | 0.168 0.924 0.966 0.982
ours (1024 x320) MS || 0.076 |0.638 | 4.044 | 0.166 0.925 0.967 0.982

Legend: D — Depth supervision, D* — Auxiliary depth supervision, S — Self-supervised stereo,
M — Self-supervised mono, T — Newer results from GitHub, + pp — With post-processing,
For metrics, the lower is better; for metrics, the higher is better. Best results in each
category are in bold; second-best underlined

Table 5. Depth estimation accuracy on the KITTI dataset [1] using the Eigen split [16]
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depth map and not the pose prediction performed similarly poor (results not shown for
brevity).

4.4 Instance-wise Inference

In the instance-wise strategy, weights are modified individually for each image, without
any information from previously observed frames. Resetting weights after adapting to
an instance can be beneficial as it removes the possibility of overfitting a sequence very
different to generally observed scenes, but may result in lack of temporal consistency. In
this experiment, for each image we start by taking the weights obtained by training the
baseline method [9] on the training split and we take 50 steps of SGD with learning rate
0.1. Our method consistently beats all the previous methods (see Table 5) by a significant
margin. We also present results in higher resolution as [9,52] show this can result in
greater performance, and for our method this in some cases improves accuracy even
further.

Using our method, we can also continue to learn on instances of stereo image pairs —
in this case we only optimize the depth encoder as pose differences between images are
from a known camera baseline. We again consistently outperform all the previous results
by a significant margin, and despite being a self-supervised method trained without any
ground truth, we come close to DORN [4], the the state-of-the-art fully-supervised depth
estimation method.

Combining stereo and monocular data in training is also a popular strategy employed
in [9, 35, 54]. In this case we warp the stereo pairs using the known baseline and a
pose network is used for temporally adjacent pairs, the method therefore utilizes both
monocular temporally adjacent frames and stereo pairs in training and instance-wise
adaption. Our method also shows significant improvement, demonstrating robustness
of our method to improve with various types of instance data (see Table 5 — bottom
section).

data split |strategy Steps| LR [Abs Rel[Sq Rel[RMSE[RMSE log[d < 1.25[6 < 1.25%[6 < 1.25°] time [s]

Eigen [16]|baseline [9] — | — | 0.115 | 0.903 | 4.863 | 0.193 0.877 0.959 0.981 0.022
Patil et al. [28] — | — | 0.111 | 0.821 | 4.65 0.187 0.883 0.961 0.982 —
Neural RGB-D IMU+GPS [56]] — | — | 0.099 | 0.473 |2.829 | 0.128 0.932 0.980 0.993 0.7
Neural RGB-D IMU [56] — | — | 0.112 | 0.449 [ 3.204 | 0.151 0.893 0.983 0.996 0.7
Neural RGB-D [56] — | — | 0.120 |0.5763|3.516 | 0.1672 | 0.878 0.972 0.991 L5
ours (instance-wise) 50 | 0.1] 0.089 |0.747 | 4.275| 0.173 0.912 0.964 0.982 1.855
ours (sequence-wise) 5 10.1] 0.105 | 0.896 | 4.707 | 0.186 0.895 0.960 0.981 0.2

Odometry |baseline [9] — | — | 0.147 | 1.090 | 5.171 0.219 0.805 0.942 0.978 0.022
ours (instance-wise) 50 [0.01] 0.116 | 0.895|4.289 | 0.181 0.772 0.867 0.893 1.855
ours (sequence-wise) 5 10.01| 0.113 | 0.887 | 4454 | 0.186 0.874 0.956 0.981 0.2

Table 6. Qualitative results on the KITTT test set. The Odometry split consist of image sequences
of approx. 1000 frames. Neural RGB->D [56] has multiple variants depending on which additional
sensors are used, our method has no additional sensors
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4.5 Sequential Inference

In the sequential strategy, we again start by taking the weights obtained by training
the baseline method [9] on the training split for the first frame in the video sequence,
but instead of resetting the weights to the pre-trained we allow our weights accumulate
information between frames. This not only improves speed of adaption as information
from previous frames is highly relevant for the current frame but also improves the
consistency of depth maps over time, preventing objecs from appearing closer/further
away that before. The initialisation of this network uses the same parameters as the above
instance method with no modification to training procedure needed, we simply benefit
from the similarity of temporally adjacent frames to improve runtime while retaining
accuracy as can be seen in table 6. We again evaluate on the Eigen split [16], but because
the split contains only short sequences and we want to test robustness of this approach for
long sequences, we also evaluate on the KITTI Odometry test split [1], which contains
11 sequences between 491 and 4981 frames in length.

We observe that for both sets, the sequential strategy also consistently improves
over the baseline, performing approximately at par with the instance-wise strategy, but
being 10 times faster (see table 6). The experiment also shows that even for long video
sequences, the model still performs well and does not diverge (see fig. 4), despite the fact
it had already made thousands of self-supervised updates to the baseline model (e.g. for
a video of 4981 frames, the method makes 4980 x 5 = 24, 900 updates, so one needs to
ask whether the model parameters wouldn’t “drift away” after so many steps).

In [28] they find that using an LSTM on top of networks like Monodepth2 allows
them to further refine their depth predictions by exploiting spatio-temporal structure
at both train and test time. Our method is not only substantially easier to train to
convergence than an LSTM but our method achieves superior results. Neural RGB-
>D [56] accumulates a depth probability volume over time and uses additional sensors
(GPS, IMU), still our method performs better (see table 6) whilst being 2.5-5 times
faster.

0.5 ‘
1) 0.45 - —_— baseline —
5 0.4+ ours (instance-wise) -
15 0.35 — ours (sequential) N
E 031 Ours (sequential initial training on CS)
= .
E 0.25 |-

0.2
2 o0l LA AN,
E 0 1 | /\’\/\/\,\W\/ S
< 5-107%| | | | | -

0 20 40 60 80 100

Frame Number
Fig. 4. Absolute depth estimation error for individual frames in the KITTI Odometry 9 sequence
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Method Steps|Abs Rel[Sq Rel[RMSE[RMSE log[ < 1.25]5 < 1.25%]5 < 1.25°

GeoNet [26] - 1 0210 | 1.723]6.595 | 0.281 0.681 0.891 0.960
Casser et al. [24] 0 | 0.205 |1.681|6.555| 0.275 0.697 0.9 0.961
baseline 0 | 0.182 [2.269|6.454| 0.259 0.761 0.919 0.966
GLNet [27] baseline| 0 | 0.206 | 1.611 | 6.609 | 0.281 0.682 0.895 0.959

Casseretal. [24] | 20 | 0.153 |1.109|5.557 | 0.227 0.796 0.934 0.975

Ours 20 | 0.148 | 2.111|5.295| 0.215 0.842 0.942 0.972
GLNet [27] 50 | 0.129 | 1.044 |5.361 | 0.212 0.843 0.938 0.976
Ours 50 | 0.126 | 1.038|5.083 | 0.201 0.855 0.951 0.979

Table 7. Qualitative results on the KITTI Eigen split, when trained on the Cityscapes dataset.
Note that GLNet [27] takes 40 seconds vs 2 seconds (ours) for a single image

4.6 Domain Adaptation

One of the main issues of deep learning models is that test-time examples far from
the distribution of the training set often result in poor performance, and test sets from
the same dataset can often be misleading as their capture methodology is similar and
are typically captured in a similar geographical area. With autonomous driving it is
required that a network is capable of adapting to vastly different scenery to bridge
the gap from dataset to real life. Even between datasets such as Cityscapes [57] and
KITTI [1] generalisation can be poor.

In the first experiment, a baseline model is trained on Cityscapes, but it is evaluated
on KITTI, using our test-time instance adaptation. We also compare this to using the
baseline without any adaptation and to previous methods [27] (see table 7), and show
that our method significantly improves the accuracy of the model when trained on a
different dataset, and it outperforms all the prior methods.

In the second experiment, we compare models trained on both Cityscapes and KITTI
and evaluate them on KITTI Odometry test set (sequences 9-21), which consists of longer
sequences compared to the previous experiment. We then show what is the accuracy of
the model, depending on how many optimization steps are taken at test time (see fig. 5

instance-wise (CS)
0.18 |- —— sequential (CS)

instance-wise (K)
0.16 —— sequential (K)

0.14

0.12

Absolue Relative Error

0.1

Number of Steps
Fig. 5. Quantitative results on the KITTI Odometry test set, depending on the number of optimiza-
tion steps taken (0 steps represents no adaption). CS = Model trained on Cityscapes, K = trained
on Kitti Odometry.
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and fig. 6). We observe that our Cityscapes trained model with even a mild number of
steps can approach the accuracy of networks trained on the target dataset distribution.

Input Baseline

Ours Ground truth

Fig. 6. A sample from the KITTI Odometry dataset for a model trained on Cityscapes dataset
(baseline) and a model with instance adaptation (ours).

5 Conclusion

In this paper, we introduced instance adaptation for self-supervised depth estimation
methods. The instance adaptation allows us to update certain parameters of a trained
model dynamically during inference, improving the depth estimate for image instance
individually.

Our self-supervised method consistently outperforms all the previous methods
by a significant margin for all three common setups (monocular, stereo and monoc-
ular+stereo), and comes very close in accuracy when compared to the fully-supervised
state-of-the-art methods. We also presented the sequential improvement for our method,
which is equally accurate but is 10 times faster than the instance-wise approach.

Last but not least, we demonstrated strong domain adaptation potential of our method,
by training a model on one dataset (Cityscapes), but testing it on a different dataset
(KITTI).
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Abstract

In the recent years, many methods demonstrated the ability of neural networks to
learn depth and pose changes in a sequence of images, using only self-supervision
as the training signal. Whilst the networks achieve good performance, the often
over-looked detail is that due to the inherent ambiguity of monocular vision they
predict depth up to a unknown scaling factor. The scaling factor is then typically
obtained from the LiDAR ground truth at test time, which severely limits practical
applications of these methods.

In this paper, we show that incorporating prior information about the camera
configuration and the environment, we can remove the scale ambiguity and predict
depth directly, still using the self-supervised formulation and not relying on any
additional sensors.

1 Introduction

Depth estimation is an important computer vision problem with applications in robotics, autonomous
driving, augmented reality and scene understanding Poggi et al. [2018], Zhou et al. [2017], Fu et al.
[2018], Yang et al. [2019], Madhu Babu et al. [2018]. Of particular theoretical and practical interest
is estimating depth from a single RGB image, also known as monocular depth estimation. When
multiple views are available, depth can be inferred from geometric principles by triangulating image
correspondences; however, when only a single view is available, triangulation is not possible and
the problem is ill posed. Despite this difficulty, reliable and accurate monocular depth estimation is
critical for safety in many applications, with autonomous vehicles being a prime example.

Notably, humans are perfectly able to drive a car with just one eye, suggesting that they can infer
depth well enough even from a single view. However, doing so requires prior information on the
visual appearance and real-world sizes of typical scene elements, which can then be used to estimate
the distance of known objects from the camera. In machine vision, this prior can be learned from
2D images labelled with ground-truth 3D information, extracted from a different sensing modality
such as a LIDAR. When using additional sensors is impractical, self-supervised learning can be
used instead Godard et al. [2017, 2019], Zhou et al. [2017], Mancini et al. [2016]. In self-supervised
learning, certain relations or consistency of inputs, rather than ground truth labels, are exploited to
train the system. In depth estimation, one typically uses the consistency between subsequent video
frames or between stereo image pairs Godard et al. [2017], Zhou et al. [2017].

Whilst recent self-supervised monocular depth estimation methods achieve impressive performance,
approaching fully-supervised systems, they all share an important practical limitation which limits

Machine Learning for Autonomous Driving Workshop at the 34th Conference on Neural Information Processing
Systems (NeurIPS 2020), Vancouver, Canada.
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their usefulness in real-world applications. Since reconstructing 3D geometry from images has an
inherent scale ambiguity Faugeras et al. [2001], and since self-supervised methods only use visual
inputs for training Godard et al. [2017, 2019], they do not predict the depth map d; directly, but
rather a scaled version ®(I) of it relate to the true depth by an unknown scaling factor «y, in the
sense that d; = a;®(I). For evaluation, the scaling factor « is not predicted but calculated at test
time from the ground truth, usually as the the ratio between the median of the predicted depth values
and the median of the ground-truth depth values. Furthermore, a different scaling factor is computed
for each test image individually Godard et al. [2017]. However, in practical applications ground
truth 3D data is not available to calibrate the system, especially in production. Thus, the problem is
how to calibrate self-supervised depth estimation in order to obtain a physically-accurate prediction,
without requiring the use of additional sensors. In this paper, we show that, in a driving scenario,
this problem can indeed be solved reliably, robustly and efficiently assuming only knowledge of the
camera intrinsics and a very limited amount of additional prior information on the geometry of the
system. The output of our technique is a properly calibrated depth map, expressed in meters. The
method is applicable to any self-supervised training paradigm and does not require any additional 3D
ground truth at training or testing time. This is different from previous monocular depth estimation
methods which discounting the scale ambiguity at test time, or use additional senors to remove
it Guizilini et al. [2020]. Thus, we make two key contributions in this paper. First, we bring to the
attention of the computer vision community the problem of calibrating self-supervised monocular
depth estimation systems without resorting to additional sensors such as LIDARs. This is of clear
importance if we wish these systems to be of direct practical value. Furthermore, we analyze to
what extent the state-of-the-art existing methods depend on the availability of such data. Second, we
propose a simple and yet very efficient calibration technique that does not make use of any additional
sensors, especially of a complex and expensive nature such as a LiDAR. Instead, our method is
‘vision closed’ at training as well as a test time, in the sense that, just like self-supervised monocular
depth estimation methods, it only requires images as input. The only additional information required
for calibration is the approximate knowledge of a single constant which is trivially obtained from the
construction of the system. The rest of the paper is structured as follows. In section 2 we give an
overview of the state of the art, in section 3 our method is presented. Experimental validation is given
in section 4 and the paper is concluded in section 5.

2 Previous Work

Depth Estimation. Because of the scale ambiguity inherent to predicting the depth from a single
image, monocular depth estimation is an ill-posed problem and other (prior) knowledge has to be
incorporated to remove the ambiguity. Scharstein et al. [2002] and more recently Flynn et al. [2016]
use classical geometry to extract point-to-point matches between images and use triangulation to
estimate depth.

The emergence of deep learning re-formulated the problem as a dense scene segmentation problem,
where each image pixel is directly assigned a real value corresponding to the depth. A deep network
is then trained to predict depth using supervision either from LiDAR, a RGB-D camera or a stereo
pair. Eigen and Fergus [2015] regress depth in multiple scales, refining the depth maps from low to
high spatial resolution. Xie et al. [2016] improve network architecture by adding skip connections,
so that the network can also benefit from high resolution information. Laina et al. [2016] use de-
convolutional segments to refine depth in a coarse-to-fine manner Garg et al. [2016], Kuznietsov
et al. [2017], while Garg et al. [2016] use CRFs to improve fine details. Fu et al. [2018] introduced a
novel discretized depth representation, which modifies the typical regression task into a classification
problem, and using a novel loss function (ordinal regression) they significantly improve accuracy.
More recently, Lee et al. [2019] use local planar guidance layers to improve performance. In practice,
there are indeed other modalities/sensors that can be used to get depth — such as LiDAR, radar or
a stereo camera pair. They all however have their own limitations: LiDARSs are quite sensitive to
weather Bijelic et al. [2018], the depth maps are sparse which may not be enough for far-away or
small objects and they have low refresh rate. Similarly, radars suffer from reflections and interference
and they struggle to detect small or slowly-moving objects rad. Stereo is very sensitive to precise
calibration and the two cameras can become misaligned over time, greatly reducing the depth map
accuracy. Generalizing, there is a clear need for redundancy — a moving autonomous vehicle or a
robot in urban environment cannot simply stop working if for example one of the cameras becomes
occluded by dirt or if the weather is not perfect, as that would be potentially very unsafe. By having a
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Figure 1: Scaling factor inferred from LiDAR ground truth for every image in the KITTI test subset,
as used in Godard et al. [2019]

reliable monocular method, this can be used in sensor fusion or as a fallback method, thus improving
the overall safety of the system.

Self-Supervised Methods. The main struggle for the monocular depth methods is the requirement
of vasts amounts of training data. The ground truth is typically captured by LiDARs, but this is
expensive especially if large variety of driving scenarios and countries has to be covered, and the
output is only a sparse point cloud. To alleviate the requirement of having expensive ground truth,
recently there has been a surge in interest in unsupervised methods for depth map prediction. Xie
et al. [2016] used stereo images in training discrete values for VR and 3D video applications and
Garg et al. [2016] extended this approach to continuous values. More recently, Godard et al. [2017]
added a left-right depth consistency and Zhou et al. [2017] generalized the approach to monocular
sequences at training time, by predicting pose change between two sequential video frames. The
sequential nature of the data however introduced some new challenges especially for non-stationary
objects, which was addressed in Godard et al. [2019], that incorporates a loss which automatically
excludes pixels which have become occluded or which correspond to moving objects. Similarly,
Casser et al. [2019a] decompose the image into rigid and non-rigid component, thus reducing the
re-projection error. All the above methods Godard et al. [2017, 2019] however share the same
weakness which severely limits their applicability — the depth estimate is not calibrated, unlike the
supervised methods Fu et al. [2018]. In other words, the depth values of self-supervised methods
are not in meters but in some arbitrary unit, which moreover differs frame by frame (see fig. 1), and
therefore these methods cannot be directly used to reason about the surrounding 3D world.

3 Method

In this section, we first describe the self-supervised training paradigm used by state-of-the-art
monocular depth estimation methods Godard et al. [2017, 2019]. Then, we discuss how current
methods deal with the issue of scale ambiguity by accessing ground truth 3D information at test
time. Finally, we detail how basic prior information on a vehicle-mounted can be used to calibrate
self-supervised depth map predictions to produce depth map with a correct physical scaling without
requiring the acquisition of 3D or other information by means of additional sensors.

3.1 Self-supervised Depth Estimation

Given a pair of subsequent video frames I* and I**! captured by a moving camera, under mild
conditions such as Lambertian reflection, the image I* is (approximately) a warp (deformed version)
of image I**! Hartley and Zisserman [2004]. Moreover, the warp depends only on the geometry
and motion of the scene, captured by the depth map D; and the viewpoint change (R!, T*). In other
words, we can write I¢ ~ VV(I’H'l7 Dy, Ry, Ty, K), where W is a warp Jaderberg et al. [2015] which
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depends only on the depth D, the viewpoint change (R, T}), and the camera intrinsics K (which
we assume known and constant).

The equation above provides a constraint that can be used to self-supervise a monocular depth
estimation network ® from knowledge of the video frames I* and I t+1 alone. In more detail, we
task two networks ® and ¥ to predict respectively the depth D = ®(I*) from the first image and
the motion (R, T;) = W(I*, I**T1) from the pair of images so as to correctly warp I**! into I, thus
establishing the expected visual consistency (see fig. 2). This is done by minimizing the appearance
loss between the original I* and the synthesized image I* = W(I'™!, D,, R, T}, K ):

LI I = aBy(I', 1Y) + Egs(1, 1) M
' =W Dy, Ry, Ty, K),  Dy=®(IY), (R, T) = U(I', ') @

The photometric loss term E, in eq. (1) is the SSIM loss Wang et al. [2004], Zhao et al. [2016], whilst
the Eyis term enforces smoothness Godard et al. [2017]. The whole network is trained end-to-end
using standard back-propagation.

An analysis of the warp operator WV Jaderberg et al. [2015] shows that the operator is invariant to
multiplying the depth and the translation parameters by a constant «:

W(I;D,R,T,K) =W(I;aD,R,oT,K) «€R. 3)

This shows that the network can only learn depth and translation up to an undetermined scaling factor
«; in particular, there is no reason for the learned scale to corresponds to the true physical scale of the
scene. As a matter of fact, the model is not even forced to learn a scaling factor consistently across
different pairs of frames (I*, I**1), which we show in empirically is in fact not the case. In particular,
fig. 1 shows that the variation in scaling factor for different frames can be up to a factor of two.

3.2 Ground Truth Data used to Scale Depth at Test Time

Since the scale of the predicted depth ®(I?) is arbitrary, its use in downstream tasks that require
a physical understanding of the scene (e.g. in robotics) impossible. Equally, all benchmarks for
depth estimation Geiger et al. [2012] also require measurements in real units (meters), and therefore
the depth map predictions ®(I*) cannot be assessed directly against these benchmarks. Instead,
the common approach is to just marginalize out the scale at test time, finding the factor that best
matches the predicted and ground-truth depth for each test image independently Godard et al. [2017],
Casser et al. [2019b], Luo et al. [2018a], Godard et al. [2019]. Since this ground-truth information
is obtained via a sensors such as a LiDAR, this is equivalent to calibrating the method against an
additional sensor, which is not a realistic setup.

More formally, given an image I, the network outputs prediction a ®(I) which is transformed to the
final depth estimate as d; = a;®(I) where:

median dlgt @
oy = ————
"™ median ®(I)
where d%t is the ground-truth depth map, usually created by projecting sparse LiDAR points onto the
image plane, projected with the same viewpoint as the input image I.!

Both images are masked such that the scaling factor is only calculated on points where the LiDAR has read
data

Depth

Network
Depth Map
t
D image Image

Pose ; Similarity

Network Wal;/’elng Loss Function
L

Figure 2: Self-supervised monocular depth estimation pipeline Godard et al. [2017, 2019]

o4



Input image [ Raw output ®(7) Restricted to road pixels

Parametric fit

Figure 3: Road model estimation. First we take the uncalibrated depth of the input image, combined
with scene segmentation to extract only depth values belonging to the road. After further refinement,
we project the points into 3D and fit a plane to them

3.3 Road Model Estimation

In order to remove the need for LIDAR ground truth at test time, we exploit prior knowledge of the
environment and of the camera setup, especially the camera height. Because cars drive on roads and
we know that the camera is at certain height above the road, we can exploit this constraint to calibrate
the depth map to real-world values.

In order to do so, we first need to automatically estimate a road model in every test image. In order
to account for the fact that many roads are not perfectly flat, more typically they slope up/down or
are higher on one side than the other, or that the car tilts during acceleration and deceleration, we
estimate the pitch and roll of the road by fitting a plane to the raw depth map. We only use values for
pixels that are classified as road by a pre-trained semantic segmentation model Zhou et al. [2018],
and whose | X | and Z co-ordinate? is below a certain threshold (see Section 4.3).

We then fit these points using Least Median of Squares regression Rousseeuw [1984] to get the road
plane estimate in the 3D world a1 X + a2Y + a3Z + ¢ = 0. We know that the 3D point on the road
right below the camera has the co-ordinate [0, —h, 0], where h is the camera height, and therefore we
can infer the following relation for the scaling factor

ar =4 ®)

Compared to eq. (4), the scaling factor eq. (5) now only relies on the visual information, and therefore
can be obtained without any LiDAR input.

4 Experiments

In this section, we compare our calibration method (Ours) to: (1) the un-calibrated outputs of
the network D = ®(I) (Raw); (2) computing a per-frame calibration factor using eq. (4) with

The world co-ordinates X, Z to filter out pixels above the threshold are obtained using camera intrinsics
and assuming the road is perfectly flat, i.e. Y = —h
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Figure 4: Qualitative depth estimation examples from the KITTI dataset (inverse depth shown).
Monodepth2 Godard et al. [2019] output values (Raw Output) are scaled by comparing the output to
the ground truth for every test image (GT Scale). Using a single scaling factor from the training set
(Single Scale) is significantly worse. Using road model (ours) to estimate the scaling factor achieves
significantly better results. All images use the same color coding.

access to the 3D ground-truth (GT Scaling); and (3) the same as (2), but by computing a single
scaling factor from either all the training or testing frames (GT Single Scaling). After a qualitative
and quantitative comparison with these techniques and state-of-the-art monocular depth estimation
networks (both supervised and unsupervised), we ablate our method, showing the importance of the
various components, and study sensitivity to its parameters.

Implementation details. In all our experiments, we used the Godard et al. [2019] pre-trained
model. In line with prior work, we use the Eigen and Fergus [2015] data split of KITTI dataset Geiger
et al. [2012].

4.1 Qualitative comparison

We first look at the optimal scaling factor determined via GT Scaling via access to the ground-truth at
test time (section 3.2, Godard et al. [2017, 2019], Zhou et al. [2017]). As is observable in Figure 1,
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Method AbsRel [ SqRel RMSE RMSElog [ § <1.25 [ § < 1.257 4§ < 1.25%
(a) GT Single Scaling (training set) 0.125 0.942 5.045 0.208 0.84 0.953 0.979
(b) GT Single Scaling (testing set) 0.126 0.952 | 4.999 0.204 0.848 0.954 0.98
(c) Fixed road plane 0.132 1.073 | 5.035 0.203 0.86 0.954 0.977
(d) Ours 0.113 0916 | 4.974 0.199 0.857 0.945 0.968

Table 1: Comparison of different depth map scaling methods on the KITTI testing subset.

the factor selected by GT Scaling varies wildly even in a single video sequence. This is illustrated in
fig. 4 for two different input images. GT Scaling chooses factor 19.63 for the left image vs GT Single
Scaling (median on the training set) of 30.462. This means that, for this image, the network predicts
a depth map where objects are 50% farther away than for the median case. The image to the right is
the opposite, as GT Scaling determines the best factor to be 40.55, so objects are predicted to be 33%
than the median case. Given these differences, it is clear that there is no single scaling factor that
results in a good fit for all test frames; hence, below we find it unsurprising that using a single scaling
factor over the entire test set (GT Single Scaling) produces inaccurate results overall.

By comparison, our scaling technique predicts scaling factors of 19.63 and 36.4 for the two images
respectively, which are close to the output of GT Scaling. Hence, our system produces results
significantly closer to the per-frame GT Scaling factors than GT Single Scaling while having no
access to ground-truth (LiDAR) 3D information at training or test time. This useful for autonomous
vehicles that wish to adapt to scenes where it frequently drives rather than examples in a training set
as is done in McCraith et al. [2020].

4.2 Quantitative comparison

Method Train| GT @ Test || Abs Rel|Sq Rel[RMSE|RMSE log[d < 1.25[6 < 1.25%[§ < 1.25°

Eigen and Fergus [2015] | D 0.203 | 1.548 | 6.307 | 0.282 0.702 0.890 0.890
Liu et al. [2015] D 0.201 | 1.584 | 6.471 0.273 0.680 0.898 0.967
Klodt and Vedaldi [2018] | D*M 0.166 | 1.490 | 5.998 — 0.778 0.919 0.966
Nath Kundu et al. [2018] | D* 0.167 | 1.257 | 5.578 | 0.237 0.771 0.922 0.971
Kuznietsov et al. [2017] | DS 0.113 | 0.741 | 4.621 0.189 0.862 0.960 0.986

Yang et al. [2018a] D*S 0.097 | 0.734 | 4442 | 0.187 0.888 0.958 0.980
Luo et al. [2018b] DS 0.094 |0.626 | 4252 | 0.177 0.891 0.965 0.984
Guo et al. [2018] DS 0.096 | 0.641 | 4.095| 0.168 0.892 0.967 0.986

Fu et al. [2018] 0.072 | 0.307 | 2.727 | 0.120 0.932 0.984 0.994

Zhou et al. [2017]F
Yang et al. [2018c]
Mabhjourian et al. [2018]
Yin and Shi [2018]f
Wang et al. [2018]
Zou et al. [2018]
Yang et al. [2018b]
Ranjan et al. [2019]
Luo et al. [2018a]
Casser et al. [2019Db]
Godard et al. [2019]
Ours

0.183 | 1.595]6.709 | 0.270 0.734 0.902 0.959
0.182 | 1.481 | 6.501 | 0.267 0.725 0.906 0.963
0.163 | 1.240 | 6.220 | 0.250 0.762 0.916 0.968
0.149 | 1.060 | 5.567 | 0.226 0.796 0.935 0.975
0.151 | 1.257 | 5.583 | 0.228 0.810 0.936 0.974
0.150 | 1.124| 5.507 | 0.223 0.806 0.933 0.973
0.162 | 1.352 | 6.276 | 0.252 — — —
0.148 | 1.149 | 5.464 | 0.226 0.815 0.935 0.973
0.141 | 1.029 | 5350 | 0.216 0.816 0.941 0.976
0.141 | 1.026 | 5.291 | 0.215 0.816 0.945 0.979
0.115 | 0.903 | 4.863 | 0.193 0.877 0.959 0.981
0.113 | 0916 | 4974 | 0.199 0.857 0.945 0.968

TAUTNATANCNNCNCSCS K XX ™ XX XXX

EEEEEEEEEREEERD

Table 2: Depth estimation accuracy on the KITTI test set. D — Depth supervision, D*¥ — Auxiliary
depth supervision, M — Self-supervised mono, GT @Test — uses elements of LiDAR ground truth at
test time, T — Newer results from GitHub,+ pp — With post-processing. For metrics, the lower
is better; for metrics, the higher is better. Best results in each category are in bold; second-best
underlined

First, in table 1 we contrast our method (d) to GT Single Scaling, fixing the scaling factor using
respectively the training and testing subset of the data (a) and (b). We note that our approach is
substantially better than both (0.113 vs > 0.125 AbsRel). This is because, while GT Single Scaling
has access to 3D ground-truth, it uses a fixed scaling factor for all frames, and, as shown above,
no single scaling factor can work well. Remarkably, our method is comparable to GT Scaling as
well (the latter corresponds to the penultimate row of table 2), matching it, in particular, in the Abs
Rel metric, despite the fact that GT Scaling chooses the best possible scaling factor for each frame
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Length | AbsRel | SqRel | RMSE | RMSElog | § < 1.25 | 6 < 1.25% | 0 < 1.25°
6 0338 | 2.857 | 7147 0.353 0.068 0.132 0.155
10 0.12 0.968 | 5.013 0.202 0.838 0.933 0.957
15 0.116 | 0.942 5 0.2 0.853 0.944 0.968
20 0.115 | 0932 | 4.986 0.2 0.856 0.945 0.968
25 0.117 | 0956 | 5.002 0.201 0.856 0.944 0.969
30 0.114 | 0926 | 4.98 0.199 0.856 0.945 0.968
40 0.116 | 0.933 | 4.985 0.2 0.856 0.946 0.971
60 0.115 | 0928 | 4.979 0.2 0.857 0.947 0.971
80 0.116 | 0.941 4.99 0.2 0.857 0.945 0.97

Table 3: Road model distance (length) ablation

Width (m) | AbsRel | SqRel | RMSE | RMSElog | 6 <1.25 | § < 1.25% | § < 1.25%
0.5 0.119 0.944 5.02 0.206 0.838 0.932 0.957
1 0.116 0.926 | 4.989 0.201 0.845 0.937 0.961
2 0.114 0918 | 4.981 0.2 0.856 0.944 0.968
3 0.113 0916 | 4.974 0.199 0.857 0.945 0.968
4 0.115 0.936 4.99 0.2 0.856 0.945 0.968
5 0.114 0923 | 4.974 0.199 0.858 0.946 0.97
10 0.116 0.933 | 4.986 0.2 0.855 0.946 0.969
15 0.116 0.933 | 4.987 0.2 0.855 0.946 0.969

Table 4: Road model width ablation. Points are considered to create the model if | X | < Width and
the distance is below 30 meters.

individually against the ground-truth. From the same table, we see that this is obtained against a
model, Monodepth V2, which is state-of-the-art, resulting for the first time in excellent calibrated
self-supervised monocular depth estimation from vision alone.

4.3 Ablation and tuning

Road model. Recall that our method is based on estimating the full 3 DoF of the ground plane.
First, we test whether this is necessary. In order to do so, we assume instead that the plane is exactly
horizontal and at the fixed canonical height below the camera. Then, we use the fixed plane to generate
a pseudo-LiDAR map for the road pixels and use GT Scaling against those pseudo-ground-truth
values (instead of the actual GT value) in order to determine the scaling factor for each frame. A
similar fixed pseudo-LiDAR plane was also used, for example, in Choe et al. [2019] in order to
perform 3D object detection. The result of this is shown in table 1 row (c): the fact that this simple
fixed-plane model ignores the tendency of real roads to have inclines and declines as well as the
cameras ability to have non-negligible pitch and roll during regular car motion which greatly effects
it’s depth prediction in the far range.

Tuning. Next, we assess the sensitivity of our methods to various parameters and determine their
optimal values. In section 3.3 we first take to varying the maximum distance of points on the road we
use for the plane fitting. Similar to Man et al. [2019] we find that using points predicted to be under
30 meters from our camera works best for fitting our ground plane as seen in table 4. In a similar
fashion we explore the maximum left-right distance from which we consider points from our fit.
Typical roads are between 2.75 and 3.75 meters wide so it is within reason that only points within 3m
left of right of the car work best with a gradual drop off in performance above this and an insufficient
number of points below. Note that the method is not overly sensitive to a specific parameter setting,
likely due to the use of robust estimator.

5 Conclusion

In this paper, we highlighted the limitation of self-supervised depth estimation methods and their
reliance on LiDAR data at test time. We additionally showed how to overcome this issue by
incorporating prior information about camera configuration and the environment, and we achieved
comparable performance to the state of the art through vision only, without relying on any additional
Sensors.
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Lifting 2D Object Locations to 3D by Discounting LiDAR Outliers
across Objects and Views

Robert McCraith!, Eldar Insafutdinov?, Lukas Neumann®, Andrea Vedaldi*

Abstract— We present a system for automatic converting
of 2D mask object predictions and raw LiDAR point clouds
into full 3D bounding boxes of objects. Because the LiDAR
point clouds are partial, directly fitting bounding boxes to the
point clouds is meaningless. Instead, we suggest that obtaining
good results requires sharing information between all objects in
the dataset jointly, over multiple frames. We then make three
improvements to the baseline. First, we address ambiguities in
predicting the object rotations via direct optimization in this
space while still backpropagating rotation prediction through
the model. Second, we explicitly model outliers and task
the network with learning their typical patterns, thus better
discounting them. Third, we enforce temporal consistency when
video data is available. With these contributions, our method
significantly outperforms previous work despite the fact that
those methods use significantly more complex pipelines, 3D
models and additional human-annotated external sources of
prior information.

I. INTRODUCTION

Robotics applications often require to recover the 3D shape
and location of objects in world coordinates. This explains
the proliferation of datasets such as KITTI, nuScenes and
SUN RGB-D [7], [2], [34] which allow to train models
that can classify, detect and reconstruct objects in 3D from
sensors such as cameras and LiDARs. However, creating such
datasets is very expensive. For example, [32], [39] report that
manually annotating a single object with a 3D bounding box
requires approximately 100 seconds. While this cost has since
been reduced [19], it remains a significant bottleneck in data
collection.

In some cases, cross-modal learning can substitute manual
annotations. An example is monocular depth prediction, where
supervision from a LiDAR sensor is generally sufficient [6].
Unfortunately, this does not extend to tasks such as object
detection. For instance, a dataset such as KITTI provides
only 7481 video frames annotated with objects due to the
cost of manual annotation.

In this work, we thus consider the problem of detecting
objects in 3D, thus also automatically annotating them in
3D, but using only standard 2D object detector trained on
a generic dataset such as MS-COCO [15], which is disjoint
from the task-specific dataset (in our case KITTI for 3D
car detection). We assume to have as input a collection of
video frames, the corresponding LiDAR readings from the
viewpoint of a moving vehicle, and the ego-motion of the

vehicle. We also assume to have a pre-trained 2D detector and
1,24 Authors are with Visual Geometry Group, Dept. of En-
gineering Science, University of Oxford, Lukas is with Fac-
ulty of Electrical Engineering, Czech Technical University in Prague.
{robert,eldar, lukas, vedaldi}@robots.ox.ac.uk

Fig. 1: Our Method (green) vs KITTI label (red), no Ground
Truth is used to train our model.

segmenter such as Mask R-CNN for the objects of interest
(e.g., cars). With this information, we wish to train a model
which takes in raw LiDAR point cloud and outputs full 3D
bounding box annotation for the detected objects without
incurring any further manual annotation cost.

There are three main challenges. First, due to self and
mutual occlusions, the LiDAR point clouds only cover part of
the objects in a context dependent manner. Second, the LIDAR
readings are noisy, for example sometimes seeing through
glass surfaces (windows) and sometimes not. Third, the
available 2D segmentations may not be perfectly semantically
aligned with the target class (e.g., ‘vehicles’ vs ‘cars’),
are affected by a domain shift, and may not be perfectly
geometrically with the LiDAR data, resulting in a large
number of outlier 3D points arising from background objects.

We propose an approach based on the following key ideas.
First, because the LiDAR point cloud can only cover the
object partially, it is impossible to estimate the full 3D extent
of the object from a single observation of it. Instead, we share
information between all predicted 3D boxes in the dataset by
learning a 3D bounding box predictor from all the available
data. We further aid the process by injecting weak prior
information in the form of a single fixed 3D mesh template
of the object (an ‘average car’), but avoid sophisticated 3D
priors employed in prior works [44], [29].

We then introduce three improvements to the ‘obvious’
baseline implementation of this idea. First, we show that a
key challenge in obtaining good 3D bounding boxes is to
estimate correctly the yaw (rotation) of the object. This is
particularly challenging for partial point clouds as several
ambiguous fits (generally up to rotations of 90 degrees) often
exist. Prior work has addressed this problem by using pre-
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trained yaw predictors, requiring manual annotation. Here, we
learn the predictor automatically from the available data only.
To this end, we show that mere local optimization via gradient
descent works poorly; instead, we propose to systematically
explore a full range of possible rotations for each prediction,
backpropagating the best choice every time. We show that this
selection process is very effective at escaping local optima
and results in excellent, and automated, yaw prediction.

Second, we note that the LIDAR data contains significant
outliers. We thus propose to automatically learn the pattern
of such outliers by predicting a confidence score for each 3D
point, treated as a Gaussian observation. These confidences
are self-calibrated using a neural network similar to the ones
used for point cloud segmentation, configured to model the
aleatoric uncertainty of the predictor.

Third, we note that we generally have at our disposal
video data, which contains significant more information than
instantaneous observations. We leverage this information
by enforcing a simple form of temporal consistency across
several frames.

As a result of these contributions we obtain a very effective
system for automatically labelling 3D objects. Our system
is shown empirically to outperform relevant prior work by
a large margin, all the while being simpler, because it uses
less sources of supervision and because it does not use
sophisticated prior models of the 3D objects nor a large
number of 3D models as priors [44], [29]

II. RELATED WORK

a) Supervised: 3D object detection methods assume
availability of either monocular RGB images, LiDAR point
clouds or both. Here we focus on supervised methods using
3D point cloud inputs. [37], [4] discretise point clouds onto a
sparse 3D feature grid and apply convolutions while excluding
empty cells. [3] project the point cloud onto the frontal and
the top views, apply 2D convolutions thereafter and generate
3D proposals with an RPN [30]. [46] convert the input point
cloud into a voxel feature grid, apply a PointNet [28] to each
cell and subsequently process it with a 3D fully convolutional
network with an RPN head which generates object detections.
Frustum PointNets [27] is a two step detector which first
detects 2D bounding boxes using these to determine LiDAR
points of interest which are filtered further by a segmentation
network. The remaining points are then used to infer the 3D
box parameters with the centre prediction being simplified by
some intermediate transformations in point cloud origins. We
are using Frustum PointNets as a backbone for our method.
b) Weakly Supervised: Owing to the complexity of
acquiring a large scale annotated dataset for 3D object
detection many works recently have attempted to solve this
problem with less supervision. [19] the required supervi-
sion is reduced from the typical (X,Y,Z) centre, yaw,
(1,91, 22,92) 2D box and (I, w,h) 3D size they instead
annotate 500 frames with centre (X, Z) in the Birds Eye
View and finely annotating a 534 car subset of these frames to
achieve accuracy similar to models trained on the entire Kitti
training set. This however can result in examples in the larger

training set or validation set which are outside the distribution
of cars seen in the smaller subset, are also susceptible to
the problems mentioned in [5] and the weakly annotated
centres can have a large difference to the Kitti annotations. In
[44] trains DeepSDF[22] on models from a synthetic dataset
which are then rendered into the image and iteratively refined
to produce a prediction that best fits the predictions of Mask
R-CNN outputs. This however takes 6 seconds to refine
predictions on each input example and ground truth 2D boxes
are used to select cars used to train on. In [29] 3D anchors
densely placed across the range of annotations are projected
into the image with object proposed by looking at the density
of points within or nearby the anchors in 3D and the 3D
pose and 2D detections are supervised by a CNN trained on
Beyond PASCALI41]. In [13] instance segmentation is used
to place a mesh in the location of detected cars which is
refined using supervised depth estimation.

¢) Viewpoint estimation:  Estimating 3D camera orien-
tation is an actively researched topic [25], [12], [36], [33],
[20], [26], [14]. Central to this problem is the choice of an
appropriate representation for rotations. Directly representing
rotations as angles 6 € [0,27) suffers from discontinuity
at 2. One way to mitigate this is to use the trigonometric
representation (cos @, sin @) [24], [17], [1]. Another approach
is to discretise the angle into n quantised bins and treat
viewpoint prediction as a classification problem [36], [33],
[20]. Quaternions are another popular representation of
rotations used with neural networks [12], [43]. Learning
camera pose without direct supervision, for example, when
fitting a 3D model to 2D observations, may suffer from
ambiguities due to the object symmetries [31]. Practically,
this means that the network can get stuck in a local optima
of SO(3) space and not be able to recover the correct
orientation. Several recent works [35], [10], [8] overcome this
by maintaining several diverse candidates for the estimated
camera rotation and selecting the one that yields the best
reconstruction loss. Our approach discussed in sec. III-C is
most related to these methods.

III. METHOD

Our goal is to estimate the 3D bounding box of objects
given as input videos with 2D mask predictions and LiDAR
point clouds. We discuss first how this problem can be
approached by direct fitting and then develop a much better
learning-based solution.

A. Shape model fitting

We first describe how a 3D bounding box can be fitted to
the available data in a direct manner. To this end, let I €
R3*HXW be a RGB image obtained from the camera sensor
and let L C R? be a corresponding finite collection of 3D
points X € L extracted from the LiDAR sensor. Furthermore,
let m € {0,1}7>W be the 2D mask of the object obtained
from a system such as Mask R-CNN [9] from image /. Our
goal is to convert the 2D mask m into a corresponding 3D
bounding box B.
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Fig. 2: Network architecture. Dashed arrows in red show the flow of the gradients during the backward pass. Alignment loss
is evaluated for each yaw bin 6;, and the optimal yaw is used to supervise the yaw classification network ®,. (see sec. III-C).

To do so, assume that the LiDAR points are expressed in the
reference frame of the camera and that the camera calibration
function k : R* - Q= {1,...,H} x {1,..., W} is known.
The calibration function is defined such that the 3D point X =
(X,Y, Z) projects onto the image pixel u = k(m(X)) where
m(X,Y,Z) = (X/Z,Y/Z) is the perspective projection. In
particular, the subset of LiDAR points L,, C L that project
onto the 2D mask m is given by: L,, = LN (ko m)*(m)
where * denotes the pre-image of a function. In practice, this
is a crude filtering step, because the masks are imprecise
and not perfectly aligned to the LiDAR and because LiDAR
may sometimes see ‘through’ the object, for instance in
correspondence of glass surfaces (see Fig. 3).

In order to fit a 3D bounding box B to L,,, we use a
weak prior on the 3D shape of the object. Specifically, we
assume that a 3D template surface Sy C R? is available,
for example as simplicial (triangulated) mesh. We fit the 3D
surface to the LiDAR points by considering a rigid motion
g € SE(3) which, applied to Sp, results in the posed mesh
S = gSy = {9X : X € Sp}. We then define a distance
between the mesh and the 3D LiDAR points as follows:

d(S|Ly,) = ﬁ 3

X€ELm

in X' — X 1
min | I M

This quantity is similar to a Chamfer distance, but it only
considers half of it: this is because most of the 3D points that

Fig. 3: For each pair, left: RGB input image with Mask R-
CNN predicted box and highlighted pixels inside the mask.
Right: LiDAR points in blue represent those inside the 2D
mask, green those outside. Note that, while the image mask
removes many outliers, many remain at the object boundaries
and transparent surfaces.

belong to the template object are not be visible in a given
view (in particular, at least half are self-occluded), so not all
points in the template mesh have a corresponding LiDAR
point.

Given a 2D object mask m and its corresponding LiDAR
points L,,, we can find the pose g of the object by minimizing
d(gSo|Ly,) with respect to g € SE(3). Then the bounding
box of the object m is given by gBy where By C R3 is the
3D bounding box that tightly encloses the template Sy.

In accordance with prior work [7], [29], [19], we can
in practice carry out the minimization not over the of
full space SE(3), but only on 4-DoF transformation g =
[Ro, T] where the rotation Ry is restricted to the yaw 6
(rotation perpendicular to the ground plane). Even so, direct
minimization of (1) is in practice prone to failure because
individual partial LiDAR point clouds do not contain sufficient
information and fitting results are thus ambiguous (we do not
report results in this setting as they are extremely poor).

Our solution to the ambiguity of fitting (1) is to share
information across all object instances in the dataset. We do
this by training a deep neural network ® : Fin(R3) — SFE(3)
mapping the LiDAR points L,, to the corresponding object
pose g = ®(L,,,) directly. The network ® can be trained in
a self-supervised manner by minimizing (1) averaged over
the entire dataset D as

L(®|D) = %' 3

(Ly,,m)ED

where g,, = ®(L,,).

B. Modelling and discounting outliers

A major drawback of (2) is that LiDAR points tend to be
noisy, especially because the boundaries of the region m may
not correspond to the object exactly or the LiDAR may be
affected by a reflection or ‘see through’ a glass surface. Such
points might disproportionally skew the loss term, forcing
the estimated object position closer to these outliers. In order
to help the model discriminate between inliers and outliers,
we let the network predict an estimate of whether a given
measurement is likely to belong to the object or not.
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Fig. 4: Even after removing LiDAR points which do not
project into the 2D instance mask we still have a large number
of outliers, mainly caused by partial occlusions and points
at the boundary where 2D masks struggle. The o2(X) value
predicts the relevance of a point to the cars location with blue
points having low values with a gradient to red for higher
values which suggests the point is an outlier.

We therefore propose a second network o(X) = Ux (L,,)
that assigns to each LiDAR point X € L,,, a variance ¢ and
jointly optimize ® and ¥ by minimizing [21], [11]:

b & H2

X' - X
Z min U—)

XeL,, X'€S

+logo*(X) (3)

Note that the network ¥ has to make a judgement call for
every point X on whether it is likely to be an outlier or not

without having access to the loss. A perfect prediction (i.e.,

one that minimizes the loss) would set o(X) = || X’ — X]| to
be the same as the fitting error. The desirable side effect is
that, in this manner, outliers are discounted by a large o(X)
when it comes to estimating the pose g,, of the object.

C. Direct optimization for the yaw

Finally, we note that fitting the rotation of the object can
be ambiguous, especially if only a small fragment of the
object is visible in the RGB/LiDAR data. Specifically, the
distance d([Rg,, Tm]So|Lm), which is usually well behaved
for the translation component T,,, has instead a number
of ‘deep’ local minima, which we found is mainly caused
by the inherent ambiguities of fitting the rotation 6,,, (yaw)
parameter. Each minimum corresponds to a 90° rotation as

in many example only a single side of the vehicle is visible.

In practice, as we show, the yaw network ¥ can learn to
disambiguate the prediction, but it usually fails to converge to

such a desirable solution without changes in the formulation.

In order to solve this issue, we propose to modify the

formulation to incorporate direct optimisation over the yaw.

In other words, every time the loss is evaluated, we assess a
number of possible rotations R, as follows:

R = argmin d([R Tm]So|Lm) )
T =B — Ryl )
1 _
£'(®,9|D) = Bl > d((R;, TwmlSolLm) +7 (6)

(L, ,m)€D

Frame 1

Fig. 5: Two frames in a sequence of five, with a heavily
occluded and truncated car in the first frame and a much
better view of the same in the last. Multi-frame consistency
allows the method to use clearer frames to interpret more
difficult ones, which is particularly helpful in discovering the
outliers.

The loss is the same as before for the translation, but,
given the predicted translation, it always explores all possible
rotations R, picking the best one R},.

Note that this does not mean that the network & is not
tasked with predicting a rotation anymore; on the contrary,
the network is encouraged to output the optimal R},
minimization of the term || R,,, — R,||. This has the 0bv1ous
benefit of not incurring the search at test time, and therefore
the final network running time is not affected by this process.

In practice, as only the yaw angle is predicted, we
implement this loss by quantizing the interval [0,27) in
64 distinct values (bins), as in our experiments we found
this number of bins sufficient (see results in table II). In this
manner, the rotation head of the network ® can be interpreted
as a softmax distribution ®,.(L,,) and the norm ||. || is replaced
by the cross-entropy loss.

D. Multi-frame consistency

Whilst in our approach we do not have the actual 3D pose
of the object available as a training signal, the 3D pose of
the object across multiple frames must be consistent with
the observer ego-motion. This is true for vehicles that are
not moving (parked cars) and approximately true for other
vehicles; in particular, the yaw of the objects, once ego-motion
has been compensated for, is roughly constant.

Specifically, consider an arbitrary model point Xy € Sp.
Observed in a LiDAR frame 4, this point is estimated to be at
location X{) = g’'Xo, where ¢* is the network prediction for
frame i. Likewise, let X} = ¢/X be the point position at
frame j. If the object is at rest, the two positions are related by
Xg = gier{) where g;.; is the ego-motion between frames
¢ and j of the vehicle where the sensors are mounted, which
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we assume to be known. We can thus define the consistency
loss £Xo for any model point Xg:

N K
1 o
L£X(®|D) = 2] Z Z ZH Gieiri Xo ' =X

i=1 (Ly,,m)eD? j=1
(7

where D denotes LiDAR-mask pairs detected in the frame
i, K is the length of the frame sequence over which the
consistency is evaluated, and N is the total number of frames.
Note that loss (7) is null for all object keypoints if, and
only if, g' = gi«jg’, which is an equivariance condition
for the predictor. However, we found it more convenient and
robust to enforce this equivariance by using (7) summed over
a small set of representative model points. In our experiments
we have found that at least two points are required to ensure
that we consistently predict the heading (yaw) of the detected
car. In practice, we use car centre and front keypoints (see
Fig. 6), so the final loss term used to train the model is:

L(D,0|D) = L/ (D, U|D) + L= (B|D) 4 LXn (D)

®)
a) Implementation details of tracking: A detector such
as Mask R-CNN only provides 2D mask for individual video
frames, but defining the loss (7) requires to identify or track
the same object across two frames. For tracking, we take
the median of LiDAR points for each mask and compare
them to the medians of masks in adjacent frames. The closest
pseudo-centres are chosen to be the same vehicle if and only
if the number of LiDAR points has not changed significantly
and the distance between them is less than 2 meters when
ego motion is accounted for. The distance criterion ensures
that the same vehicle is detected while the number of points
removes poor Mask-RCNN detections in subsequent frames.
This tracking is only used at training time, at test time we
use all 2D detections.

IV. EXPERIMENTS

We assess our methods against the relevant state of the art
on standard benchmarks.

a) Data:  For our experiments, we use the KITTI Object
Detection dataset [7] which has 7481 frames with labels in
3D.

However, we do so for compatibility with prior work.
Specifically, we use the split found in [3], the standard across
all prior works which first splits the videos into training and
validation sets focusing on two different parts of the world
(no visual overlap). The network is learned on the training
videos using multiple frames and then applied and evaluated
on the validation videos on a single-frame basis.

KITTI evaluates vehicle detectors using Birds Eye View
(BEV) IOU and 3D box IOU (3D) with a strict cutoff of 0.7
for a positive detection. To be compatible with other relevant
works in automated labelling [44], [29], we evaluate instead
at a threshold of 0.5, also used for other KITTI categories,
which reduces the influence of object size on IoU performance.
In part, this is motivated by [5] which notes that the size of
the ‘ground-truth’ KITTI annotations are often imprecise due

to the fact that many object instances have few LiDAR points
and thus it is difficult for human annotators to accurately
estimate metric size.

b) Data preprocessing:  To construct our training set we
first run Mask-RCNN [9], [40] with the ResNet 101 backend
to locate cars in the images. We then extract the LiDAR
points contained within the masks detected and use these
for 3D labelling. When tracking for 5 frames this gives us
9.6k cars in the training. For evaluation we only use a single
frame of Mask R-CNN detection and use the mask score as
the confidence for our predictions.

¢) Implementation: = We implement our method in Pytorch
[23] and use components from Frustum PointNets [27] to
construct our network. All variants are trained with Adam
optimizer with a learning rate of 3 x 10~3 decreasing every
30 steps with multiplier 0.3 for a total of 150 epochs with a
batch size of 64 . Training was performed on a single Titan
RTX with a Ryzen 3900X processor and the most complex
models had a training time of 7 hours.

A. Ablations of model components

We first start by analysing the individual components of
our model (table I). First, we do not use the 2D mask to
filter LiDAR points, significantly increasing the number of
outliers, arising in particular from cars proximal to the target
one (row (a)).

Masking LiDAR points (row (b)) results in a substantial
improvement, removing most of these outliers (see also Fig. 3).
Introducing the temporal consistency/equivariance loss (7)
(row (c)) does not give by itself a noticeable benefit because
outlier points are still heavily influential to the prediction.
Discounting outliers using the probabilistic formulation of
(3) increases accuracy substantially (row (d)). Furthermore,
bringing back the consistency loss, which amounts to our
full model, does now show a significant benefit (row (e)).
Our interpretation is that considering multiple frames can
significantly aid discovering and learning outlier patterns: this
is because outliers tend to be inconsistent across frames, so
reasoning over multiple frames helps discovering them (see
Fig. 5).

TABLE I: Ablation of different components of the model and
data processing steps. Our full model with automatic outlier
discounting and multi-view consistency achieves the highest
accuracy.

Components APggpy(IoU = 0.5)
Filtering Outlier-aware Multi-view Easy Moderate Hard
(a) 2D Box 35.53 41.54 33.96
(b) 2D Mask 58.61 62.56 54.20
(c) | 2D Mask 58.63 61.70 54.11
(d) | 2D Mask v 75.46 76.60 68.59
(e) | 2D Mask v v 80.73 81.70 73.61

a) Yaw estimation: In table I we evaluate our approach
for estimating camera viewpoint proposed in section III-C.
First we experiment with a network ® tasked to output
a vector x € R? with the yaw angle computed as § =
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arctan(xi/z3) (row (a)). Our direct prediction approach
(rows (d-g)) outperforms this naive baseline by a significant
margin. Our method is influenced by the number of discrete
rotations, 64 being optimal (row (f)). In order to provide
stronger baselines, we additionally implement two alternative
techniques [10], [8] to handle ambiguous predictions in 3D
pose estimation, but did not observe a benefit (rows (b) and
(c)) compared to simple direct arctan regression. This is
perhaps due to the different setting ([10], [8] were proposed
to handle ambiguous fitting of 3D shapes to 2D silhouettes).
TABLE II: Comparison of yaw prediction techniques.

APggv(IoU = 0.5)

Paradigm Easy = Moderate  Hard
(a) arctan 76.65 79.05 69.33
(b) Insafutdinov & Dosovitskiy [10] ~ 77.28 76.92 69.12
(¢)  Goel et al. [8] 76.49 77.35 69.69
(d)  Ours, 16 bins 77.04 77.30 69.49
(e)  Ours, 32 bins 79.93 81.14 73.15
(f)  Ours, 64 bins 80.73 81.70 73.61
(g)  Ours, 128 bins 81.79 82.23 74.11

b) SoTA comparison: In table III we compare our method
to the relevant state of the art. VS3D [29] uses a viewpoint
estimation network pretrained on Pascal 3D and NYC 3D
cars [42], [18] with ground truth yaw annotations. In Zakharov
et al. [45] a synthetic dataset is used to initialise a coordinate
shape space NOCS [38] providing a strong prior on 3D shape
and yaw estimation. During fitting stage they only utilise
Mask R-CNN predictions which have a high IOU compared
to a ground truth 2D box and also takes 6 seconds to infer a
single car on a modern GPU making it infeasible for real time
prediction unlike VS3D [29] (22Hz) and our method which
runs at 200Hz after the 2D object detection method (about
25Hz). We provide results (c) with a 2D detector trained on
MS-COCO[16] for fairest comparison to this method which
has pretrained requirements closest to our own. Frustum
PointNet [27] is a fully supervised (2D box, yaw, 3D size,
3D centre) method trained on KITTTI that serves as a reference
with similar architecture to our method.

¢) Auto-Label Generation: In table IV we compare
different supervision options on a single model. We train
the FPN [27] using original 3D ground truth, as well as
only the 3D ground truth where there is a matching 2D
detection from Mask-RCNN [40] (the same detector used in
our method) to demonstrate what is the impact of instances
missed by the 2D detector to the overall performance. We

Fig. 6: Qualitative results of our method (green) on the KITTI
Validation Set with ground truth car annotations in red and
points inside each mask in blue.

show that the difference between our labelling method, which
does not use any 3D ground truth, and using full 3D ground
truth of only the instances that are “made available” by the
2D detector, is relatively small, and therefore the 2D detection
quality is the main limiting factor.

TABLE 1V: Using different forms of supervision to train
Frustum PointNet [27]

Supervision APggv(IoU = 0.5)
Easy  Moderate  Hard
Fully Supervised (original GT) 98.16 94.80 87.11
Fully Supervised (GT w/ matching dets.)  91.83 87.16 78.29
Supervised by our labels (no GT) 90.23 85.74 76.84

V. CONCLUSIONS

In this paper we presented a novel method of localising
3D objects in LiDAR point clouds, trained using only generic
2D object detector. Compared to previous work, our method
is less complex, we do not require the use of additional
manually annotated data sources as in [29] or virtual data
and ground truth 2D bounding boxes as in [45], and we
still achieve superior accuracy and better run time. To our
knowledge, our method is the first method that can learn to
transform 2D predictions to 3D detections without any need
for supervision of 3D parameters.
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TABLE III: Object Detection Average-Precision on the KITTI validation set. Compared to our Method VS3D[29] uses a
network trained on Pascal 3D and NYC 3D Cars[42], [18] to determine the object Yaw and 2D box, while while Zakharov([44]
only considers MASK R-CNN detections with an IOU > 50% compared to a ground truth box and uses a synthetic dataset

to train a network which gives yaw.

Annotations Source

APggv / AP3D (IOU = 05)

Method 2D 3D
Boxes Yaw Boxes Easy Moderate Hard
(a) VS3D [29] Pascal 3D NYC Cars 74.5/40.32 66.71/37.36 57.55/31.09
(b) Zakharov et al. [44]  KITTI KITTI 77.84/62.25 59.75/42.23 -/-
(c) Ours MS-COCO 80.73/76.73 81.70/76.66 73.61/69.01
(d) Ours Cityscapes 86.52/83.45 86.22/79.53 75.53/71.01
(e) Frus.PointNet [27] KITTI KITTI  KITTI 98.16/97.67 94.80/93.81 87.11/86.14
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Abstract

3D Object detection (3DOD) is an important component of many applications,
however existing methods rely heavily on datasets of depth and image data which
require expensive annotation in 3D thus limiting the ability of a diverse dataset
being collected which truly represents the long tail of potential scenes in the wild.
In this work we propose to utilise a readily available robust 2D Object Detector
and to transfer information about objects from 2D to 3D, allowing us to train a 3D
Object Detector without the need for any human annotation in 3D. We demonstrate
that our method significantly outperforms previous 3DOD methods supervised
by only 2D annotations, and that our method narrows the accuracy gap between
methods that use 3D supervision and those that do not.

1 Introduction

3D Object Detection in LiDAR data (3DOD) is an important component of many applications, ranging
from autonomous cars to robotics. However compared to the more traditional 2D Object Detection,
which is an extensively studied field of Computer Vision, its 3D counterpart on the other hand has
seen slower development, mainly due to challenging data acquisition and even more challenging
human annotation requirements, as labeling objects in 3D is substantially more expensive and more
time consuming while also being error prone. As a result in the context of autonomous driving, there
is only a handful of annotated datasets Geiger et al. [2012], Caesar et al. [2019], Sun et al. [2020] for
3D Object Detection, but still they only contain data for one or two cities, that reduces their ability to
generalise to other locations or to capture rare events (aka the long tail problem), which is especially
important in such a safety-critical application.

In order to address the aforementioned 3D annotation requirements, we instead propose to exploit a
readily available 2D Object Detector on a image sequence as a form of weak supervision to create
the training signal for the 3D Object detector in LiDAR data, thus completely removing the need for
3D human annotations. The cross-modal training approach has several advantages: Firstly, image
object detection is a well-studied problem with robust methods on very diverse data with minimal
bias towards specific models of car which may be more prominent in some locations. Secondly,
by only requiring a 2D detection at training time, we reduce drastically the amount of annotation
required to label new data. And last but not least, transferring detections between domains means
that our network must learn to reason about the 3D shape of objects, rather than presuming that an
object is present, which can cause problems for 3DOD methods which rely on image-based detectors
at test time as well Zakharov et al. [2020a], McCraith et al. [2022].
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Figure 1: Qualitative examples of our LIDAR 3D Object Detection method. LiDAR point cloud and

detected cars (top row) and scene image (for visualization purposes only - bottom row) )
In this paper, we introduce three key contributions to weakly-supervised 3DOD training: i) Unlike

previous methods, the 2D Object Detector is only required at training time, which not only simplifies
the pipeline and removes need for additional sensors in the car or a robot, but it also eliminates
sensitivity to missed detections by the image object detector, which is especially prevalent for small
far-away objects. ii) We introduce a new Soft Inlier Count (SIC) loss function which allows us to
train the whole system end-to-end using standard back-propagation. iii) A new multi-cell voting
scheme is introduced to relax the original hard-choice training loss of the fully-supervised method,
allowing the model to gradually improve its estimates as the training progresses.

2 Related

2.1 Supervised 3D Object Detection

Image object detection methods are quite mature, which resulted in many early 3D object detection
methods making detections in RGB and using these to select LIDAR data on which to reason about
3D location. A notable example of this is Frustum PointNets Qi et al. [2017]. In this method an
image based detector produces a set of bounding boxes who’s frustums are used to select a subset of
the LiDAR point cloud. These points are then segmented to further reduce down to only points inside
the 3D bounding box and a final stage produces location and rotation estimates.

Another popular technique is to perform detection and localisation on LiDAR data alone. A method
popularised in Zhou and Tuzel [2018] is to gather LiDAR points which fall into a voxel and learn
features voxel-by-voxel, then take these features and organize them to construct a BEV image of
features upon which further convolutional layers derive location. This has been expanded on in Lang
et al. [2019], Yin et al. [2021] where voxels are expanded in the vertical axis to contain all points in a
square patch (in BEV) and the resulting prediction are decoded by anchors or heatmaps.

2.2 Weakly Supervised 3D Object Detection

Recent works have attempted to resolve annotation difficulties by utilising a coarse annotation
strategy for a large set with fine annotations for a smaller set thus making annotation less time
consuming/costly. In Meng et al. [2020] they use a small number of weak annotations of bounding
box centres in BEV and a small amount of exact 3D box annotations. A detector is trained in a
two-stage manner by first predicting object proposals in BEV and then regressing accurate 3D
localisation. Such a coarse labeling strategy also can result in some of the problems mentioned in
Feng et al. [2020] such as inability to accurately localise car center under heavy occlusion, partial
scans of objects based on their perceived orientation and a poor ability to determine object shape
from some viewpoints. Qi et al. [2021] run a pre-trained detector (on a small subset of labeled data)
on an entire LiDAR sequence to produce a set of 3D boxes which are then passed into a multi-target
tracker. Utilising complimentary information from multiple frames allows them to improve detection
accuracy and apply their auto-labeler in a semi-supervised scenario.
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Cross-modal supervision. Other formulations of this problem utilise additional datasets to super-
vise components of 3D detection pipelines. Qin et al. [2020] trains a 3D object proposal network
based on distance-normalised point cloud density. In the second stage, an image-based network
pretrained on a different dataset to classify proposals and predict viewpoint image bounding box is
used as a teacher for a LIDAR-only model. An alternative approach is used in Zakharov et al. [2020b]
where a network is pretrained on Parallel Domain McNamara [2020] — a synthetic dataset to provide
a good initial estimate of translation and rotation. This network then takes Mask R-CNN He et al.
[2017] detections that have a high overlap with a ground truth bounding box to refine the parameters
on read data. Finally, McCraith et al. [2022] also takes Mask R-CNN detections and uses a Frustum
PointNet style architecture and attempts to learn which points are inliers to remove noise, as with
the other methods however this method depends on the availability of camera and LiDAR at test
time (and their coordinate transformation remains consistent). Compared to these approaches we rely
on the same 2D detection but only a training time. This has an advantage that our trained detector
operates on LiDAR input and can recover objects that an RGB-based detector may fail to predict, for
example when the car is reflected from a glass wall. Training a detector end-to-end allows to exploit
regularities in the input LIDAR space and effectively utilise available 2D supervision.

3 Method

Our goal is to determine the 3D bounding boxes without the need for expensive, time consuming
human annotation which severely limits the construction of large scale datasets for 3DOD. To achieve
this we leverage mature 2D object detection methods for which the annotation is much simpler and
more large scale datasets with a diverse set of data exist from around the globe rather than a small
area as is typically seen in 3D Object Detection datasets.

Cross modal supervision such as this however has several challenges. 2D instance segmentation in
pixel space is a crude approximation of segmentation in 3D point clouds, with many pixels at the
boundary of objects being mis-classified (or coming from the region in the objects frustum from one
sensor but not the other), the transparency of windows results in LIDAR points correctly attributed to
a vehicle in image space to actually be located on surfaces behind the vehicle, and in many cases
LiDAR scans may only have very small parts of a vehicle visible leading to ambiguity or orientation
and translation.

3D Object Detection is typically reduced to regressing values for (X, Y, Z) center, (I, w, h) size and
0 yaw, rather than the other option of predicting the 3D location of the 8 corners of the 3D bounding
box. In many cases object size is a hard to determine quantity, as noted in Feng et al. [2020] in many
cases only one side of a car is visible making annotations for size unreliable, with this in mind we
use a generic car shape with a fixed size to train out model to predict location and orientation which
we feel are much more important quantities for downstream tasks.

3.1 Exploiting 2D Labels in a 3D Point Cloud

In our method, the training signal is generated by an off-the-shelf 2D object detection and segmenta-
tion system, such as Mask R-CNN He et al. [2017]. Given an RGB image of the scene I € R3* HxW
the 2D detector creates a set of detections D in the form of a segmentation mask m for each detected
car

D = {me{o,1}/*"} M

Taking a corresponding LiDAR point cloud of the same scene L = {(z,y, z,r) € R*}, we define
the point cloud subset L,,, for each detection m as

L, = {pcCL:proj(p) €em} 2)

proj(u) = KTcamu u€R? 3)

where proj(u) is the projection of the world point » onto the 2D image given by known camera
intrinsics K and a transformation from LiDAR to camera co-ordinate system Tcam : R® — R3.

While in some cases it may be possible to directly reconstruct the 3D shape of an object given enough
LiDAR points exist in the L,, subset, in our context the object is only typically observed from one
side, resulting in partial scans at best. This is especially a problem for cars whose apparent angle
(how it appears in the image rather than its global orientation) suggests that the object it moving
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Figure 2: Our method only uses an off-the-shelf 2D object detector (bottom) to train a LIDAR 3D
object detector (top), yet still achieving comparable accuracy to full supervision by laborious and
costly 3D annotations.

away from the ego vehicle. As a result of this ambiguity we choose to utilise a 3D rigid model M
of a car with a typical car size and shape, which we fit to observed LiDAR points L,,,. The model
M = { pE R3} is translated to a world location and rotated using the translation 7" and orientation 6,
assuming that the translation and the orientation is assumed to be the car position and rotation (yaw)
respectively.

We then define the distance measure between the translated model 77 ¢(M) and the observed object
point cloud L,, as

1
d(Lim, M | T,0) = Tl Z i lp P )

This distance measurement is similar to Chamfer distance which measures the distance between point
clouds A and B by taking the closest point in set B for each point in A and vice versa, however in
our case we only measure distance for observed every point in L,,, as measuring distance also for
every model point M/ would not work when only part of the object is captured as is often the case.

Note that the distance in Eq. 4 is fully differentiable with respect to the translation/rotation parameters
T, and therefore it might be natural to ask if we could just iteratively search locations and compute
this metric then picking the location which minimizes the distance. This however results in poor
performance as outlier LIDAR points shift our prediction away from the expected location and when
the available points represent a small section of the the target vehicle this distance can be unstable.

We therefore propose sharing information on object locations across frames by using a deep neural
network W which takes a LiDAR point cloud of the whole scene and generates a set of object
detections W : I — {(ﬂ, 0;) }, where each detected object ¢ is encoded by a 3D position of its center
T; and an orientation 6;. We then define a loss £ for one scene as

L(V | L,D, M) > d(Li, M | T 0) (T, 0) € U(L) (5)

meD

IDI
and we train the network ¥ by optimizing the loss over the whole dataset.

3.2 Soft Inlier Count metric

While sharing knowledge of locations across frames allows for a more robust estimation with partial
point clouds, another issue still exists: often additional LiDAR points not belonging to the car are
mistakenly included in the L,, subset, which skews the distance measurement and the resulting
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Figure 3: Soft Inlier Count (SIC) loss. Using L2 norm directly results in outlier points having a
disproportionate influence on the loss minimising location. Different parametrisations of the SIC loss
(left). An example matching of the 3D rigid model (green) to the detected object point cloud, with
SIC loss value illustrated by the colour of each LiDAR point (right).

location/rotation estimate. Even the best 2D Object Detectors will make some erroneous predictions
at a pixel level, caused by occluders of similar appearance, or LiDAR not reflecting properly. These
points have a large value in our loss function for a correctly positioned model M which results in the
outliers pulling the prediction away from the correct location even if they are small in number (see
Fig. 3 - dashed line).

To address the outlier issue, we propose a new Soft Inlier Count (SIC) loss to soften the L2 metric of
Eq. 4 with a sigmoid function as

_ 1
A(Ly, M | Ty 0r) = —— > > SICas(p,p) 6)
| L] PELm p'€T1,, 00 (M)
1

" 1+exp(—allp—p|2+5)

where o and 3 are method parameters whose value is determined empirically (see Sec. 4.2) and again
T1.0(M) denotes the rigid model M translated by T" and rotated by 6.

SICa,5(p;p") (M

As a result, instead of using the raw L2 distance between the LiDAR and template rigid model
we maximize the number of points sufficiently close to the template at a given location, with the
assumption that most of the LiDAR points in the mask fall on the object we are interested in. We
then sum across the entire set of LIDAR points L, selected by the 2D Object Detector, which gives a
soft count of how many points LiDAR points are close to the model M as well as giving an idea of
quality, while still being fully differentiable.

3.3 Model Architecture

Our model is based on the CenterPoint architecture Yin et al. [2021], where LiDAR points are first
separated into voxels of infinite height, then are fed through a network to generate features for this
spatial volume. These feature maps are then scattered into a sparse Birds Eye View map of features
upon which a CNN is run. We make two notable improvements to the CenterPoint architecture:

Multi-cell Voting Scheme. The original CenterPoint architecture uses the 3D ground truth center
location to supervise the center heatmap head, where it selects a single cell of the heatmap as the
positive target while the rest of the heatmap is taken as negative. This hard choice makes sense when
3D ground truth is available, however in our case as the 3D information is unavailable and therefore
we need to take into account that the initial estimate of the object center might be well off, especially
when the object point cloud is incomplete as this will skew the center estimate towards the visible
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Figure 4: Multi-cell Voting Scheme. Rather than making a single hard prediction (top-left), our
method produces multiple hypotheses by also making predictions in neighbouring cells of the feature
map (bottom-left). A sample scene point cloud with the neighbouring cells and their corresponding
predicted 3D bounding-boxes (right); colour of each bounding box encodes the source cell which
produced it.

part. To mitigate this issue instead of making a hard choice of center we instead initially pick the
median of the object point cloud and use this to select a neighbourhood of cells (see Fig. 4). During
a forward pass the prediction made by each of these cells is evaluated and the center of the best
prediction (= the prediction with the lowest loss value) is used as an updated center.

Yaw Estimation. Estimating rotation angle of the object (= yaw) is a surprisingly complex task
with a selection of methods to predict such quantities available. Regression is problematic as a
prediction near —7 for an object with orientation near 7 causes a loss value much higher than the
actual error. CenterPoint Yin et al. [2021] instead predicts a vector (sin 0, cos 9) € [-1,1)%to
address this boundary issue. Whilst such a formulation works well if the target (true) orientation
is known at training time, when the ground truth is not available inherent ambiguities create deep
local minima of the loss function which make the training unstable. The most common ambiguity is
caused by the fact that for partial object point cloud all four 90°-step rotations typically have a very
similar loss.

In order to help the model not to get stuck in these local optima, at training time in every iteration we
instead forcibly try all possible orientations and pick the orientation with lowest loss value as the
target. To make this computationally feasible, we quantise the space of all orientations [—, 7] into
64 distinct bins and transform the yaw prediction into a 64-way classification. More formally, the
final loss function £L(V | L, D, M) is

0y, = argmin d(Ly,, M | T),,0") (3)
0'eR
r 1 * *
LI L,D,M) = 5 57 (Al M| Ty 03) + CEOm |67,)) - (T 0m) € W(L)O)
meD

where R represents the set of possible rotations and CE denotes the standard cross-entropy loss.

To summarize, our model takes a set of point cloud detections {(x, Y, 2,T) € ]R4} as the input (where
r denotes the reflectance value) and it outputs a dense feature map M € R¥*W>F consisting of a
center heatmap head [H x W x 1] € (0, 1), a regression head [H x W x 3] € R3 encoding the object
center 3D location offset from the corner of the cell, and the orientation head [H x W x 64] € R64,
The size of the feature map is H = 200 and W = 176, therefore one cell corresponds to the size
of 40cm in world coordinates when 10cm voxel edge length is used (as the convolutional network
downsamples 4 times).
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4 Experiments

4.1 Training and Inference

The KITTI Object Detection dataset Geiger et al. [2012] has 7481 publicly available 3D annotated
frames. This is usually split into roughly equal-sized training and validation sets with no sequence of
frames present in both originally created in Chen et al. [2017]. This allows us to compare to both
fully-supervised existing methods and also the weakly-supervised works Zakharov et al. [2020b], Qin
et al. [2020], McCraith et al. [2022] who only present results on this dataset. The standard evaluation
in Birds Eye View (BEV) IoU with a strict threshold of 70% is used.

To prepare our dataset Mask R-CNN He et al. [2017], Wu et al. [2019] is used to retrieve objects in
image space and generate the masks of point clouds which each detection will be compared to. The
entire collection of points is augmented with rotation, translation, left-right flipping and scaling. The
points are then sorted into the relative voxel bins which are fed into the network. Each LiDAR mask
is compared to the regression and yaw classifier outputs of the corresponding output cells. During
inference only the LiDAR data is utilised and detection is performed by the predicted heatmap with
Non-maxima Supression (NMS) to prevent each nearby cell predicting the same car.

To evaluate our method we compare to all relevant weakly-supervised 3DOD methods that provide
results on the KITTI dataset (see Tab. 1). Compared to McCraith et al. [2022], our method performs
significantly better and it only requires the availability of LiDAR at test time, the benefit of this
being that our detector is forced to reason about the shape of cars in the input LiDAR, rather than
simply attempting to fit the part of the frustum with the greatest density. Zakharov et al. [2020b]
pre-train their network on synthetic data and have a slow optimisation step for each instance detected
by Mask R-CNN. Because of this they use their method to generate autolabels and feed these
into PointPillars Lang et al. [2019], a very similar architecture to CenterPoint Yin et al. [2021],
however they ignore more difficult image detections and still struggle with high IoU thresholds. For
reference and to evaluate the gap between full and weak supervision, we also include results using the
same underlying backbone Yin et al. [2021] as our method. We observe that compared to previous
weakly-supervised methods, the gap is significantly smaller. We also observe that when removing the
prediction of car size our method is remarkably close to a fully supervised network in the easy case,
with a drop off in the moderate and hard cases, likely owing to the often extremely low number of
LiDAR Points available for such car instances making it difficult for our inlier counting method to
determine a meaningful fit.

4.2 Ablations

Soft Inlier Count Loss. To evaluate how well our mesh describes the observed point cloud we use
must ensure the locations predicted result in an object at locations where LiDAR has collected data
and are determined to belong to a car using the image mask. Chamfer distance or its one-sided variant
are commonly used to compare point clouds, but using the standard L2 loss is problematic as presence
of outlier points will disproportionately change the location of the associated vehicle, resulting in
suboptimal performance (see Tab. 2 - first row). By using the newly introduced Soft Inlier Count
(SIC), we observe this quantitatively in Tab. 2 that the accuracy is better, and we found that although

APggy (IoU = 0.7)

Method Supervision Easy Moderate Hard

McCraith et al. [2022]* 2D detections 66.7 64.7 57.9
Zakharov et al. [2020a] 2D detections + synth 3D 81.00  59.80 -

ours’ 2D detections 86.39 74.79 67.31

CenterPoint’ Yin et al. [2021] 3D ground truth 88.08 83.41 80.72

CenterPoint Yin et al. [2021] 3D ground truth 90.84 84.45 82.30

Table 1: Weakly-supervised 3D Object Detection accuracy on KITTI validation set. Fully-supervised
CenterPoint Yin et al. [2021] included for reference, methods using average 3D bounding-box instead
of predicting actual size denoted with §. 2D detection networks are trained on Cityscapes Cordts et al.
[2016] (McCeraith et al. [2022]) or COCO Lin et al. [2014] (Zakharov et al. [2020b])
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the SIC loss is not extremly sensitive to specific parameter settings, the best parameter values were
determined to be « = 5 and 5 = 0. We also observe that for high « values the loss becomes too strict
for our use case, as it becomes impossible to precisely match our rigid one-size-fits-all car model to
actual LiDAR detections.

Loss Function APggy (IoU =0.7) Window  APggy (IoU =0.7)
Easy Medium Hard Size  Easy Medium Hard
lp—pII? 69.14 61.64 52.11 0 80.17 69.58 63.73
SICy o(llp —P'I?) 7923 67.26 59.69 1 8488 7453 67.16
SIC5,0§||pp’|2; 80.17 69.58 63.73 2 8639 7479 67.31
SICs 2.5(|lp — p'|?) 79.91 69.88 63.19 3 82.05 7226 66.58

SIC10,5(|lp — P/||?) 72.94 64.08 56.26

Table 3: Ablation of the multi-cell voting

Table 2: Ablation of the Soft Inlier Count scheme. Only a single heatmap cell (win-

(SIC) loss with different parameter values and dow size = 0) as in CenterPomt. Yin et al.

its comparison to the standard L2 loss on the [2021] performs worst and too big window

KITTI validation set. sizes create ambiguities, eg. when cars are
parked closely.

Multi-cell Voting. Normally in anchor/location based predictions such as PointPillars Lang et al.
[2019] and CenterPoint Yin et al. [2021] the object center is known and can be used to assign a
heatmap location and choose which the corresponding cell in the predictions to penalise in order to
calculate the loss. In our case however the center is unknown, which means some approximation must
be used. Regardless of how this center is chosen as it can only be based on the partial captures of the
LiDAR is will inherently be biased in some way, depending on how much of the car is visible/detected
by the mask. Quantitatively we observe in Tab. 3 that using only a single cell indeed has sub-optimal
accuracy, whilst on the other end using too large window of cells becomes too large and causes
ambiguities when objects are placed close together, as now multiple cars can potentially be predicted
by the same cell. To summarize, in our method we opt to use window size of 2 (ie. 5 x 5] cells) as it
provides decent accuracy boost while being significantly faster to train than larger window sizes.

5 Conclusion

In this work, we utilised a readily available robust 2D Object Detector to transfer information
about objects from 2D to 3D, allowing us to train a 3D Object Detector without the need for any
human annotation in 3D. We demonstrated that our method significantly outperforms previous 3DOD
methods supervised by only 2D annotations, and that our method narrows the accuracy gap between
methods that use laborious and costly 3D supervision and those that do not.
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Chapter 8

Conclusion

8.1 Impact

8.1.1 Relative Velocity Estimation

In we introduced a simple method for real time relative velocity estima-
tion based on a sequence of images. This work not only showed that a simplified
representation of the input data (namely as a sequence of bounding boxes) not only
performs similarly to complete images but does this with much quicker runtime and
allows artificial datasets to be created substantially easier for this task. This allows
future solutions to this problem to train on a more diverse range of data, which allows

the network generalise to unseen velocities in different environments.

8.1.2 Monocular Depth Estimation with self-supervised in-
stance adaption

Self-supervised monocular depth estimation presents a powerful technique for the
estimation of pixelwise depth without the need for an additional supervising sensor
at dataset creation time. These methods like many other learned solutions these
networks tend to perform better on the training set than on unseen testing data.
To help alleviate these issues we explored how the parameters of the network could
be modified at test time to improve the outputs without overfitting to the current
example in [Chapter 4 This is achieved by only modifying specific layers of the
network which are most sensitive to the input image, while freezing later layers which
contain more abstract knowledge about the depth of objects with a certain scale in an
image. Further to this we showed that due to the gradual spatio-temporal changing

of driving scenery we can perform fewer steps of gradient descent at each frame as
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the parameter updates in one frame can be retained in subsequent frames, meaning

our test time adaption strategy can be deployed in near real time on a GPU.

8.1.3 Calibrating self-supervised monocular depth estima-
tion

Self-supervised monocular depth estimates are learned at an undetermined scale.
During regular evaluation it is common to perform scaling based on the median ratio
of LiDAR depth projected into the image compared to the predicted value. The
result of this is that self-supervised monocular depth estimates are difficult to use
in practice as getting meaningful values requires a LiDAR onboard, which limits the
utility of our camera based methods. In we propose the use of the camera
height which is part of the known sensor calibration to determine the scale of the
predicted depth. This is achieved by segmenting the pixels containing only road and
extracting a point cloud using the predicted depth image. On this point cloud we
fit a plane and derive the pseudo camera height for the networks depth scale. This
value can then we compared to the known camera height and the ratio used to scale
the monocular depth prediction. This approach results in accuracy similar to that of
scaling with LiDAR while not requiring additional sensors unlike [22]. This work was

released simultaneously to [36] which utilizes a very similar approach.

8.1.4 Lifting 2D Object Locations to 3D by Discounting Li-
DAR Outliers across Objects and Views

While monocular depth estimation has seen many previous works, very few papers
have attempted the obvious downstream task on 3DOD without full supervision.
In we utilise the popular Frustum PointNet[32] architecture and a pre-
trained Mask R-CNN to explore how 3D object detection can be performed without
any supervision on the target dataset. To achieve this we first reduce the LiDAR
point cloud by selecting only those points which project in to an instance predicted
by Mask R-CNN, allowing us to avoid confusion during training in the common case
where multiple cars are in the same 2D image bounding box. Next for each point
remaining we predict a per point distance which acts as a soft semantic segmentation.
We then take the networks predicted location and sample a range of orientations all of
which are evaluated by a single sided chamfer distance, with the minimal loss rotation
providing a yaw class as well as a gradient to fine tune the location prediction. This

strategy is further improved by comparing predictions for the same car across frames
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to ensure consistency, reducing problems caused ambiguous point clouds in a single
frame. This approach improved substantially the state of the art of weakly supervised
3DOD without requiring the addition of object difficulty, synthetic datasets, lengthy

optimisation or additional 3D information as in the previous best works[42] 33]

8.1.5 Direct LiDAR-based object detector training from au-
tomated 2D detections

Weakly supervised 3DOD methods depend on 2D object detections which can be
a point of strength owing to the wide range of diverse datasets available easily but
of weakness resulting due to naturally occurring adversarial sensor readings such
as reflections, false positive detections and commonly mislabeled objects from more
generic datasets. Indeed with methods such as have the somewhat unusual
approach of performing detection in one modality (images) and localisation in another
(LiDAR), which results in false positive detections made in image space resulting in
a detection in LIDAR where the sensor observations would easily rule out a detection
in the area. With this in mind we explore using the image detections only at training
time in [Chapter 7} The idea here being that if LIDAR provides the best information
for localising 3D Objects then it must also be beneficial to perform detections in this

modality with the noisy teacher from the image as a supervisory signal.

8.2 Future Work

8.2.1 Relative Velofity Estimation

The work described in[Chapter 3|describes a limited use case of vehicles on a motorway
where relative motion is constrained greatly by the road geometry generally being
consistent straight or gently curving roads. While our synthetic and the real dataset
contained vehicles of a wide variety of sizes the angular velocity of the examples is very
limited owing to the road structure. A natural extension of this could be attempting
to train a similar model on a more diverse set of environments where vehicles take

much sharper turns and road have much more complex structures.

8.2.2 Monocular Depth Estimation

In we showed that monocular depth estimates could be fine tuned at test
time for greater performance. As the longest sequences evaluated was performed

on the KITTI odometry dataset where the duration of the videos not exceeding 20
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minutes, which is relatively short for many trips taken in a car these methods need
exploration on much longer sequences to explore long scale limitations. A feder-
ated learning approach to fine tuning could also be explored, for example since the
KITTI and many other far more recent datasets were captured new methods of ur-
ban transport such as electronic scooters have become common in many cities, with
the likely interpretation of these being pedestrians who’s expected movements would
differ substantially to an electric scooter user. Adapting to images captured in a very
different environment woudl also be a compelling subsequent work, as the Cityscapes
trained model adapted to KITTT is ultimately limited by being two datasets captured
in the same country, therefore having many similar looking elements in the images.
[Chapter 5['s method causes a noticable increase in network latency because of a slow
surface fitting, following this work we trained a supervised model with the scaled
outputs of this work, however the results were less satisfactory, the only approach
which yielded somewhat promising results was a self-supervised monodepth trained
on stereo pairs which when used as a supervision signal gives results close to an image
of interpolated LiDAR (perhaps owing the the semantically aware object boundaries
rather than standard interpolation helping make the empty pixels from LiDAR pro-
jected into the image more accurate). [36] provides another future direction where a
similar scaling technique is used while calculating the loss during training, meaning

the network learned scale aware depth representations directly in it’s outputs.

8.2.3 Weakly Supervised 3D Object Detection
The work in and provides a strong baseline for future work in

this area. Natural uses of this as is could be to give a good initial estimate of the
3D object’s location and having an annotator fine tune. This could even help in the
strategies of [30, 5] which rely on a large amount of coarsely annotated 3D Objects and
fine tunes at the end of training on a more accurately labeled much smaller dataset.
The work described in could also be expanded to utilise multiple frames
which might help improve performance on LiDAR datasets with lower density point
clouds. Both works also are limited to only cars, with many other objects, some more
challenging such as pedestrians also being of great interest in autonomous driving.
Integrating more complex tracking or integrating multi frame multi object training

into the training would also likely prove beneficial for object detection.
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8.3 Conclusion

Over the course of this thesis I have explored three fundamental tasks for autonomous
driving and developed methods to tackle these problems without the need for labo-
rious human annotation. Relative velocity estimation is a fundamental requirement
of any future planning, with the work presented in this thesis network trained for
this task can be more robust to extremely rare cases while retaining highly accurate
results in much more typical cases. My work on monocular depth estimation greatly
reduces the error in real world usage, pushing the accuracy very close to that see on
the training data in reasonable time. I also presented a method for getting metric
depth values from relative predictions, while requiring no additional sensors for train-
ing or application, making the predicted values of self-supervised monocular depth
estimation more useful for downstream applications. And finally my work on weakly
supervised 3D Object Detection enables the conversion of easily available robust 2D
detections to 3D bounding boxes, which enables much larger amounts of data to be
trained on, removing the limits on dataset scale put in place by the large annotation
cost. This is further extended to remove the need for a camera in application and be

significantly more accurate at a much stricter threshold.
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